encode

A
>

https://friendly.github.io/6135
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* Perception & Cognition [ i —
* Encoding, decoding o 2 3' "].
= Top-down vs. bottom-up processing ; '

* Perceptual aspects
= |llusions s : '
= Gestalt factors ——> 5

= Accuracy of decoding

* Cognitive aspects

= Memory o A : €%§== =
$ ===
= Color ~ —



Graphical Perception

" Length
= Position along axis

= Angle
" Area

" Color, shape, line style

°* What determines the ability of graph viewers to:

® In constructing a graph, quantitative and categorical
information is encoded by visua

V\/

attributes:
| e [
] H'H. '[

O

O

= Make comparisons (which is larger?)

= Estimate a magnitude?

= See patterns, trends, unusual features?



Encoding & decoding

°* When we construct a graph, we encode a numerical or
categorical variable as a graphical attribute

°* When we view a graph, the goal is to decode the graphical
attributes and extract information about the data that was
encoded

= =
] encode ]
= ” =
I I
| | | |

®= — Encoding should rely on features that can easily be
decoded

= — Designing effective graphs depends on understanding
these ideas!



Visual & cognitive systems

* Asimplified model: Three stages  Howto presere i

interference

How is info lost?

Memory Loss (i.e., Forgetting}

* Sensory (iconic) memory
" pre-attentive, automatic, feature detection
®= massively parallel, short duration, easily fooled (“thinking fast”)
°*  Working memory
= requires attention, limited capacity (~ 4-6 “chunks”)
®" memory aids: rehearsal; imagery
* Long-term memory
= real-world knowledge, ~ unlimited capacity, inference (“thinking slow”)



Perception vs. cognition

Another coarse distinction:
* Perception: Processing of the signals coming in: what you “see”
* Cognition: How you understand and interpret what you see

pre attentive eye-movements
i

e e A nice suer.\tlflc or
ﬁwmtcminn Y textbook diagram
. : resources \
Short-term Q‘_\M
g dee ' But where is cognition?

store

n . L T Responses
Stimuli i P ) Diecision and Response 1
- - p| Perception BSRONSe spon: —
: Pt I.m' execution
| —— selection
* Working limited capacity
Memory 3-7 items

unlimited capacity Long-term
existing knowledge memory

short term (< 30 sec)

Memory

S Y
Feedback

Based on slide from G. Grinstein



Perception: Bottom-up & Top-down

* Bottom-up processing Epistemology

"= Low level: features — pattern — object

Empiricism

= Detect edges, contours, color, motion Aristotle

* Top-down processing S
= Driven by goals, expectations Plato

= Uses prior knowledge, experience, filters what we “see”

Patterns are built out ObjECtS mast relevant to the

Features are processed of features depending on  task at hand are held in Visual

in parallel from every part of the  attentional demands. Working Memory. Only between

visual field. Millions of features Attentional tuning one and three are held at any

are processed simultaneously. reinforces those most instant. Objects have both
relevant. non-visual and visual attributes,

Bottom-up information drives pattern building

4 Top-down attentional processes reinforce relevant information



Perception: Bottom-up

How many 5s in this display?

How many 5s in this display? 5

Numerals differ only in shape, and are high-level symbols
You have to literally scan them all & count the 5s.

The distinction of color is immediate & pre-attentive

You only have to scan for 5s & count them.

This is why color is an important visual attribute for a categorical variable in graphs
8



Perception: Top-down

What is in this scene? What is the middle character?

ABC

IZ |3 |4 An ambiguous figure!

All of these are demonstrations of the

role of expectations (top-down) in
E I—\ I determining what we “see”
Gregory ('70): perception as constructive,

depends on prior knowledge

What is the middle letter in each word?



Cognition: Graph reading

Pinker (1990): cognitive model that integrates top-down and bottom-up encoding
mechanisms in understanding of data graphs
 What do we do, given a graph and a question?

top-down encoding

Conceptual Question

mechanisums interrogation What is the average
of A and B?
. Voo : v
Visual Description Instantiated graph schema Inferential processes
Visual Array
3 =
2 =

-k - =

bottom-up enconding
mechanisums

MATCH message assembly

Conceptual Message

Pinker, S. (1990). A theory of graph comprehension. In Artificial intelligence and the future of testing.
Image from: Padilla etal. (2018) https://bit.ly/4atEwEo

10


https://cognitiveresearchjournal.springeropen.com/articles/10.1186/s41235-018-0120-9#ref-CR80
https://bit.ly/4atEwEo

SN

lllusions:

The Eye-Brain
Barrier

Perceptual illusions
give some guidance on
what in data

graphics



lllusions: Length

Surrounding context matters in judging the length of objects.

Which line is longer? Or are they the same?

C—0 N a—

Surrounding context pulls perception of length in its direction
This is the famous Miiller-Lyre illusion

13



Are these lines changing length?

Sarcone's Dynamic Muller-Lyer lllusion 1 h
involving sinusoidal wave motion with dynamic color spreading effects . FOCUS your eyeS on t €
VWYYV VA center, and describe the
T TT A A% L% AYULAY Ih"-."" AT
T pattern
V\
LA 2. Now, focus on red bar at
A ' y b AT T T . . .
MMM top, right. Is it changing?
, ‘ 3. Now, focus on the
L3P VYYYYYYYY YL

TTTMMMMMMT T surrounding these
bars. What do you see?

"" ! SN PU
TTMAMMMAAMTTTIYT /
; Arrows are often useful in data
A .- ol
T i .\ \ rlll rl \H l\“" \. '\ .‘“-__--‘ ;"\ L] "l.'.l"l_ll I"l." \ II\" .“j d T graphs-
Always use same directions &
Lo b L L angles for arrow heads <——

! _,l"l“.'\,' ."H"..""'.- PR I\' -

From: https://medium.com/bouncin-and-behavin-academy/the-optical-trick-that-knocked-my-socks-off-1a72e23ac13f

14


https://medium.com/bouncin-and-behavin-academy/the-optical-trick-that-knocked-my-socks-off-1a72e23ac13f

lllusions: Area

Surrounding context matters in judging the area of objects.

Which red circle is larger? Or are they the same?

Surrounding context pulls perception of area against the background
This is often called the Ebbinghaus illusion or the Tichener illusion

15



lllusions: Length

Which of the bars are longer? Or, are they all the same length?

LE:
_

1.0

sin(x)
0.5
|

0.0
I

05
I

-1.0

R code: X

X <-seq(0, 5 * pi, length.out = 100)
w<-0.5
plot(x, sin(x), ylim = c(-1, 1 + w), type = "n")
segments(x0 = x, y0 = sin(x), y1 = sin(x) + w, lwd = 3)
16



lllusions: Difference

Where are differences between curves are larger? Or, are they all the same?

o
—

1.0

0.5
I

sinix)

-0.5
I

-1.0

This is sometimes called the “sine illusion”

10

15

17




lllusions: Difference

Plotting the difference directly gives the answer.

™
[’

w
o

o e

0.5
|

Difference

OMG!

04

Why does this matter?

18



Distances between curves

Playfair didn’t know that judgments of distance between curves are biased
We tend to see the perpendicular distance rather than the vertical distance

Original graph Plot of difference

" Balance of Trade to the East Indies oo
= Imports g
8 15001 =
o g 6007 where did this
= = spike come
E @ from?
w 10001 a |
E I_I>j 400
£ @
2 E
; E
€t 5001 i 200
X it
= 3

@
, Exports .| Our Deficit
1?IDD 1?IED 1?I-iD 1?IED 1?IED 1?IDD 1?IED 1?I40 1?IBD 1?IED
Year Year

19



lllusions: Perspective

Which thick line is longer? Or, both the same? Which figure is tallest?
Or, all the same?

\
\\\
\
/
/

This is often called the Ponzo illusion: We judge the size of real-world objects
relative to their background and perspective.

20



Context illusions: Lines, shapes

Perception of elements of a scene is affected by context, background, etc.

Are the squares straight or tilted? Are the pink lines straight or curved?
o6 2 06 3 e T % e 3 ee T e

T e P e T se 40t ee T et

se S e T e T 2 e 3 e 3 e

I B A s T

ot T 00 3 e 3 % e % e % e

I e S s TS L T

n O A W W . Does the rectangle change in darkness?
20 3 90 3 se 3 L e L oee 3 ee

PEE SIS e S S TR e Y L SR 4

LIS G SUNS 4 SNNS G SR Y S SRS e SRR 2 2

$ e 3 e 3 e 00 T ee T ee 2

e 2 a0 2 e 2t et L ee L ee

It is hard not to be fooled by these!

21



Context illusions: Color

Are the balls different colors or are they all the same color?

https://twitter.com/novickprof/status/1139342022551191553 22



https://twitter.com/novickprof/status/1139342022551191553

Context illusions: Color

Removing the foreground stripes shows them all the same
(Munker illusion: perception of color is influenced by neighborhood )

More examples: http://engineering.utep.edu/novick/colors/ 23



http://engineering.utep.edu/novick/colors/

Illusions: Semantic/cognitive

Perception of object figures often shows a preference for
orientation in nature

Is this image a duck, or a rabbit? Duck or rabbit?

JH1;?H

DUCK

24



Catalog of visual/auditory illusions

https://www.illusionsindex.org/illusions

A Iarge collection of ﬁfusions Index HOME  ABOUT SUGGEST DONATE  Fezpeack  ouz O
illusions with references to ——v

research studies. s |

Found 63 matching results

SortBy | Most Visited ]

EXPLORE
ILLUSIONS

The lllusions Index is a fully
searchable curated
collection of illusions.
Browse the illusions below
1o find out more.

‘You can also search by
keyword or by one or more
pre—defined tags. which
allow you to compare and
contrast different types of
illusions.

_ci W -

25
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Selective attention

Attention strongly focused on some feature(s) steals attention from others

Selective Attention Test

from Simons & Chabris (1999)

>l o) 0017127

https://www.youtube.com/watch?v=vJG698U2Mvo



https://www.youtube.com/watch?v=vJG698U2Mvo
https://www.youtube.com/watch?v=vJG698U2Mvo

Magnitude estimation

How large are transport accidents?
How much bigger than non-transport accidents?

[O) The Atlas of Risk

Causes

Leading causes of death in perspective

diabetes
musculoskeletal
disorders

t ra n S p O rt > transport accidents undetermined events

Leading causes of death in perspective

transport accidents

non-transport accidents

nervous system disorders

respiratory disorders
non-transport digestive disorders
accidents

= |
=
d
o

heart & circulatory disorders

fectio

non-transport

o5 g
B
g

gz
o

o,
o
H
o
E
a

undetemined events

musculoskeletal disorders

I diabetes

Scale Info @ Circles

Scale Info  ©

Personalise this information for your age, sex and region using the menus below Personalise this information for your age, sex and region using the menus below

sex Ago Region A s Ago Region A

Estimation of length or ratios of length are more accurate than the same judgments

of area.
27



Area vs. length judgments

Easy: Which is larger— South Africa or Egypt?
Harder: How much larger is South Africa than Egypt? (% or ratio)

African Countries

INU.S. S BILLIONS

i eloemesitic product (G0 refers o the manket wilke of il fine goods and services e COPSUMEIECN + GrEas Inentimint + Qovismiment aperding + lsspors - import)

$2854b

$1884b  $178b  g1406b

$91.4b $75.5b $623b $39_6b$23.4b523.5h$2&2h

Judgments here based on area

African Countries by GDP

South Africa .
Egypt .
Nigeria .
Algeria .
Morocco .

Angola .

Libya .

Tunisia .

Kenya .

Ethiopia .

Ghana .

Cameroon -

| | T T | |
0 o0 100 150 200 250 300

GDP in billions of US dollars

Judgment here based on position along

a scale
28



Theory: Stevens’

How does perceived magnitude of a
sensation relate to stimulus
intensity?

S. S. Stevens (1957) showed that, for
many domains

Sensation o Intensity”

These provide ways to assess the
accuracy of magnitude estimation for
visual encodings

" |ength: most accurate (p=1)

® area, depth: sub-sensitive (p<1)

= electric shock: hyper-sensitive (p > 1)
But: graph perception is not always a
matter of estimating magnitudes.

Power Law

Perceived Sensation

0 1 2 3 4 5
Physical Intensity

Fig. 5.7 from: Munzner, Visualization Analysis & Design

29



Theory—Practice: Scale of accuracy

A commonly used “scale” of accuracy of magnitude judgments of
relative size
 How much smaller/larger is A compared to B?

Accuracy Of Visual Cues

Position Length Angle Direction Volume Saturation Hue

I. ' IJ’ ..2'

( More Accurate Less Accurate >

A Not necessarily the same for other tasks (Part-whole: What % is A of total?)

30



Accuracy: Experimental evidence

Cleveland & McGill (1984) and later Heer & Bostock (2010) carried out experiments to
assess the relative accuracy of magnitude judgments for different visual encodings

The task here is to estimate
the %age of the smaller
highlighted portion.

The details of these studies
are interesting & important
— more next week

The graph of these results
is a great model for data
display

/
\

Positions

Angles

Circular
areas |

Rectangular

areas
(aligned orin a
treemap)

[| T3
=3
T4

N
O3

Cleveland & McGill’s Results

—e—
—e—
—e—

—e—
Error — —e—
I

| | 1 1
1.0 1.5 2.0 2.5 3.0

Log Error

Crowdsourced Results

1.0 1.5 2.0 2.5 3.0
Log Error

Fig. 5.8 from: Munzner, Visualization Analysis & Design
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Encodings: Types & ranks

Based on this, Munzner (2015) proposes a ranking of visual attributes for ordered &
categorical variables in data displays, with different channels

Channels: Expressiveness Types and Effectiveness Ranks

These hold when the

® Magnitude Channels: Ordered Attributes

@ Identity Channels: Categorical Attributes

task is to estimate a Position oncommon scale |4 . ; Spatial region .. .
[*]
. =
magnltUde‘ Position on unaligned scale '_'_'l o—i Color hue HEE
A different ranking may Length (1D size) - Motion O, 'q'
occur for other graph- e |/ ) + O W A
Tilt/angle —r Shape
based tasks.
Area (2D size) = N . é
angle (pie charts) — good 2
for % of total judgments Depth (3D position) I -
. Color luminance R I | ]
color (mosaic plots) — g
good for pattern Color saturation [] m"
erception i
P P Curvature | ) ) D ° Fig. 5.6 from: Munzner,
. § % Visualization Analysis & Design
Volume (3D size) L TN v

32



Integral & separable encodings

°* Some encodings can be viewed independently
= two different variables can be decoded separately

°* Some combine with each other to some degree.
= different variables cannot be easily decoded separately

< Separable

® 5 N
@ . . L . N
@ -4 .
j .
...-:_.:_:‘_-.,
® O
® @ ® @
®c o

color color
location motion

color
shape

size
orientation

From: Ware, Information visualization: Perception for Design

X-size
y-size

Integral —>

@
®

® @

)

red-green
yellow-blue

33



Integral dimensions

A bivariate U.S. county-level map showing:
% diabetic (saturation) and % obese (hue)

Diabetes and Obesity, 2009 . o
' It is difficult to see

variations in diabetes
separately from obesity

The eye is tuned to the
positive correlation
between these dark
(blue, tan) vs. light color

Percent Diabetle

o

What we see most accurately

Percent Obese

34



Separable dimensions

Bivariate map of N. C.: disability (icon size) and unemployment rate (background
saturation)

 These an be seen separately

* (However, total disability is confounded with population density)

35



Anomaly detection (outliers)

Find the red dot ® in each of the following displays
This task is easiest when all the rest are blue dots ®

Next easiest when only shape distinguishes the red dot ™
Hardest when both color and shapevary ® &

Sometimes called
“popout” effect.
Not a good term.

This is important in
designing graphs to

highlight some points.

Easy

Middle

Hard
® | ]
® [
|
1

36



Anomaly detection

For each display, find the anomaly shown at the left
Color and shape: What is easy or hard depends on the background

D

difficult

T

easy

cﬁ;;;urt

easy

9

difficult

-

easy

difficult

easy

19 577

1N 7

()7
_IQ a -
7 O




Ordered variables
= Prefer encodings at the top of thehlerarchy (position along a
scale) to those at the bottom (color saturation, curvature)
Favor separable encodings
= Use color and another attribute--- shape, size, orientation ® =
" Don’t overload symbols--- probably two at most
= Avoid mixing two aspects of color or two aspects of shape

Small multiples
= Reduces the need for multiple encodings within a panel
" But, makes direct comparison more difficult

Highlighting: to draw attention to one group, use a pre-
attentive attribute

38



Encodings: Lessons

* Best to show quantitative variables with position or
length

° Bar charts:
®= Best encoding via length — start at O
= Avoid stacked bars (not aligned), where possible

* Dot charts:
= Best encoding via position along a scale — start at 0

* Frequency data:
= area/color encoding to show patterns
= sgrt or log scale often useful to show magnitude

* Color: choose sensibly ordered or saturation

* Arrangement

" make comparisons easier by placing things to be compared
nearby

39



Gestalt principles of
graph perception



Gestalt principles

* Perception as top-down process governed by holistic
principles. “Gestalt” = “form”

= proximity: elements close together likely to belong to the
same unit

" similarity: more common visual elements increases
belonging together

" good continuation: elements that blend together are likely
in the same unit

" common region: elements in the same region likely belong
together

" closure: elements that make a meaningful whole belong
together

41



Gestalt principles

* (a) proximity creates impression of 2 groups

* (b) similarity: 3 groups via color & shape

* (c) good continuation gives impression of 2 groups

(b)

42



Using Gestalt ideas in data graphs

Make grouping apparent

o 9 Proximity grouping Alignment Common
A A movement
B = i B
E F .
Connecting contour C CA E
D
A A E
B B F
C C
: Common Common
EﬂClDEIng contour color rEgiDn texture regiﬂn From:

http://blog.yhwu.me/notes/visualizations/cs171.html

Why lines are good in time series graphs

o O
o © ® A
O © A A
A Can & °
O A o &0
A A

43
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Closure

The Gestalt brain “wants” to make perception simpler by joining up disparate
elements into coherent, meaningful wholes

Logos: Empty space E]_')
or a symbol? ,5 >
y = 0O
),
5 arcs or a circle? blobs or an animal?
% Q: Are these
~ e
P ?;.\if"”})} top-down or
,,‘\\J"{:I‘§ bottom-up?
[ we/ :-!.2‘1
/ /" \ @.‘,‘

--" 44



Visual grouping & comparisons

Did earnings increase or decrease from 1962-2007?

. . Year Type Type Year
Combination of color & 1962 SocialSecurity I Socal 2007
. . Eamnings p—— Security 1062 [
proximity grouping — Gov. Pensions I famings 2007 |
. . Other e 1962
different visual I |—— Gov. Pensions 2007
. . Priv. Pensions [ 1962
comparisons are easier or 2007 Social Security Priv. Pensions 2007
Earnings ] ——— | 1962
harder Gov. Pensions [N Assets 2007 [
Other = 1952 [N
Assets —] Other 2007
Priv. Pensions [ 1962
0% 10% 20%  30% 0% 10% 20%  30%

What was the most frequent baseball term?

Which terms go together? Comparisons in a word
menu home rur CIOUd:
VRior g « weakly controlled by
S CakCI'S dishes \(Tl:".d play
mcnﬁcgnwliy tgblct loth tablecloth  pi tcher colo r;
Iploma  double play bill batter °
bounce dlll Lprocesds%on fingers bounce diploma better controlled by
L_ O Ishes e . . .t

pitcher net tassel proximity

first b: l[m Llunl‘ld%ell}\{ﬁ{f%& touch shoot speakers

I bl” C I ill“ dribble ceremony

dunk  procession
From: Franconeri etal (2021) Source DOI: 10.1177/15291006211051956.

45


https://doi.org/10.1177/15291006211051956

Visual grouping & comparisons

Connecting Lines

7 = = 7
b "é’ 5 @
North
West
East
South
A B

Fig. 8. Several grouping cues that can control how data values are compared. Connecting lines are particularly powerful cues, followed by

proximity, color, and shape (Brooks, 2015).

Organizing Comparisons With
Grouping Cues

Position Hue Shape

Focusing within A,B Focusing within A,B Focusing within A,B

A North
South
East
West

B North
South
East
West

Focusing within N,S,E,W Focusing within N,S,E,W Focusing within N,S,E,.W

North A 0
5 @
South A &
B =)
East A &
B E
West A [ ]
B ®
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Figure - Ground

What is the figure? What is the background?

Face or vase? Black or white soldiers? Face or park?

HHHHHHHHHHHHHHHHHHHIHIHIHIHHIIHHH

oy
= =

©M. C. Escher Heirs, clo Cordoy Art, Baarn, The Netherlands

These examples all use different techniques to create ambiguous figures

47



Ambiguous

figures:
Priming

Can you see the poodle in
this scene?

What about the man?

Semantic priming: Suggestion . :
increases likelihood of perception | 7 _si

48



Figure - Ground

This graph inverts the y-axis, and A more conventional version of the
shades the area above the curve same graph

Gun deaths in Florida Gun deaths in Florida

Number of murders committed using firearms Number of murders committed using firearms

0

200
2005

Florida enacted
its "Stand Your

Ground' law

[

2005

Florida enacted
its ‘Stanc Your
Ground' law

600

800

873

1,000 19905 T 20005 [2010s

1930s 20005

Source: Florida Department of Law Enforcement

L} REUTERS Source; Florida Department of Law Enforcement
We tend to see 1999 & 2005 as high points Gun deaths increased after the
‘Stand your ground’ law 49

From: Andy Kirk, Data Visualization: A Handbook for Data Driven Design



Discussion

What perceptual features or principles are involved in your
reading or understanding of these figures?
or this?

Top-down ?
Bottom-up?
Gestalt?
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Color: Functions in data graphics

Color serves to: highlight, identify, and group elements in a visual display

Find the cherries in this display: Color acts as a preattentive attribute here

From: Colin Ware, Information Visualization: Perception for Design



Nice graphic, naive about color

W.E.B. DuBois presented this as
part of an exhibition on The
American Negro at the 1900 Paris
Exposition.

It is a landmark graphic, but shows
no understanding of the use of
color for a quantitative variable.

Q: Are there more Negroes per sq.
mile in Texas (TX) or Louisiana (LA)?

<1 1-4 4-8 8-15 15-25

|-a

NEGROES TO THE SOUARE MILE.

DISTRIBUTION OF NEGROES IN THE UNITED STATES.




Object color

What makes an orange look orange, a green apple look green, or a strawberry red?

Objects absorb colors from the rainbow, but reflect their own

sunlight sunlight

sunlight

From: Miriah Meyer, lecture notes, ¢s6330, https://miriah.github.io/teaching/cs6630/
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s this a color photo?

_;' f- y -
=1t EBY-SA 260, color illusion remix by hitp://pippin.gimp.org/
| G 5




s this a color photo?

Graphic artist @yvind Kolas overlaid red,
orange, yellow, blue, and green
grid lines over a B/W photo.

The colored grid causes us to perceive it
as having smooth color

Color perception is influenced by top-
, %,g % down processes of scene recognition

illuston remix by http://pippin.gimp.org/

https://petapixel.com/2019/07/31/this-black-and-white-photo-uses-color-grid-lines-to-trick-your-brain/

56
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Color: Aspects in data graphics

* Perception: trichromatic theory -
" How the eye sees color R
* Color spaces: )

= RGB (additive), CMYK (subtractive) :i j @
= HSV, HCL: perceptually based o« -
* Color palettes for computer graphics

= ColorBrewer: sequential, diverging, qualitative

= Color-blind safe ? ig;g‘g'ggé _=

I e— S S
1 I ]

" Photocopy safe ? 1l m— —

®* Transparency
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Perception: The human eye

Rod Stewart Cone Stewart

®* Retina:

" rods (monochromatic),
= cones (R, G, B)

Epithelial
cells

- ~--.>©
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Normalized absorbance

Perception: color sensitivity

Cells in the retina are differentially sensitive to colors of
different wavelength
= Each have a distribution of sensitivity for short, medium & long
" Their peaks are used to name them as Blue, Green, Red or Rods

420 nm 498 nm 534 nm 564 nm Lo . .
Green  Red This figure also stimulates questions
100 — Blus cones Rods ~ cones _ cones of scientific visualization

* Rods & cones are “normalized”
* Are they all equal in what we see?

50 —

", Medium \ Long

O 1 1 1 | I IIIIIIII|IIII|IIII|.IIII|IIII|

400 500 600 700

Violet Blue Cyan Green - Red

Wavelength (nm)
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Perception: color sensitivity

Color sensitivity, shown on three different scales

» Conereceptors least sensitive to
(least output for) to blue

e most sensitive to red

relative sensitivity
relative sensitivity

L | I
500 600 700

length {in tors)

Relative sensitivity curves for the three types of
cones, log vertical scale, cone spectral curves from
Vos & Walraven, 1974

from: http://slideplayer.com/slide/6329532/

0.T5+

(=]
h
=

(=1
b
T

=
L

a00 | so0 | 1 oo 700
'I'I'ml.“‘“'l {in nanamatars)

Relative sensitivity curves for the three
types of cones, the Vos & Walraven
curves on a normalverticalscale
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Perception: Contrast

Color perception, even of gray, is influenced by
contrast against a background

Q: Which gray square at right is A: it is the same gray square against a
most similar to that at the left? \\ changing background
gray
square
Most people say A, because it is A
shown on a light background

61



Luminance contrast

Showing blue text on a white
background works better.
There is sufficient luminance
contrast.

Showing yellow text on a black
background works better.

There is sufficient luminance
contrast.

TIP: For presentations, light text on a SEI{QEIdC{fel8alelis often preferred.
| don’t do this, because I’'m also concerned with printing slides.
(With LaTeX Beamer, it is easy to have separate setups for presentation & print)



Brightness illusion

Is the white at the center the same brightness as the white at the edges?
Or, is it brighter?

They are the same. We interpret the center as a source of light relative to the
surrounding bright yellow.

N\~

O

///////n \ \\\\\\\\\

The illusion also affects pupil size! https://www.pnas.org/content/109/6/2162

1\

O

I

63


https://www.pnas.org/content/109/6/2162

Discovery of color

Feb 8, 1672: Isaac Newton reads his Optics paper to the Royal Society of London
“light is not homogeneous,... but rather consists of rays of different forms”
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Early color theory

Tobias Mayer (1755) — color theory Johannes Lambert (1772) — A color
composed of (blue, red, yellow) as basic pyramid, composed of 7 layers
colors

Introduces the idea of color “primaries” T e —

Introduces the idea of color saturation
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Color space: Munsell colors

* Color spaceis 3D

= How to specify a given color in perceptual terms?
= Albert Munsell (~¥1930): hue, chroma, lightness (HCL)
" These form perceptually uniform & independent dimensions

Value Munsell Color System

110

Yellow-Red

|
II Yellow

Purgple-Blue Blue A

Blue-Graan

By SharkD - CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=8401562



https://commons.wikimedia.org/w/index.php?curid=8401562

Munsell’s color scheme was highly influential in Psychology research
Nearly every lab investigating color used standard sets of Munsell color chips




CIE color space

°* How do we know about the perceptual properties of

colors, taking spectral sensitivity into account?

Experiments used a color-matching
task:

Adjust the intensity of pure R, G, B (|

lights to match a given color Comr o
This defines a new color theory
connecting physical properties and
human perception (spectral
sensitivity).
The CIE (International Commission N Thos eSabi it
on lllumination) becomes the

standard to calibrate color in

scientific instruments and human

experiments

%\

Observer
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¢ All colors
: the average

i are contained inside :
: the diagram
S N 520

0.8

0.7 e 1 N Y U
0  The least saturated colors are at
] ‘the center, emanating from white.:
500‘ ................................
0.51 Color gamut: subset of
y i colors that can be
| ; represented by mixing :
0.4 600/ the colors atits
corners :
0.31
700
0.2_ ......................................
i “line of purples”: these
: colors are fully saturated
0.1- . but can only be made by :
 mixing two colors (red and
blue)
0.0 | ‘ ' I TVRSPTSP P Ttor st ST
0.0 0.3 0.4 0.5 0.6 0.7 0.8

CIE color space

. i The colors along any :
visible to ¢ line between two :
human eye : points can be made by :
: © mixing the colors at :
77 the end points. In this :
: case Green + Red = :
: Yellow

i The edge of the diagram,
called the spectral locus,
represents pure,
monochromatic light
: measured by wavelength in :
. nanometers.These are the

i most saturated colors.

X

Anatomy of a CIE Chromaticity Diagram

The International Commission on
lllumination (CIE) in 1931 defines a
color space of (x,y,z) coordinates
based on color-matching
experiments combining R, G, B light
sources in additive mixtures, and a
“standard colorimetric observer”

This defines a new color theory
connecting physical properties and
human perception (spectral
sensitivity).

There are eventually a variety of
CIE color spaces (CIElab, CIEluy, ...)
and lots of formulas for converting
among them.
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Color space: RGB & CMYK

Enter technology: how to produce color?

* RGB:
= Combine light: {+ [ + [ = white S
= Used in computer monitors, TV, film

* CMYK:

= Combine ink: Cyan + - + Yellow =

= Used in color laser printers, the print industry

Additive colour system Subtractive Colour System

i

B ™

Mixture of primary light colours-

Mixture of primary pigment colours
White

Black

A

Caution: R,
SAS, SPSS
use RGB by
default

TIP: for publishing, you
may need to convert
graphics from RGB to
CMYK.

Some software offer
useful tools for this:

* Adobe Acrobat Pro
* ImageMagik
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Color space: RGB & CMYK

The standard gamut of colors
available for different display media
are a restricted subset of what the
human eye can see.

Print (CMYK) is most restricted, and

requires a more careful choice of
color in graphics

Q Always check the display
on different media.

"0.3 04 05 06 07 0.8
X
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Color in DataViz Design

There are several commonsense rules & guidelines for use of color in statistical
graphics, maps & info vis

RULES

INTUITIVENESS GLARITY
lIse intuitive colors. When choosing them, consider what associations do they evoke. Use colors to make the data easier toread. Make sure your audience will be able to distinguish
[T possible, use colors that audience will associate with your data anyway. Detween the items shown in the visualization.
X WATER v X v
LAND
MODERATION GLASSIFIGATION
Use colors in moderation. Fora simple dataset, a single color is preferable. Don’t use a qradient color palette for cateqgories.
llse color a3 HSUEWDINHN o nil]n”ljmlﬂﬁ il'ﬂl]ﬂnﬂm ﬂﬂﬂﬂ of your Visual. And IHE‘I]“'IH'HH Tound- different colors for same measurement
ATBRECHD ARBECHD

From: Alicja Gosiewska, Data Visualization Techniques, https://bit.ly/3RZWwO0t

72


https://bit.ly/3RZWw0t

Software: Color specification

* Color is often hard to use effectively in software,
because the ways to specify it are so varied:
" Color names: “black”, “red”, “green3”, “skyblue®, “cyan”
= RGB: black=(0,0,0); green3=(0, 205, 0), cyan=(0, 255, 255)
" Hex: black="#000000"; cyan=“#00FFFF”

18 beige 4FSFSDC 245 245 zzo| | BE cyan #00FFEF 0 255 255
10 bisque #4FFEACL 255 228 19s] | B8 cyani #00FFEF 0 255 355
20 bisquel 4FFEAC4 255 228 195 |90 cyan2 #00EEEE 0 238 239
| 21 bisgue2 4EEDSBT 238 213 1e3

22 bisgue3 #CDRTIE 205 192 154 #D0DBBER D 139 13

23 bisgued #BBTDEE 125 1325 107 73 darkblue #0000ER o 0 139
24 black #000000 o Li] L] 74 darkcyan #0DEBER O 13% 139
| 285 blanchedaimeond #FFERCD 255 235 ZOS| 75 darkgoldenrod H#BBBEOR 1pd 134 11

#0000FF 5 76 darkgoldenrodi #FFESOF 255 135 15
#0000FF 2 77 darkgoldenrod2 #EEADOE 238 173 14
#0000EE 78 darkgoldenrod3  goDgsoc 305 145 13
#0000CT 2 78 darkgoldenrod4 #BBESOE 135 101 &

81 darkgreen #005400 0 100 a

#ASZAIA 165 4z 42 82 darkgrey HASALAD 1E5 185 1&3

See: http://research.stowers.org/mcm/efg/R/Color/Chart/ for R color charts 73



http://research.stowers.org/mcm/efg/R/Color/Chart/

Software: Color specification

WTF! Give me a break, please:

* Make it easier to compute with colors: define blends of colors or a color ramp
* Make it easier to specify color schemes with decent perceptual properties
* Make it easier to map colors to data features | want to show

Every time you are
forced to say
“#008B8B” or “cyan4”
a puppy dies
somewhere

-- MF, 2018
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Software: palettes

°* R (and other software) provide palettes of colors used for defaults
in graphs
" Not all are nice— depends on your purpose
" There are lot of choices — maybe too many!
® You can change them once for all graphs in a session or paper

> (pal <-palette())
[1] "black" "red" "green3" "blue" ‘“cyan" "magenta" "yellow" "gray"
> pie(rep(1, length(pal)), labels = sprintf("%d (%s)", seq_along(pal), pal), col = pal)

3 (green3) 2 (red)

palette(rainbow(8)); pie(...)

3 (#80FFOOFF) 2 (#FFBFOOFF)

4 blue) 1 (black

4 (HOOFF40FF) 1 (#FFODOOFF)

5 (cyan) - - B (gray)

5 (#00FFFFFF) & (4FFOOBFFF)

] tmagenta]’ '7 (yellow) 6 (#0040FFFF) 7 (#8000FFFF)
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R: basic palettes

n<-12

pie(rep(1, n), col=rainbow(n)) pie(rep(1, n), col=heat.colors(n))

hot

pie(rep(1, n), col=terrain.colors(n)) pie(rep(1, n), col=topo.colors(n))

low
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R: basic palettes

rainbow

heat

Discussion Q:

*  Which of these seem better for
quantitative variables?
* Which for categorical?

These are shown for area fill. How
effective would they be for:

e point colors

* line colors

E.g., yellow is bright as an area,

but nearly invisible as points ( ) or
lines( )or
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palettes: ColorBrewer

ColorBrewer, by Cynthia Brewer provides an interactive application for choosing color
pallets, http://colorbrewer2.org

This is one example of a multi-hue scheme for a quantitative, sequential variable,
shown from low to high with 4 color classes

Number of data classes; 4 ~ I8l how touse updates downloads credits
. Nature of your data: ] - color advice for cartography
va r|ab|e type ﬁ @ sequential © diverging © qualitative
Pick a color scheme:
Multi-hue: Single hue:

choose different versions of

the scheme —— sl aREl RHE ' :

JTHITHTL u
Only show: i | 4-class BuGn miln
[l colorblind safe O L?] 5?5,::' (W] % L
Mo e " . fs]
export COIOr Specs Dphutucc-aysafe ) HEX E‘. L
to HEX, RGB, CMYK Context: g | o Tedfel
#b2e2e2
got | [ e
Pl borders | #238b45
Background:

@ solid coler

This example: http://colorbrewer2.org/#type=sequential&scheme=BuGn&n=4
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palettes: ColorBrewer

Diverging schemes are designed to show a quantitative variable, where we want to
see what is low vs. what is high, leaving the middle of less visual impact — difference

from average, residuals, ...

Number of data classes: 5 ~

Nature of your data:

© sequential @ diverging © qualitative

Pick a color scheme:

there are different
schemes within this

rubric EnnEEEnER
Only show: i | 5-class RdBu.
there are tools to fil Blcolorbiind safe L3> P

Dplintﬂie’: y HEX

o . [E photocopy 3
for colorblind, print & ! o —
#fdas82
B/W . % i#f?f?f?
Warnings when not W | [ #ezcsce
fr]endly Background: . #0571b0

® solid color
@ terrain

j88 howto use updates downloads

140dX3

credits

COLOR 2.0

color advice for cartography

This example: http://colorbrewer?2.org/#type=diverging&scheme=RdBu&n=5
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http://colorbrewer2.org/#type=diverging&scheme=RdBu&n=5

palettes: ColorBrewer

Qualitative schemes are designed to show a categorical variable, where we want to
see differences among unordered categories

Choose # Classes é Number of data clas - Il how to use updates downloads credits

H ture of your d ta

COLOR

color advice for carto

sequential '_/ divergin 0 qualitative Sl
color scheme: BE
1
various schemes — j mOo a JT
g
| 4| o
Only show: i 5-class Accent ]——1 — | _EI
D:clcr:lirds.fs X X = ? % .r’J L
|:| print friendly RGE g
photocopy safe [ -
127,201,127
Context: i 190,174,212
|:| roads lEI B 253,192,134
see other context ————> ... W o
. borders . 56,108,176
Background:

0 solid color

A

' terrain

add transparency ———> Lo cmens

These are all available in the RColorBrewer package

This example: http://colorbrewer2.org/#type=qualitative&scheme=Accent&n=5
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palettes: RColorBrewer

RColorBrewer::display.brewer.all()

¥ s —

. ugd O e
sequential F‘U§ﬁ i —
orglid _—
ys e e I
G S ]
upL . —— ——
fes C ———
a r—
53[3 I E— e — — —
ﬂ%en I N B ==
g[7e|[:’[ra| — o —
%?ﬂ ”=== C ——
diverging o ——
= ==
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R: choose palette()

The colorspace package in R has an
interactive palette widget.

It also provides functions for many
kinds of color manipulations.

The R Color cheatsheet, by Malcolm
Fraser is a goto source for all aspects
of color in R:

https://www.nceas.ucsb.edu/~frazier/RSpa
tialGuides/colorPaletteCheatsheet.pdf

R color cheatsheet

Overview of colorspace palette selector

library("colorspace”)
pal <- choose palette()

Select the type of color scheme
based on the type of data

- X
Fie
The nature of your data [:iumgng E
Default color schemes e;.l:i?: (single hue)
equentia (multiple bues)
LEL 3
e
EEEEEE-
Palette descripbon: Hue, Chroma, Luminance, Power
Hi iI=——Fy
H2 I [
ci i [a0
i o
L1 )| l?
L2 =N
P1 - [ [15
=il l_

¥ Comect all colors to valid RGB color model values

Mumber of colors in palette

n —J - <
Show example

Plot type | =] I Reverse colars

Il n

[ Desaturation

Default color schemes — can be
used “as is” or as a starting point
for modification

Interactively select:
* hue: color
* chroma: low chroma = gray
* luminance: high luminance =
pastel
+ power: how the color changes
along a gradient

Select # of colors in palette

Save palette for future R sessions:

+ txt file with hex codes

* R file with a function describing
how to generate the palette.
source can be used to import the
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Viridis palettes

Designed by Stéfan van der Walt and Nathaniel Smith for Python;
ported to R in the viridis package.

Goals:

* Colorful, spanning as wide a palette as possible so as to make differences
easy to see

* Perceptually uniform: values close to each other have similar-appearing
colors and values far away from each other have more different-appearing
colors

* Robust to colorblindness: these properties hold true for people with
common forms of colorblindness, as well as in grey scale printing

° Pretty: much nicer as a defaults in software

These assertions are largely untested. Perhaps a good research topic!
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Comparing quantitative palettes

For a quantitative variable and a continuous color scale, there are many choices.
How well do they work?

rainbow

BCT 00
?

R base palettes

heat

lot default

ggplot default palette

COIOrBrewer palettes - ? brewer yellow-green-blue
_ .
g / viridis

viridis palettes — _
. 138 B

This is a bit tricky: ideally, we want a wide range of color
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Comparing palettes

Now we can see it— elevation in the

. . H ?
What is shown in this map: Florida coast: above or below 0

The rainbow color scale obscures the This color scheme was designed to reveal
main features the essential topography of the map & to
have perceptually equal elevation steps

From: http://www.research.ibm.com/people/|/lloydt/color/color.HTM 85
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Comparing palettes

ggplot default palette

d
g

g

f <- data.frame(x = rnorm(10000), y = rnorm(10000))
<- ggplot(df, aes(x =x,y =y)) +
geom_hex(bins=40) + coord_fixed() + theme_bw()

count

viridis default palette

count
50

library(viridis)
g + scale_fill_viridis()
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WEB Du Bois’ sense of color

NEGRO POFPULATION OF GEORGIA BY COUNTIES .

I'r<l'_|_‘\ 20,000 AND 30000

. 15000 TO 20000

. SO00 TO [0H00

@ =500 105000

N
Q) oo 10 2500

®~E ER 1000

Goal: Show Negro population of
counties in Georgia from 1870 to
1880 & change

Which counties had largest Negro
pop?

Which had lowest?

Where was the change greatest?
(HARD: need to plot the diff<)
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RColorBrewer to the rescue

(fenuanbas) pyIO

i

v
13
gL
Y
7 @
4R,
O S L0

3

;
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Metbrewer palettes

Artistic palettes inspired by works at the Metropolitan Museum of Art in New York

Renoir

VanGoghl

Cypresses, 1889, Vincent van Gogh

®

Renoir

Nini in the Garden

Cap Neégre, 1909, Henri-Edmond Cross




Hair

Color > B/W ?

Graphics designed in color often must consider what happens when graphs are

reproduced in B/W: grayscale

e This is particularly hard for a diverging color scale
My original design for mosaic plots used solid vs. dashed lines to distinguish + vs. -

mosaic(haireye, labeling=labeling_residuals,

Brown Blue Hazel Green

Pearson
residuals:

7.0

Black

Blond d
I
B
—
r=y
(=]

4.0

20

Brown

,,,,,,,,,,,,,,,,,

___________________________________

R
T
r
=}

-5.9

Hair

gp=shading_Friendly)

Brown Blue Hazel Green
E # Ho Pearson
E : i o residuals:
m E 1 ii | [ 7.0
| | o 40
: | s -
8 1 : : | - 20
@ | ! ! |
3 ! P - 00
,,,,,,,,,,,,,,,,,,,,},,,‘::::::::::1I ””” e e - 20
i t i 23
_____________________ L |————-I _40
; a2 |
S 122! 5.9
m | 1
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Color > B/W ?

The design of this graphic table was crafted to preserve readability if printed in B/W.
NB: text for numbers changes from black to white depending on background color.

Figure 9: Section 37 benefits by type (1998-2015)

1998—
2002

Roads, streetscapes

Culture, community, recreation

Parks 27
Affordable housing 17

Public art 26

Heritage 16
Transit 11
Libraries 6
Other 3

2003-
2005

13

-1

2006—
2009

10

=1

2010-
2013

26 18

20

11

2014
2016

-50

- 60

-70

71-80

-90

Figure 9: Section 37 benefits by type (1998-2015)

Roads, streetscapes
Culture, community, recreation
Parks
Affordable housing
Public art
Heritage
Transit
Libraries

Other

Background shading works equally well in color or B/W
A+ for visual design!

Source: Friendly, A. R. (2017). Land Value Capture and Social Benefits: Toronto and Sdo Paulo Compared. IMFG Papers on Municipal
Finance and Governance, No 33, University of Toronto, https://munkschool.utoronto.ca/imfg/
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17

26

16

11

26 18

13
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11

Scale
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41

51
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Colorblindness

Most common forms are genetic, and involve a deficiency in one of the cone type
sensitivities

Able-bodled Denterangy :lmulallm!

Sk,

Protanopia (red deficient)
Deuteranopia (green deficient)
Tritanopia (blue deficient)

Some form of red-green insensitivity is most
common

I-"ru.ll.g u[,:ﬁjml.tlutiuu L G
SREART N o A * about 6-8% of population
* more common in males

TIP: Avoid color scales with main variation
between red & green
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Colorblindness

What an image looks like with various forms of color deficiency

Normal Color Vision Protan Color Blindness

Red-green colorblindness: -R (protan) ~ -G (deuteran)
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Goal: Show employment
growth, 2013—2015

Original design, using
* green: above average
* red: below average

-_— nal T 4. Defense spending exposure

How this looks to
someone with red-green
colorblindness

red & green become
indistinguishable

From: http://www.mena-
forum.com/category/u-s-a/
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colorblindr package

What would my graph look like to someone with

color deficiency?
e colorblindr simulates a graph under various
_é‘ setosa . ®
§ Dversicolor Cond|t|0ns
© DVII’QII‘IICE

— Deutanomaly Protanomaly

1.2~

1.2-

6 7 8
Sepal.Length Species Species
0.8- 0.8-
D setosa D setosa
I:lversmolur I:lversmolur
0.4~ Duirginlca 0.4- Duirginlca

density
density

library(colorblindr)
cvd_grid(myfig) e ° s
) ; ’ SepaIL_,Lengtrlw

Sepal.Length

Tritanomaly Desaturated
NB: The default ggplot colors 2 2
aren’t colorblind or B/W Species Species
fr‘|end|y -E o8 Dsetosa -E o8 Dsetosa
c
% Dversmolor é Dversmolor
0.4~ Dvirginlca 0.4- Dvirginlca
0.0- 0.0-

&

Sepal.Length Sepal.Length
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celerspace...

A Toolbox for Manipulating and Assessing Colors and Palettes

Color spaces HCL-based palettes ggplot2 scales

Luminance =70 Qualitative

Pasiel 1

Dk 3 [ I I I N

CLo.
Sequential (single-hue)

mees [ 04
resss
eeeess |
Sequential (multi-hue)

P o (I 04
Veids | ][

o Siner [N W WO SO

Diverging

mefed [
.
e N

Species

SE0EN
- NETRICOHCT
B8] wirginica

denaity

k]

See: http://colorspace.r-forge.r-project.org/
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colorspace: palette visualization

swatchplot(): display collections of palettes in flexible ways

Chroma

Original - .
Deuteranope . .
Protanope .|: .
Tritanope . —.
Desaturated . .

Effect of varying hue, chroma and luminance
individually

swatchplot(
"Hue" = sequential_hcl(5, h = ¢(0, 300), c = ¢(60, 60), | = 65),
"Chroma" =sequential_hcl(5, h =0, ¢ =¢c(100, 0), | = 65, rev = TRUE, power = 1),
"Luminance" = sequential_hcl(5, h = 260, c = ¢(25, 25), | = ¢(25, 90), rev = TRUE, power = 1),

off =0
)

-.— Emulate different types of color
- vision deficiency for one or more

... palettes

..- swatchplot(palette.colors(), cvd = TRUE)
L

mE
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demoplot(sequential_hcl(5, “Heat”))

map heatmap scatter

colorspace:
demoplot()

spine bar pie

See how color palettes
work in different kinds
of statistical displays

perspective mosaic lines




Color Buddy

McNutt etal (2024) Mixing Linters with GUIs: A Color Palette Design Probe
— Color Buddy Application for color palette editing, with usability testing

(@ ColorBuddy IS @@ 0o

utah-colors & Exsmples  Comparson  Evaluation

T —— Choose lests  Customize tests

't 4| ¢ Rhiries W Calad ipais Besagrinrd T ol i

LAB w | gt o v fall] w hUubMy F
#0000 —
res B Color distinctness: mediam-sined objects LY
. o0 Clor datretness: wide-sied pbjects e Pa Iette |S
Ll
I gamit <v\
w o < Mty ot > evaluated along a
. [ .. Colior naem diacrimanabiity b . .
ETQES TR f
f - set of criteria
i . — (I Contrast accessibility (WCAG)
ﬂ:‘f:,-.dm? ";:-"’; L % Giaphical objecls condrast w
A& DEal CONCIASL (Rexl-tagged Cokors only) bl
ERDO000 [re—
boaged - test —— AR Tt CONIBST (tent-tagped colors aniy] b
Iﬁ:c:.'-la. [r— " ':: r I C”D =
gy 200 scatterplot Jf Color accessibiity (CVD)
.'.:nl:t.-r.c-f [ X Deubieanopli-Irigndy ¥
1 LR 2 ¥ Preasnepds-Triently w
wolehel PRy ol e e B Show oul-oi-gamid QL Zewmn Thais et 9 o iy for Dot with Brotanisls color
ahngray [T viin daficeesy The fidaning saice ses snddfsenintin: | @
S a Chango these w' &l 3 Dalets # Dugplicate i e
. ',:J it Tern on profancgia sim Supgest Fises
- Lighibish 4 J == o — + ignore for this palatte  Custemine
...... [ e —
Flip To Opposing  JAter  Clig 10 gamut Y ™
Rotato @@ =}
Distribute % Tiuanogis-irisndly McNutt etal.

Choose color
palette

b Horzeemsl  F Vertieal | B L Spaco

Align
B Lef 2l Right 1T Top 4 Daottom T L Miin

= L hlix

£¥ Design
Colors gistinguishalile in onder
Mg colors
Palatte doad nol have ugly colon

https://arxiv.org/abs/2407.21285

Color Buddy App: https://color-

buddy.netlify.app/ 99
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Color: Lessons

* Use colors to represent differences in meaning

= Avoid use of multiple colors

= Use consistent color scheme across multiple graphs of the
same data (set your palette())

* Consider presentation goal:
" Highlight one subset against the rest?
" Group a categorical variable
" Encode a quantitative variable

* Consider differences in color perception, B/W
printing
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Color: Lessons

* Consider encoding scheme:

= Categorical: Use a wide range of hues, of ~ same saturation

= Sequential: use a small range of hues of varying lightness

= Diverging: Use two sequential schemes, decreasing toward
the middle

Images from: Stephen Few,
http://www.perceptualedge.com/articles/visual business intelligence/rules for using color.pdf 101
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Transparency

Colors can be made partially
transparent, by adding an “alpha”
channel,

0<a<1(opaque)

Filled areas combine to look more
saturated
What do you see here?

This also works well with filled
point symbols, which would
otherwise be obscured when they
overlap

Different colors “blend”
What do you see here?
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Transparency: Adding another layer

Transparency also works well to combine different graphical features in a plot
Here, a filled boxplot and dots representing individual observations

What number would you assign to the following phrases?

Perceptions of Probability

Fractions of e —|__—|:|7 e oo o

A couple sco o
A few _;]_a .
Some %m o
% Several . —EH—
5 Alot e .
Many —Dﬂ— .
Dozens . D— °
Scores of ° 4{:':'7 ° °
Hundreds of —[D— o
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Assigned Number

created by fu/zonination

From: https://github.com/zonination/perceptions 103
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* In designing data graphics, consider the viewer
" Info —» encoding — image — decoding — understanding
* Perception: much is known, with ~ links to graphics
= T Bottom up: perceptual features, what grabs attention
= Top down: expectations provide a context
" @ Encoding attributes must consider what is to be seen
®* Color: What is the presentation goal?
" Color palettes for different purposes

" Transparency increases the effective use of color
* Cognition: What is the viewer’s TASK?
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