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Representation
Visual encoding of value
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https://www.nytimes.com/interactive/2021/world/covid-cases.html
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PERCEPTION
INTERPRETATION

J
The scope of thisbook  (Spence, 2007)

Interaction with data governed by high-order cognitive processes:

- Representation (how to code visually the data) &=
- Presentation (what/when/where to show on the screen)

- Interaction (how to let users explore the data)



Remember:

 The Human Visual system is the product of millions of years of
evolution

« Although very flexible, itis tuned to
data represented in specific ways y |
.

 |f we understand how its mechanisms
work we will be able to produce better results



Pre-attentive attributes can help
observers to see before though

Example: Count the number of 7s

https://www.youtube.com/watch?time
continue=121&v=AiD6etOB6ql



https://www.youtube.com/watch?time_continue=121&v=AiD6etOB6qI

« Visual attributes as size, proximity are quickly processed by visual
perception, before the cognitive processes come into play

Example: mapping numerical values
to the length of bars:

320

260

380

280

420

400

(Mazza, 2009)



Some more examples
on how humans see...

And their limitations...

Example of change blindness
(Spence, 2007)




Example of change blindness
(Spence, 2007)

What is missing now?




Inattentional blindness
The Monkey Business lllusion

Change blindness
Derren Brown - Person Swap



https://www.youtube.com/watch?v=IGQmdoK_ZfY
https://www.youtube.com/watch?v=vBPG_OBgTWg

Designing a Visualization

» The process must be preceded by good design

» The main problem in designing a visual representation is the choice of mapping,
as to:
- help the user to attain their goals

- faithfully reproducing the information codified in the data

« The visual representation suitable depends on:

- the nature of the data and phenomenon
- the users’ tasks and needs (the questions)
- the user profile and context of use



Procedure to follow to create visual representations of abstract data

Taking into consideration the users’ tasks, profile and context of use:

1.

Define the problem and the users’ questions, profile and context of use
Examine the nature of the phenomenon and data
Pre-process the data
Determine the number of attributes
Choose the visual structures (how to represent the data)
Establish how and when to present to the user
and the type of interaction

test several ideas and redesign when needed...



Important aspects to consider to select a Visualization technique:

s continuous

Nature of phenomenon
~_ discrete

- Quantitative

Measure scale of data to represent
~~

univariate
number of variables/ bivariate

attributes \ trivariate
multivariate

tables <:

" networks
dataset types  spatial or geographical
\ fields
geometry

ordinal
categorical

Next: visualization techniques
organized according the n. of
variables/attributes (1, 2, 3, n)

of tabular data

14




Common Visualization Techniques
for univariate, bivariate and trivariate data

Univariate data dot plot N 0
box pIOt Ly n 0 ®  Cherries
bar chart ) . *  Apples
histogram = " Kiwis
pie chart 1 I I " Grapes
. S 0 % Oranges
) X 10
Bivariate data  scatterplot y T° N A/ S e
lineplot | ... ° /
time series - )
] 2
| | | | | | | | o ]
i 3 5 7 5 11 13 15 17 19 21 23 1I°f

Trivariate data surface plot
contour plot
3D representation
bubble plot




Representing univariate data

A common situation consists in representing a set of values

Well established technigues exist

But new ones can be invented!

Example:

Price for a number of cars:

- dots on a linear scale

- box plot
(that will answer many questions:
median value, outliers,...)

(Spence, 2007)

Dot plot
—

Price
{E

10 —

Tukey boxplot

Price

(EK)

60 —

50 —

30 —

20

10 —

The Boxplot and its pitfalls



https://www.data-to-viz.com/caveat/boxplot.html

A common way to representing univariate data
Bars Bars

» precise detail is often not needed . I
s

« A bar chart is a common way to represent - —
one attribute,

(Wilke, 2019)

* but we may combine to represent more
attributes

N
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Simple (and common) representations
of one attribute data

« Two common techniques not to be confused !

Histogram ‘ represents a distribution of numerical data
Bar chart ‘ represents number of occurrences of categorical/ordinal data

Both represent data by rectangular bars(vertical or horizontal) with length
proportional to the values they represent

: 7t # students = Students’ grades
50 . _
Tons *= | Fruit production oy
4'} 6
40
15 s
o % Cherries 4
25

Apples 3

20 1
15 * Kiwis
10 1 - ‘
| I Grapes
1
| ~ ™ Oranges

W

=
o
1 \. "".0
:

34 56 7-8 9-10 11-1213-14 15-16 17-18 19-2
grade (0-20)



Selecting an adequate bin width is important

 Which seems better?

A B C
a

b
30 300
200
) l
... 0N N
20 40 60 0 20 40 60

20

10 I
0
0 20 40
age (years)

g
3

count

75
& 50
g
25
il : Illl
0

age (years) age (years)

(Wilke, 2019)



Australia
ther

ada

Another simple (and too common) representation”

LK

 Pie Chart

Represents numerical proportion, parts of an whole

Native English
: . speaking population
The arc length of each slice (its central angle and

area), is proportional to the quantity it represents
Variations of pie charts:

Are much controversial:
many experts recommend avoiding them

Save the Pies for Dessert 2

It is difficult to compare different sections of a pie
chart, or to compare data across different pie charts



https://www.perceptualedge.com/articles/08-21-07.pdf

Exercise

 What are the issues with this pie chart?

Save the Pies for Dessert

®H Company B
" Company C
® Company D
B Company A
= Company E
= Company F

Companies Percentage
Company B 40%
Company C 25%
Company D 17%
Company A 10%
Company E 7%
Company F 1%
Total 100%

What if the user needs to assess and
compare the companies market share?

Company Percentages of Total Market Share

0% 5% 10%

15% 20% 25%

30% 35% 40%

Company B [ ——

Company C [

Company D I

Company A [N
Company £ [N

Company F I

21


https://www.perceptualedge.com/articles/08-21-07.pdf

« Simple criteria to determine whether a pie chart is acceptable

« Consider it only if:

« The parts make up a meaningful whole

« The parts are mutually exclusive

There are <6 parts and slices have not very different sizes

If the main purpose is to compare between the parts,
use a different chart!

Understanding Pie Charts - eagereyes.orq

22


https://eagereyes.org/blog/2010/pie-charts

Prize winning Pie chart!

Jd hE L AT e

2012 PRESIDENTIAL RUN

GOP CANDIDATES

BACK PALIN |

70%
<

BACK HUCKABEE BACK ROMNEY

rOX SOURCE:OPINIONS

a7 'Y Y

23



N. of bedrooms
S5
Representing bivariate data 5 e
2
. - . . 1 r r r r I I I 1
The scatterplot is a conventional representation 100 200 300 400

Price (k euros)

Each observation is represented by a point on a two dimensional space

The axes are associated with these two attributes

This representation affords awareness of:

_ WHAT'S FREAKING US OUT HERE IS THAT WE'VE
general trends FOUND A CORRELATION BETWEEN OWNINC CATS

AND BEINC STRUCK BY LICATNING

- local trade-offs

- outliers

& Correlation is not causation



Representing bivariate data

The line chart
One of the oldest known and ubiquitous Visualizations

N

i 13!

Inclination of orbits along the time - Xth century (Tufte,1983)

25



A line chart or line plot or line graph or curve chart displays a

guantitative variable as a series of data points called 'markers’

connected by straight line segments

Basic type of chart common in 0
many fields
£ 30
E
Often used to visualize a trend } 20

in data over intervals of time
14

Is it reasonable to connect the —)
a

data points by a solid line?

o

1.0

2.0

3.0 4.0

Tirne (3]

5.0

6.0

26



« If one attribute is more important than the other or must be examined first,

« it may be appropriate to employ logical or semantic zoom

60 -

Example: ol
'?2% ® Ford
A | . I f . wd e 40 — ® Nis san
nalyzing a list of cars: : = HA
= 35 f— .Jag
e is the f b . i 2 = 2%
- price is the first attribute to examine : 30 H »spat
_ |
- semantic zoom reveals data about od -
a second attribute (Spence, 2007)

« This technique is quite general: it can encompass many attributes and many
levels of progressive zoom



Some more visualization techniques:

 These are only some of the visualization techniques to represent value
Violin plot - Wikipedia

e There are a lot more ...

< = A ' \ > |
« Here are some that you may have seen already £« ln,‘ : ?

- violin plots

Heat map — Wikipedia

- lollipop charts

- Heat-maps

Lollipop plot | the R Graph Gallery LT TT [TTTO TTTITQTQ


https://en.wikipedia.org/wiki/Heat_map
https://r-graph-gallery.com/lollipop-plot.html
https://en.wikipedia.org/wiki/Violin_plot

Heat map

May represent quantitative or ordinal data also in tabular format through colour
and help detect patterns

roun | N I A N (N A
rown o | I N S [ [ s s
rown | N I AN N [ I S
rowr 0| N AN U I N A N I
rown | I A [ AN I N

Town F

Town G

Town J
Town K
Town L
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Value scale for determining cell colouring:
I

0 50 100

Alternative value scale broken into ranges:

Heatmap - Learn about this chart and tools to create it N



https://datavizcatalogue.com/methods/heatmap.html

Representing trivariate data

« Since we live in a 3D world, representing trivariate data as points in a
3D space and displaying a 2D view seems natural

- However, these representations
of abstract data can be ambiguous sE

« This can be mitigated by interaction, 5 .
allowing the user to reorient the P2 o

versicolor

representation . S

Price

“for 3D to be useful, you’ ve got to be Co
able to move it”  (gpence, 2007) 5 @ Peirooms




Interaction (brushing) can help — objects identified in one view are highlighted
in the other two planes

change blindness must be taken into account and ensure that the user
notices the highlight in the other two planes

(Spence, 2007) L ®
Price
. .
® .
@
. O O
.
-~ Tmme
. = . [0
Tame
Tame ®
- Q@
.
Tame Bedrooms
~
The highlighting of houses in one
9 plane is brushed into the remaining

Bedrooms planes.



* An alternative representation for trivariate (and hypervariate) data is a

structure formed from the three possible 2D views of the data

Example: houses (price, number of
bedrooms, time of journey to work )

o,

Price

C
o

B ‘ Bedrooms

A
®

Bedrooms

Time

(Spence, 2007) A

Price

Scatterplot matrix

& &
® .
& &
® L
Tme
&
Tanme
® &
¢
Bedrooms




Other Simple (and common) representation of 3D data

* |In a bubble chart data are represented as a disk that expresses two
of the values through the disk's xy location and the third (less
accurately) through the size of the disk (radius or area?)

$5k

£

« Mapping the atribute/variable to disk size
must be done carefully. The interpretation

of may be ambiguous 2
| I I |

« Representing one more dimension : , Ay
through color ?e@:_ s

AD SPENDING
4
=

2
axd

«
-
=




Important aspects to consider to select a Visualization technique:

_~ continuous
Nature of phenomenon
~_ discrete

- Quantitative
Measure scale of data to represent ordinal
categorical

univariate
number of variables/ bivariate
attributes N\ trivariate
multivariate

tables
" networks
dataset types  spatial or geographical

\ fields {mmmmm  Next: field data
geometry



Simple representations of a function
(field) of two variables

Contour plots

contour line (also isoline, isopleth,

or equipotential curve) of a function of two
variables is a curve along which the
function has a constant value, so that the
curve joins points of equal value.

Often used in SciVis

Typical in meteorological charts (isobars
and isothermal curves)

and maps (to represent altitude or depth)

high, or "anticyclone” \

1004
( 992 \ /
low, or "depresgion”




« Surface plots (also often used in SciVis)
« May be combined with color

(preferably in a redundant way and carefully
selecting the scale)

0.1+
0.0 e

0.1 |

-0.2 4




Representing a 3D scalar function

volumetric data

 Volumetric data

b’ . W
o~ ‘
~ . Q—-,l
B: gl.q_\scnlt?g \ g ™%

, P L, T0Sm 9

3D Slicer image computing platform | 3D Slicer

39


https://www.slicer.org/

.

Representing S Compostela
vectors NN s Leon
In a 2D field N S

IPMA - Corrente a superficie

Fluid flow and vector fields
(video) | Khan Academy 40



https://www.ipma.pt/pt/maritima/currents/
https://www.khanacademy.org/math/multivariable-calculus/thinking-about-multivariable-function/visualizing-vector-valued-functions/v/fluid-flow-and-vector-fields

Important aspects to consider to select a Visualization technique:

_~ continuous
Nature of phenomenon
~_ discrete

- Quantitative
Measure scale of data to represent ordinal

categorical
_ ur.1lva.r|ate Next: visualization techniques
attributes N\ trivariate variables/attributes (1, 2, 3, n)
multivariate
tables
" networks
dataset types  spatial or geographical <:
\ fields

geometry "



A special category of trivariate data.:
Maps (latitude and longitude + a value)

1915 — Orographic Chart of the World

etc.usf.edu/maps/pages/100/167/167.htm

42


https://etc.usf.edu/maps/pages/100/167/167.htm

Semantic zoom in Google Maps

FEUTO, EFE - AVENO




Choropleth maps - A standard approach to communicating aggregated
data by geographical areas using color encoding of the geographic area

They require some care: what are the possible issues?

7. October/30/2021

Chcugh

Covid-19 World Map: Cases, Deaths and Global Trends - The New York Times
44



https://www.nytimes.com/interactive/2021/world/covid-cases.html

They require some care: what are the possible issues?

Portuguese elections in 1976

, Acores Madeira

= | e
S

Q

Unidade: Percentagem
Fonte: Comissdo Nacicnal de Elei¢bes

e
EmE &

PS PSD (DS (DU BE Outros 1' 153

PSD + Coligacoes

45



How can these issues be mitigated?

Visualizations of the US 2020 Election
(choropleth + bar)

Joe Biden Donald Trump

@ 290 E?Dt:a win 214 s

[ MA |
[ RI|
B
[ DC|
Wl Won Leads
Candidates Electoral votes Vote % Vote count
0 Joe Biden 290 S506% 75193127
/#)  Democratic Party
g Daonald Trump 214 AT 7% 70,804 457
Republican Party



« Graduated Symbol Maps are an alternative to the choropleth map;

« Symbols are placed over an underlying map; may show more dimensions

« Avoid confounding geographic area with data values

i Hamrnal
Overwaight
@ Obesa

Obesity in the US (2008)
(Heer et al., 2010) 48



Cartograms distort the shape of geographic regions so that the area directly
encodes a data variable.

There are several types

Dorling cartograms represent each geographic region with a sized circle
placed so as to resemble the true geographic configuration

In this example:

- area encodes the total number
of obese people per state °

- color encodes percentage of
obese population

W 52 - 35%
W ee - 5%

Obesity in the US (2008) W os - 25

W23 - 26%

(Heer et al., 2010) 20 - 20%

17 - 20%
Wid-17%



Cartograms:
Using distortion to
represent a variable

Population Increase 1973 to-2022 werLo

‘e amappm: a1y

M norih America

M central America

M caribbean

M south America

M northern Europe

M central Europe

M casien Europe
Southern Europe

M southem Africa
Northern Africa
Western Africa
Central Africa
Eastern Africa

M russia

M central Asia
Western Asia
Southern Asia
Eastern Asia

M Australasia
Southeastern Asia

WERLD

Pacific Oceania === State visits made by Queen Elizabeth Il ==
50

Worldmapper | the world as you've never seen it before/



https://worldmapper.org/

Representing Hypervariate (multivariate) data

Many real problems are of high dimensionality
(even after reducing dimensionality...)

« The challenge of representing hypervariate data is substantial and continues
to stimulate invention

« Some of the mentioned representation techniques can be scaled to represent
hypervariate data (to a limited extent),

 Reducing complexity can be mitigated through different ways (e.g. data
preparation, interaction, ...)



Reducing complexity in Visualization
« Consider dimensionality reduction of the dataset
« Several methods can be used to reduce dimensionality (e.g.):

- Principal Components Analysis
- t-SNE (t-distributed stochastic neighbor embedding, etc.

« But there are other alternatives along the visualization pipeline (eg. filter)

Other Bibliography and interesting links

Available on Moodle

@ Reducing Complexity in Visualization



Techniques for Hypervariate (multivariate) data Visualization

« Coordinate plots

« Scatterplot Matrix

« Maps " _
~~
ST e a3
Q‘ L ¥ 7~ .‘:‘.:Q-q
o+ *eo * &
n
- “y

53



Parallel coordinates plots are one of the most popular techniques for
hypervariate data

|Make J Price (£) § MPG JRating JAge (yrs) | ===
3
They have a very simple basis y
CAR DISPL HP WEIGHT 0-to-60 TEAR ORIGIN
455,00 230,00 5140.00 24.80 1980.72 Japanese
=
/ /_ ‘.__ \
/ Nk

= =L 4

68.00 0.00 1613.00 8.00 197911 American

#rrolet chevelle ma 0.00 3.00

(Spence, 2007) 54



Number
of
bedrooms

Consider a simple case of bivariate data:

1- A scatterplot represents the price and number of
bedrooms associated with two houses

2- the axes are detached and made parallel; each
house is represented by a point on each axis

3- To avoid ambiguity the pair of points representing a
house are joined and labeled

Price Number
of
bedrooms

Price Number
of
bedrooms



» For objects characterized by many attributes the parallel coordinate plots
offer many advantages

A example for six objects, each characterized by seven attributes:

N
B
{BCDEFG

The trade-off between A and B, and the correlation between B and C, are
immediately apparent. The trade-off between B and E, and the correlation
between C and G, are not.

correlation between B and C



CAR MPG CyL DISPL HP WEIGHT 0-to-60 YEAR ORICIN
"chevy s-10" 46.60 3.00 455.00 230.00 5140.00 24.80 1980.72 Japanese

rolet chevelle ma 0.00 3.00 68.00 0.00 1613.00 8.00 1979.11 American

A parallel coordinate plot representation of a collection of cars, in which a
range of the attribute Year has been selected to cause all those cars
manufactured during that period to be highlighted.

57



aaaaaaaaa

Properties of parallel coordinate plots:

1613.00

« Suitable to identify relations between attributes

« Objects are not easily discriminable; each object is represented by a polyline
which intersects many others

« They offer attribute visibility (the characteristics of the separate attributes are
particularly visible)

« The complexity of parallel coordinate plots (number of axes) is directly
proportional to the number of attributes

« All attributes receive uniform treatment

58



- Star plots (aka radar or spider plots) have many features in common
with parallel coordinate plots

Mathematics

Sport Physics
« An attribute value is represented by a point
on a coordinate axis Chemistry Literature
History
- - - - Art
« Attribute axes radiate from a common origin i Geography
objec

(Spence, 2007)
« For a given object, points are joined by straight lines

« Other useful information such as average values or thresholds can be
encoded

59



Properties of star plots:

» Their shape can provide a reasonably

rapid appreciation of the attributes of

the objects https://syncedreview.com/2019/08/16/deepmind-
bsuite-evaluates-reinforcement-learning-agents/

« They offer object visibility and are suitable to compare objects

(by visibility it is meant the
ability to gain insight pre-attentively;
without a great cognitive effort)

Messi vs. Joe Average

Bob’s performance Tony’s performance

(Spence, 2007) 60



https://syncedreview.com/2019/08/16/deepmind-bsuite-evaluates-reinforcement-learning-agents/

Example:
Use visualization techniques to help answer the following questions:

Is there a relation between wanted salary and experience?
How many candidates ask for a salary in [30000, 50000] and in [55000, 75000]?
How many candidates have an advanced level of English?

Prof.

Se Ll Age Experience English V;/Zr;fyd

(MSc/PhD)  (years) (years) (Bas/Adv) ($$/year)
MSc 22 0 Advanced 36000
MSc 23 0 Basic 36000
MSc 24 1 Advanced 36000
PhD 30 7 Advanced 72000
MSc 25 1 Basic 40000
PhD 29 5 Advanced 60000
MSc 31 7 Advanced 55000
MSc 23 0 Advanced 36000
MSc 26 2 Intermediate 40000
PhD 32 9 Intermediate 65000
BSc 30 7 Intermediate 30000
PhD 40 17 Advanced 80000
MSc 28 4 Advanced 40000

the complete table has many more candidates and attributes, but you may test with these



Example:

Parallel coordinates using Examples | Flourish

It is necessary to code the ordinal variables:
PhD-4 MSc-2 BSc-1

Advanced-4 Intermed-2 Basic-1

Select the variables units to get similar values in all axes:

Candidates to a position

Education,.,

Age
(10T}

Experience,.,

Salary
(K€)

English

French

A

Candidate
ID

nl

nz2

n3

n4

n5

né

n7

n8

n9

nlo

Y-1 N-O
m: |mc @° @: @F |@s
E\i{u;ation Age (10Yr) :E:rp;erienct (Sl(allsirr);s) English French
2 2.2 o 2.5 1 0
1 2.3 0 15 1 0
2 2.4 1 25 4 1
4 38 5 6 2 1
2 25 1 25 1 0
4 3.5 5 5 4 1
2 31 5 3 4 0
1 2.3 o] 15 4 0
2 26 2 3 1 1
2 2.8 4 3 4 0


https://flourish.studio/examples/

It is possible to have “details on demand” by user interaction

Candidates to a position

CandidatelD n4

Education level 4
Age (10Yr) 3.8 /
Experience(Yr) o

Salary (K€) B

n21 « English 2 o1
French 1 % 0
Education... Age Experience... Salary English French

(10¥r) (KE£)

CandidateID  n2
Education level 1
CAge(iov) 23
Experience(Yr) 0
| Salary(Ke) 15
| English 14
) French 0

n21 ¢

Education level Age (10Yr) Experience (Yr) Salary (K€) English



« The scatterplot matrix (SPLOM) is applicable to higher dimensions

 However, as the number of attributes increase, the number of different pairs
of attributes increases rapidly:

— 2 attributes -> 1 scatterplot

— 3 attributes -> 3 scatterplots

— 4 attributes -> 6 scatterplots

We may try to reduce the number

of dimensions keeping the more
relevant

Scatterplot matrix for 6 attributes of a car dataset
64



« Another example of Scatterplot % % % %
e

matrix for a car dataset G|
- -
horsepower HAaE
M
5000 s
- -lf.:-'
4000 3 s
2000 "': ",' ¢ " weight
2000 "
20 3. ‘; L. @
.- acceleration II’;it s
e 07
10 ° ;!!"-10
wa® L ok
A0 * -y o e - -
R —— o — .
a0 R " L B
s | o 2diaina o displacement
200 - —— e
. ‘1'.7“ -3, 0. :_ ] .
ol | A
v B B o b
oUnked il & European Unkn & Japan (Heer, et al., 2010)

65



Delay (Minutes)

25

* A single scatterplot can be
used together with other
encoding techniques to
represent data of higher
dimension

Average departure delay & standard deviation (size) by carrier
T T T T

AR

51,2k

3k

5300

C
I

few

mar

15F

104

1985

A
1960 1695 2000 2005
Year

2010

Amercan Airines Inc
Alaska Airlines Inc
Confinenial Air Lines Inc
Dedtas Air Lines Inc.
Northwest Airlines Inc
Unitad Alr Lines Inc.

US Alrways Inc.

Southwest Alrines Co
Alcha Airines Inc.

American Eagle Airfines Inc,
JotBlue Airways

Allantic Southeast Airines
AlrTran Arways Corporation
Hawalian Alines Inc.
Skywest Arlines Inc
Expressjet Alrines Inc.
Comair Inc.

Frontier Airfines Inc

Mesa Aslines Inc

Pimnacike Airlines Inc,

abr
mai
jun

https://www.mathworks.com/matla

bcentral/fileexchange/48005-

bubbleplot-multidimensional-

scatter-plots

66


https://www.mathworks.com/matlabcentral/fileexchange/48005-bubbleplot-multidimensional-scatter-plots

A scatterplot representing 5 variables

Hans Rosling's 200 Countries, 200 Years, 4 Minutes: 120 000 values

Income (x), Age expectancy (y) , Time (t), Continent (color), Population (size of circle)

https://www.youtube.com/watch?v=bkSRLYS0]|0

67


https://www.youtube.com/watch?v=jbkSRLYSojo

Icons (aka glyphs) represent a number of attributes qualitatively or quantitatively

Eye spacing

Eyebrow slope Head eccentricity

Eye eccentricity
Eye size
Pupil size
Nose size
Nose width

Mouth curvature

Mouth openness
Mouth width

. \ &

-~ Astranger

(Tufte, 2001) x

Chernoff Faces allow attribute values to be encoded in the features of

cartoon faces

They were originally used to study geological samples, each characterized

by 18 attributes

Chernoff face - Wikipedia

68


https://en.wikipedia.org/wiki/Chernoff_face

« Two examples of metaphorical icons:

- with direct relation between icon and object (house icon) A

- no direct relation between facial features and attributes they represent
(Chernoff faces)

‘

« Examples in SciVis

Glyph (data
visualization) -
Wikipedia



https://en.wikipedia.org/wiki/Glyph_(data_visualization)

Multidimensional icons representing eight attributes of a dwelling

E

HE =~ L1010

AN \ ®

LY

house flat houseboat
£400,000 £300,000 £200,000

garage no garage no garage

central heating central heating no central heating

four bedrooms two bedrooms three bedrooms
good repair poor repair good repair
large garden small garden_ no garden
Victoria 15 mins Victoria 20 mins Victoria 15 mins

Textual descriptions of the dwellings represented by the multidimensional icons
(Spence, 2007)

70



Glyph chart example:

Based on a shape being the main artifact of representation

Lisbon

The physical properties of the shape represent different categorical variables
sized according to the associated quantitative value and distinguished through color

!

France
Ge

Brazil
ile
Colombia
Czech Republic
Estonias
Greece % ‘
H

OECD Better Life Index | OECD

(Kirk, 2012)
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https://www.oecd.org/en/data/tools/oecd-better-life-index.html

Useful arrangement of several charts

2000 State Jevel Suppont (OHRNDe) Of GHPOSINON (Green) on SCHool vouchsrs, relalive 10 he nebons! average of 45% suppon

Small multiples:

arrangement approach
that facilitates efficient
and effective
comparisons

(Kirk, 2012)
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Dashboards

Visual display summarizing a dataset providing information at-a-glance (e.g. KPIs)

“A dashboard is a visual display of the most important information needed to
achieve one or more objectives; consolidated and arranged on a single screen
so the information can be monitored at a glance” (Few, 2004)

https://www.nngroup.com/articles/dashboards-preattentive/

What Do We Talk About When We Talk About Dashboards? | IEEE (2019)
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https://www.nngroup.com/articles/dashboards-preattentive/
https://ieeexplore.ieee.org/document/8443395

Indice Risco ? Stuagdo de Prescrgdo ? Estudantes por Situsglo 9

o ‘ Llan bs Vaic
2%

Estudantes por Indicador em Risco ? &
4% la e i)
"o ” "
3398 0
s X0 Nie tamx Emco Sasome ‘1092
. Srereez B B
I m
| -
o e - Total de 13108 Estudantes ?
¥ - Habiditacao Indhce
Resco
Estudantes por Indice Risco ? Aluno 1 Curso 111 Mestrado - 1 Nio Actvo
2° Cilo
Aunc 10  CursoT!  Ucencatura 1 Néo Néo Activo
s $000 o - 1°Ciclo Prescnto
Auno 100  Curso 30 Mestrado 2 Nio Néo Activo
* 1430 Integrado Prescrito
. Bl 2 u Aluno 1000 Curso 107 Mestrado - 0 Nio Actvo
0 1 3 3 4 5 2*Clo
nSe R B v OB Dlailonda * ME. Sitkhn

As seen by people with green-blind deuteranopia; does it work?
https://www.color-blindness.com/coblis-color-blindness-simulator/



https://www.color-blindness.com/coblis-color-blindness-simulator/

Dashboards

Visual display summarizing the Portuguese transplant situation
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https://www.sns.gov.pt/monitorizacao-do-sns/doacao-e-transplantacao-de-orgaos-2/

Some more examples
on how humans see...

Population of major cities in England,
Wales and Scotland. Circle area is
proportional to population. (Spence, 2007)




Pre-attentive processing: Things that “pop out”

“We can do certain things to symbols to make it much more likely that they will
be visually identified even after a very brief exposure” (ware, 2004)

\ O L LN I
| ] [] ]
| | = | ] e ® o N
1 | R Smemoe
® g000
Where is the blue square?
o ® © o O q
‘ (Spence, 2007)
® = ©) O. o
o O®o0 © ® © But we should be careful...




Color is a strong visual cue

 How many cherries?

(Ware, 2004)
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Color is a strong visual cue: it may help users perform their tasks

If correctly used

How many cherries?

Color may support users in many tasks!
Or not ...

Using color is complex as color perception is complex...
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Color scales

Fundamental use cases for color in visualization:

« distinguish groups of data (qualitative color scales)
* represent data values (sequential color scales)

« Highlight (accent color scales)

The types of colors and the way in which they should be used are quite different

(some examples next) Fundamentals of Data Visualization
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https://clauswilke.com/dataviz/

Qualitative color scales
Okabe Ito

ColorBrewer Dark2

ggplot2 hue

Nebraska

Colors are chosen to be clearly distinct New Hammima

. Kansas
and not stand out relative to others _ wisconsin
District of Columbia

Connecticut

North Dakota

New Jersey

Mississippi

Maine

lowa

Pennsylvania

Illinois

Massachusetts

Vermont

Fundamentals of Data Visualization e New York
Ohio
Rhotte Isand
Michigan Il
0% 10% 20% 30%
population growth, 2000 to 2010

region

I West

I South

B Midwest
Northeast



https://clauswilke.com/dataviz/

Sequential color scales

ColorBrewer Blues

Heat

CARTO Earth

Blue-Red -
- - - - e-

’

Colors should indicate which values are larger or smaller, and how distant
two specific values are from each other, may be monochrome, diverging ...

Fundamentals of Data Visualization
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https://clauswilke.com/dataviz/

Accent color scales

Okabe Ito Accent

Grays with accents

ColorBrewer Accent

These scales contain a set of subdued

colors and a matching set of stronger, 20 * . ©
darker, more saturated colors al o
sport
§15 "E m % A ® track
§ & ° <D> ::fealgerpolo
_ ) . < "V |e N A basketball
https://clauswilke.com/dataviz/ 1o . % v swimming
va A
A A
LIy *‘.*WQ‘A va
> 170 180 190 200 210

height (cm)


https://clauswilke.com/dataviz/

i E Color may not help or even make it more difficult!

A B

A- no preattentive association that B- a single hue and a sequential color
allows efficiently determine the scheme representing values in an
values (Kirk, 2012) immediately understandable way
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The misuse of colour in science communication

The superiority of scientifically derived colour maps.

Original

jet

The misuse of colour in science communication |
Nature Communications

batlow
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https://www.nature.com/articles/s41467-020-19160-7

Remember:

« Not everyone sees color:

 The most common form of color
blindness is deuteranopia (“daltonism”)

Normal vision

e Th lor blind imulat :
ere are Color plindness simulators.
. ¥ !
]
[ry this one: : A\
Drag and drop or paste your file in the area below or: | Zscolher ficheiro | Nenhum ficheiro selecionade |
X fic view: i Y D iC View: Monochromatic view:
® Normal ) Red-Weak/Protanomaly ) Red-8lind/Protanopia ) Maonochromacy/Achromatopsia
7 Green-Weak/Deuteranomaly © Green-BlindDeuteranopia  © Blue Cone Monochromacy
) Blue-Weak/Tritanomaly © Blue-Blind/Tritancpia
Use lens to compare with normal view: * NolLens * Nommal Lens ' Inverse Lens !
Reset View | L
. "
:

I~

Deuteranopia

T

Zoom, move and lens functionality only with your own images available. Trltan O p I a

Colblindor



http://www.color-blindness.com/coblis-color-blindness-simulator/
https://www.colourblindawareness.org/
https://www.color-blindness.com/coblis-color-blindness-simulator/

Some rules to use color in visualization

 Make itright is Black and White

* Lessis more, or less is better

* Avoid using fully saturated colors in large numbers and in large areas
« Use fully saturated colors only when you want to highlight

« Use blue in larger areas and not in small areas

« Mind colorblindness and use simulators to test your designs

« When adopting color to distinguish, use colors that are easily distinct
from each other



Color models

Are used to measure and produce color

The basic H/W oriented models are RGB (additive) and CMY (subtractive)

RGB: emitting/screens/projectors  CMYK: reflecting/printers

Are not related to human perception, but to the physical process

Should not be used directly to produce color scales
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https://en.wikipedia.org/wiki/RGB_color_model
https://en.wikipedia.org/wiki/CMYK_color_model

There are color models (HSV and HSL) based
on perceptual variables:

hue (violet, blue, green, yellow, red ...)
saturation (amount of white)
value/brightness

HSV HLS

Are more adequate for users to specify color

Other models (perceptually corrected) are better to specify quantitative color 9o
cealec fea | * a* bh* colaor model)


https://en.wikipedia.org/wiki/HSL_and_HSV
https://en.wikipedia.org/wiki/CIELAB_color_space
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