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Outline for today

e How human see data
e Data-Ink Maximization and Graphical Redesign

e Design considerations for different types of intended
audience
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Good data visualization is optimized
for our visual-memory system

e Helps us understand

A (very) simplified model of the visual-memory system
trends and patterns

e Makes data more r’iffe_c_t"l’f_cf'fftff‘_"f‘is_?’lf'lif________________I
accessible to different 1| lconic memory |\ oo abbed? i
. 1 |* <1 sec. i
audiences E * “Pre-attentive” !
e Usefulin decision- | Working memory i Information / key message
Ki d : « < few hours T
making an | + Limited (3-4 chunks) |1
communication e e e e e e ! v
Long-term memory
 Lifetime
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The power of pre-attentive processing

Count all the 5s in the following image
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The power of pre-attentive processing

Count all the 5s in the following image

5
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What is pre-attentive processing?

e Rapid, automatic processing of visual information before conscious attention kicks in.

e Happens within <250 milliseconds.

e Helps identify key patterns without effort.

)

\
System 1

Pre-attentive

Automatic
Fast
Subconscious
No voluntary control
Takes no effort

)

\

System 2
Attentive

Analytical
Slow
Conscious
Voluntary control
Takes effort
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Not all pre-attentive features are
created equal

Raise your hand when you see the red dot?

A e
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Classify data types

~ nominal |
/[ qualitative ]<[ o
]

\\\\ [cﬂsomﬂe
[ guantitative

onhnuous]
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Named categories

Categories with
implied order (<,=,>)

Only particular
numbers

Any numeric value



Introducing visual variable

“Avisual variable, in data visualization, is an aspect of a graphical object that can
visually differentiate it from other objects, and can be controlled during the design
process.”

- Jacques Bertin, 1967, Sémiologie Graphique
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In-Class Activity: ;

Create at least three sketches to visualize-thése two quantities

42,23

Which Bertin’s visual variables did you use in your sketches?
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45 ways to visualizae two quantities

vavavavd <K

https://rockcontent.com/blog/45-ways-to-communicate-two-quantities/
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Cleveland’s three visual operations of

pattern perception

@ Detection: Recognizing that a geometric object encodes a physical value.

& Assembly: Grouping detected graphical elements into patterns.

N\ Estimation: Visually assessing

the relative magnitude of two or more values.

Graphical Perception and Graphical
Methods for Analyzing Scientific Data

William S. Cleveland and Robert McGill

Graphs provide powerful tools both

The computer revolution,
which began in the 1960's and has inten-
sified during the past several years, stim-
ulated the invention of graphical meth-

mation from graphs; theory and experi-
mental data are then used to order the
tasks on the basis of accura
dering has an important application: data
should be encoded so that the visual
decoding involves tasks as high in the
ordering as possible, that is, tasks per-

‘Summary. Graphical perception is the visual decoding of the quantitative and

qualitative information encoded on

Recent investigations have uncovered

o
basic principles of human graphical perception that have imporant impiications for
. The

many graphical methods for analyzing and presenting scientific data, such as box
plots, two-tiered error bars, scatterplot smoothing, dot charts, and graphing on a log

base 2 scale.

0ds: types of graphs and types of quanti-
tative information to be shown on graphs
(14). One purpose of this article is to
describe and illustrate several of these
new methods.

‘What has been missing, until recently,
i this period of rapid graphical invention
and deployment is the study of graphs
and the human visual system. When a
graph is constructed, quantitative and
categorical _information is ~encoded,
chiefly through position, shape, size,
symbols, and color. When a per
looks at a graph, the information s visu-
ally decoded by the person’s visual sys-

be achieved only through an understand-
visual decoding process,
©).

the visualdecoding of quantitative ifor-

authorsar satistical sttt ATT el
Lllmmunu 45 Mot Rveme, Mmay Hil

o

formed with greater accuracy. This is
illustrated by several examples in which
some much-used graphical forms are
presented, set aside, and replaced by

Elementary Tasks for the Graphical
Perception of Quantitative Information

“The first step is to identify elementary
graphical-perception tasks that are used
o viswlly exlmcl  cuatitive inforan-
tion from . (By “quantitative
inform;
of a variable, such as frequency of radia-
tion and gross national product, that are
not highly discrete; this excludes cate-
gorical information, such s type of met-
al and nationality, which is also shown
on many graphs.) Ten tasks with which
we have worked, in our theoretical in-
vestgaions snd in ur experment, are
le, area, color hue,
salor satiration, denshy (@mount_of

al field that comes without apparent
mental effort. We also perform cognitive

{aoks such s teading sal inkormation,
but much of the power of graphs—an
what disinguishes them from et

have examined preattentive processes
rather than cognition.

We have swdied the elementary
eraphicalpercepton tasks theoretesly,
borrowing ideas from the more general
field of visual perception (7, 8), and

experimentally by having subjects judge
graphical clements (1, 5). The next two
sections illustrate the methodology with
afew examples.

Study of Graphical Perception: Theory

Figure 2 provides an illustration of
theoretical reasoning that borrows some
ideas from the field of computational
vision (8). Suppose that the goal is to
judge the ratio, r, of the slope of line.
Segment BC to the slope of line segment
AB in each of the three panels. Our
visual system tells us that r is greater
than 1 in each panel, which is correct.
Our visual system also tells us that r is
closer to 1 in the two rectangular panels
than in the square panel; that is, the
slope of BC appears closer (o the slope
of AB in the two rectangular panels than
in the square panel. This, however, is
incorrect; r is the same in all three pan-
els.

The reason for the distortion in judging
Fig. 2 is that our visual system is geared
to judging angle rather than slope. In
their work on computational theories of
ision in artifiial intel Marr (8)
and Stevens (9) have investigated how
people judge the slant and ilt (10) of the
surfaces of three-dimensional objects.
‘They argue that we judge slant and tilt as
angles and not, for example, as their
tangents, which are the slopes. An angle
contamination of slope judgments cx-
plains the distortion in judgments of Fig.
2. Let the angle of a line segment be the
angle between it and a horizontal ray
extending to the right (6 in Fig. 3). The
angles of the line segments in the square
pancl of Fig. 2 are not as similar in
magnitude as the angles in cither of the

common scale, positions on identical but
nonaigned scals, sope, and volume
o

Viowi decoding as we define it for
elementary graphical-perception tas

gular panels;
in the rectangular panels seem closer in
value.

Again, let @ be the angle of a line

what Julesz calls preatentive vision (6):
the of the visu-

butjust lage enough tht  difference in
f the line scgments can
SCIENCE, VoL. 29




Starting with estimation because itis
the hardest

Three levels of estimation

Level Example

1. Discrimination X=YX!I=Y

2. Ranking X<YX>Y
3. Ratioing X/Y=7

N We want to get as far down this list as possible with efficiency and accuracy
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What visual cues are most effective

for which type of data?
Visual encoding by data type

More Accurate Position e
A Length a—

Angle v

Slope S

Area *®
Density i

Saturation ®**

V Hue o9 0

Less Accurate Shape RIS

Position %e®
Density e

Saturation ®e e
Hue [ N ]
Length —

Angle Z
Slope 7
Area °®
Shape Al

Position %t
Hue o® 0
Density L

Saturation e e
Shape ®oaim
Length —

Angle L
Slope S
Area °®

Source: Yau, N. (2013). Data Points: Visualization That Means Something. Wiley.
PUBH 6199: Visualizing Data with R



15

Introducing the coffee ratings dataset

e These data contain reviews of 1312 arabica and 28 robusta coffee beans from the Coffee
Quality Institute’s trained reviewers. (Link to dataset)

e |t contains detailed information on coffee samples from different countries, focusing on
nine attributes like aroma, flavor, aftertaste, acidity, body, balance, uniformity, cup
cleanliness, sweetness.

e Total cup points measures the overall coffee quality.

library(tidyverse)

library(kableExtra)

coffee_ratings <- readr::read_csv("data/coffee_ratings.csv")
glimpse(coffee_ratings)

Rows: 1,337

Columns: 43

$ total_cup_points <db1> 90.58, 89.92, 89.75, 89.00, 88.83, 88.83, 88.75,..
$ species <chr> "Arabica", "Arabica", "Arabica", "Arabica", "Ara..
$ owner <chr> "metad plc", "metad plc", "grounds for health ad..
$ country_of_origin <chr> "Ethiopia", "Ethiopia", "Guatemala", "Ethiopia",..
$ farm_name <chr> "metad plc", "metad plc", "san marcos barrancas ..
$ lot_number <chr> NA, NA, NA, NA, NA, NA, NA, NA, NA, NA, NA, NA, ..
$ mill <chr> "metad plc", "metad plc", NA, "wolensu", "metad ..
$ ico_number <chr> "2014/2015", "2014/2015", NA, NA, "2014/2015", N..
$ comnanv <chr> "metad aaricultural develonmet nlc". "metad aari..
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https://github.com/rfordatascience/tidytuesday/tree/main/data/2020/2020-07-07
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Calculate country-level summaries

For each country in the 18 most frequent levels, calculate the average total cup points and
the number of coffee bean varieties, lump the other countries into the Other category.

country_summary <- coffee_ratings %>%
mutate(country = fct_lump(country_of_origin, 18)) %>%
group_by(country) %>%
summarize(mean_rating = mean(total_cup_points, na.rm = TRUE),
n=n()) %%
arrange(desc(mean_rating))
head(country_summary, 19)

# A tibble: 19 x 3

country mean_rating n

<fct> <dbl> <int>
1 Ethiopia 85.5 44
2 Kenya 84.3 25
3 Uganda 83.5 36
4 Colombia 83.1 183
5 El Salvador 83.1 21
6 China 82.9 16
7 Costa Rica 82.8 51
8 Thailand 82.6 32
9 Indonesia 82.6 20
10 Brazil 82.4 132
11 Tanzania, United Republic Of 82.4 40
12 Taiwan 82.0 75
13 Guatemala 81.8 181
14 lInited States (Hawaii) 1.8 73
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Let’s start from the bottom of the list

1. Position on a common scale

2. Position on non-aligned scales

3. Length

4. Angle

5. Area

6. Volume <> Density <> Color saturation

1.

PUBH 6199: Visualizing Data with R
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Use color hue to visualize average ratings

Easy: which has higher ratings, Kenya or Indonesia?

Other

United States (Hawaii)
Uganda

Thailand

Tanzania, United Republic Of

Taiwan

Nicaragua ]
mean_rating
Mexico
85
84
83
82

81

Kenya

Indonesia

country

India
Honduras
Guatemala
Ethiopia

El Salvador
Costa Rica
Colombia
China

Brazil
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Use color hue to visualize average ratings

Hard: which has higher ratings, Indonesia or Costa Rica?

Other

United States (Hawaii)
Uganda

Thailand

Tanzania, United Republic Of

Taiwan

Nicaragua ]
mean_rating
Mexico
85
84
83
82

81

Kenya

Indonesia

country

India
Honduras
Guatemala
Ethiopia

El Salvador
Costa Rica
Colombia
China

Brazil
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What about now?

Ethiopia
Kenya
Uganda
Colombia
El Salvador
China
Costa Rica .
mean_rating
Thailand
85
Indonesia
=
..E 84
Brazil
3 83
© Tanzania, United Republic Of 8o
Taiwan 81
Guatemala

United States (Hawaii)
Other

India

Mexico

Honduras

Nicaragua

Observation: alphabetical ordering of the categorical variable is almost never useful, re-

rank as needed.
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Move up one level to color saturation

1. Position on a common scale

2. Position on non-aligned scales
3. Length

4. Angle

5. Area

6.

7. Color hue

PUBH 6199: Visualizing Data with R
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Use color saturation to visualize average ratings

Other

United States (Hawaii)
Uganda

Thailand

Tanzania, United Republic Of
Taiwan

Nicaragua

Mexico

Kenya

Indonesia

country

India
Honduras
Guatemala
Ethiopia

El Salvador
Costa Rica
Colombia
China
Brazil
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No legend?
No problem.

Because color
saturation has
natural
ordering.




Color saturation is easier to quantify

Mexico

Colombia

Guatemala

Brazil

Other

Taiwan

United States (Hawaii)
Honduras

P Costa Rica
§ Ethiopia
8 Tanzania, United Republic Of
Uganda

Thailand

Nicaragua

Kenya

El Salvador

Indonesia

China

India

# of coffee bean
varieties

200
150
100

50
0
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The ratio
between
Mexico and
United States
IS. ..

20r3

Moving down
to the third




Move up one level to area

1. Position on a common scale

2. Position on non-aligned scales

3. Length

4. Angle

5.
6. Vo
7.Co

ume <> Density <> Color saturation

or hue

PUBH 6199: Visualizing Data with R
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This is weird graph but still informative

Brazil

Ethiopia

Kenva

Thailand

China

Guatemala

Mexico

Uganda

Colombia

Honduras

Nicaragua

United States (Hawaii)

Costa Rica

India

Taiwan

Other
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El Salvador
°
Indonesia
b Coffee bean varieties
(scaled for area)
® 50
Tanzania, United Republic Of @ 100
@ s



Move up one level to angle

1. Position on a common scale

2. Position on non-aligned scales

3. Length

4.

5. Area

6. Vo
7.Co

ume <> Density <> Color saturation

or hue

PUBH 6199: Visualizing Data with R
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Use angle to visualize coffee bean varieties

Mexico Colombia Guatemala Brazil Other
Taiwan United States (Hawaii) Honduras Costa Rica Ethiopia
/ / . -
/ _ —
Tanzania, United Republic Of Uganda Thailand Nicaragua Kenya
El Salvador Indonesia China India
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Pie charts use angles to encode data

processing_method
. Natural / Dry

. Other

. Pulped natural / honey
. Semi-washed / Semi-pulped
. Washed / Wet

For categorical data, no more than 6 colors is best.

(Source: European Environment Agency)
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https://www.eea.europa.eu/data-and-maps/daviz/learn-more/chart-dos-and-donts

We are so close!

1. Position on a common scale

Honduras
2. Position on non-aligned scales Hicaragua
United States (Hawaii)
3. Thailand
Other
4- Angle Tanzania, United Republic Of
Ugand
5. Area Jends
China

Taiwan

6. Volume <> Density <> Color
saturation

Mexico

country

India
7. Color hue Indonesia
Brazil

El Salvador
Costa Rica
Guatemala
Colombia
Kenya
Ethiopia
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25

50
average ratings

75
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Wait, | thought there is some difference...
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The start-at-zero rule

Ethiopia
Kenya
Uganda
Colombia
El Salvador
China
Costa Rica
Thailand
Indonesia

Brazil

country

Tanzania, United Republic Of
Taiwan

Guatemala

United States (Hawaii)

Other

India

Mexico

Honduras

Nicaragua

mean_rating

country

i o Tanzania, United Republic Of

Ethiopia

Kenya

Uganda

Colombia

El Salvador

China

Costa Rica

Thailand

Indonesia

Brazil

Taiwan

Guatemala

United States (Hawaii)
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]
Mexico :l
]

Honduras

Nicaragua I

80
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average ratings
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How to Lie with Statistics (1954)

e Darrell Huff argues that truncating the y-axis can exaggerate differences and mislead
the viewer.

e |t creates a false impression of dramatic change where the actual variation is small.

Comparison of GDPs in 2019 Comparison of GDPs in 2019 Comparison of GDPs in 2019
4000 600
3500
500 A
580 7
3000 -
400 A
a Q 2500 2 s60
> > >
G G G
© 300 - w 2000 w
= = =
= = =
@ @ 1500 3 2407
200 A
1000 A
520 A
100 4
N -_-
0- 0- 500 -
Sweden Poland Sweden Poland Sweden Poland
Poland and Sweden are doing similarly great! Oh, both have small GDPs...

Poland is doing much better!
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The Visual Display of Quantitative Information
(1983)

e Edward Tufte prioritizes data density and the detection of subtle patterns.

e He argues that starting at zero can waste valuable space, obscuring meaningful variations.

Combined MMR vaccination rate, 1994/95 Take another look, axis doesn’t start at zero
to 2014/15, England ,

100
100
95
N W—
80
70 90
85

80

75

P
b2

T 1
199495 189697 1998-99 2000-1 2002-3 2004-5 2008-7 2008-9 2010-11 201213 201415

Source: NHS Immunisation Statistics - England, 2014-15, Table 8 and 9, HSCIC Source: NHS Immunisation Statistics - England, 2014-15, Table 8 and 9, HSCIC
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Position, but not a common scale

l. POSItIOI’] On a Common Scale Nicaragua Honduras Mexico India Other
2- ® 7N ® L 2 &
3. Length

Jnited States (Hawaii Guatemala Taiwan zania, United Republ Brazil
4. Angle
5. Area ] ) ! - -
6. Volume <> Density <> Color Indonesia Thailand Costa Rica China El Salvador
saturation
7. Color hue
Colombia Uganda Kenya Ethiopia 80 82 84 86

®
®
®

80 82 84 8680 82 84 8680 82 84 8680 82 84 86
average ratings
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Position, and a common scale
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1.

Ethiopia
2. Position on non-aligned scales enya
Uganda
3. Length Colombia
El Salvador
4. Angle |
China
5. Area Costa Rica
. Thailand
6. Volume <> Density <> Color . Indonesia
saturation I Brazil
o)
© Tanzania, United Republic Of
7. Color hue iy
aiwan
Guatemala

United States (Hawaii)
Other

India

Mexico

Honduras

Nicaragua
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Position, and a common scale
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1.

2. Position on non-aligned scales
3. Length
4. Angle

5. Area

6. Volume <> Density <> Color
saturation

7. Color hue

Other

United States (Hawaii)
Uganda

Thailand

Tanzania, United Republic Of
Taiwan

Nicaragua

Mexico

Kenya

Indonesia

country

India
Honduras

Guatemala

Re-ranking categorical variables still matters! Ethiopia

El Salvador
Costa Rica
Colombia
China

Brazil
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Implications for designing effective data
visualizations

e Stacked anything is nearly always a mistake

e Pie charts are always a mistake

e Scatterplot are the best way to show the relationships between two
variables

o |f growth (slope) isimportant, plot it directly

PUBH 6199: Visualizing Data with R
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Stacked anything is nearly always a mistake!

Stacked Bar Graph of Diamond Cut by Clarity

cut

. Fair

. Good

. Very Good
- . Premium

10000

Count

5000

Ideal

11 SI2 Sl VS2 VS1 VVS2 VVS1 IF
Clarity

Which category has higher count: SI1-Premium or VS2-Premium?

PUBH 6199: Visualizing Data with R
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Transform stacked barplot to a parallel
coordinate plot

Diamond Cut Profiles by Clarity

5000
4000
cut
. 3000 -~ Fair
5 -e- Good
8 -o- Very Good
2000 - Premium
7 Ideal
0 g ® —e
11 SlI2 Si1 VS2 VS1 VVS2 VVS1 IF
Clarity

Which category has higher count: SI1-Premium or VS2-Premium?

PUBH 6199: Visualizing Data with R
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You lose some information, but just use two
charts if needed

Diamond Cut Profiles by Clarity Count of Diamond by Clarity
5000
4000
10000
cut
., 3000 - Fair N
5 -~ Good 5
8 -o- Very Good 8
2000 Premium
5000
Ideal
1000
0o ¥ 0
11 SI2 SI1 VS2VSIVWSVS1 IF 1 SI2 S VvS2 VST VWS2 WS1 IF
Clarity Clarity
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Why are pie charts never a good idea?

Position Length Angle Direction Area Volume Saturation Hue
. ‘ HEEE EE
..... . ’ .‘ .

4 More accurate Less accurate »

Angle is #4 on the accuracy list, we can do better.

PUBH 6199: Visualizing Data with R
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If you have a small amount of data to show,
don’t use pie charts

Don’t do this! Do this instead!

Label Value
A 25

B 60
A
\ C 15

C

Simple Pie Chart

PUBH 6199: Visualizing Data with R
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If you have a lot of data to show, don’t use pie
charts

Don’t do this! Or this!

Thailar(;;é)s‘ta Rica Ching Salvador
nnnnnnnn i

Uganda

Guatemala

exico
United States (Hawaii)

Other India Colombia
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All good pie charts are jokes

B Sky

Sunny side of pyramid

 Shady side of pyramid
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If you want to show the relationship between
two variables, use scatterplot

Daily Ozone Levels (1973)

150

o
o

L2100
@
c
R

o 50

0

May Jun Jul Aug Sep Oct
Date
Daily Temperature (1973)

E 90
g

= 80
o
g

IS 70
@
|_

60

May Jun Jul Aug Sep Oct
Date

What is the relationship between Ozone concentrations and temperature?
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If you want to show the relationship between
two variables, use scatterplot

Ozone vs. Temperature

150

Ozone (ppb)

50

60 70 80 90
Temperature (F)
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If you care about the growth (slope), plot it
directly

Population Growth (1952-2007)

1B
=== Brazil

< 300M
e .
E me=  China
a = = |ndia
=] -
0. === Nigeria
=== United States
100M
30M
1950 1960 1970 1980 1990 2000
Year

Which country has higher. population growth: Nigeria or India?
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If you care about the growth (slope), plot it
directly

Population Growth Rate (1952-2007)

15.0%

Country

=== Brazil

l === China
10.0% === |ndia

=== Nigeria

=== United States
5.0%

1980 1990 2000
Year

Growth Rate (%)

1950 1960 1970
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Cleveland’s three visual operations of
pattern perception

@ Detection: Recognizing that a geometric object encodes a physical value.

& Assembly: Grouping detected graphical elements into patterns.

% Estimation: Visually assessing the relative magnitude of two or more values.
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Assembly: Gestalt Psychology

“Gestalt (German for form, shape, or configuration). Gestalt psychology proposes
that the human brain perceives objects as part of a greater whole rather than as
isolated elements.”

PUBH 6199: Visualizing Data with R
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Applying Gestalt principles to data
visualization

Law of Continuity

Vol

Law of Similarity

| _BON NON N0
| BON NON NO)

| BON NON N0
| BON NON N0

| HON NON NGO
| HON NON NGO
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Law of Closure

<|l|

“The law of Pragnanz, also known as the law of good Gestalt. People tend to
experience things as regular, orderly, symmetrical, and simple.”

Law of Proximity

OO0OO0OO0O0O0
OO0OO0OO00O0
OO0OO0OO0O0O0
OO0OO0OO0O0O0
OO0OO0OO0O0O0
OO0OO0OO0O0O0

o O
o O
o O
o O
o O
o O

O O
O O
O O
O O
O O
O O
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Bad visualizations lack law of continuity

Other °
United States (Hawaii) °
Uganda °
Thailand ®
Tanzania, United Republic Of ®
Taiwan °
Nicaragua ®
Mexico ®
Kenya
Indonesia ®
India o
Honduras °
Guatemala o
Ethiopia
El Salvador °
Costa Rica °
Colombia L
China ®

country

Brazil ®

80 82 84
average ratings

This hurts our brain.
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Good visualizations leverage law of continuity

Ethiopia
Kenya
Uganda °
Colombia ®
El Salvador ®
China ®
Costa Rica ®
Thailand °
Indonesia ®
Brazil °
Tanzania, United Republic Of ®
Taiwan [
Guatemala o
United States (Hawaii) °
Other °
India o
Mexico o
Honduras ®

country

Nicaragua ®

80 82 84
average ratings

This is much easier.
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Use law of similarity to group similar data

Ozone vs. Temperature (May—July)

@

100

Ozone (ppb)
@

50 8

o
[
e ¢ ©

o

60 70 80 90
Temperature (F)

PUBH 6199: Visualizing Data with R

Month
©  May
® June

@ July
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Some encodings are better than others

Visual encoding by data type
_ Quantitative  Ordinal  Nominal

More Accurate Paosition
A Length
Angle
Slope
Area
Density
Saturation

V Hue
Less Accurate Shape

*+® Position %
— Density e
Z. Saturation eee
/ — Hue oce
®*® |ength —
e Angle L
®e e Slope i
®® e Areg o ®
® AN Shape ® AN
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Position e
Hue e 0
Density LA

Saturation ®e® e
Shape eim
Length —

Angle Z
Slope =
Area o
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Shape is less effective than color hue for
nominal data

Ozone vs. Temperature (May—July)
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You can combine both color and shape to be
more effective

Ozone vs. Temperature (May—July)
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Use law of closure to group similar data

Ozone vs. Temperature (May—July)
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Law of proximity: we see elements near each
other as part of the same object

Dodged Bar Graph of Diamond Cut by Clarity

. Fair
. Good
. Very Good
. Premium
J Ideal
_j j .

VVS2 VVS1

5000

4000

3000

Count

2000

1000

0 e

Clarlty

PUBH 6199: Visualizing Data with R




59

Still worse than parallel coordinate plot

Diamond Cut Profiles by Clarity
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Cleveland’s three visual operations of
pattern perception

@ Detection: Recognizing that a geometric object encodes a physical value.

& Assem bly: Grouping detected graphical elements into patterns.

% Estimation: Visually assessing the relative magnitude of two or more values.

PUBH 6199: Visualizing Data with R g



Detection should be trivial, don’t make it hard

Ozone vs. Temperature (May—July)
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Detection should be trivial, don’t make it hard

Ozone vs. Temperature (May—July)
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Detection should be trivial, don’t make it hard

Ozone vs. Temperature (May—July)

Temperature (F)
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® Take a Break
~ This is the end of part 1 ~




Outline for today

e How human see data
e Data-Ink Maximization and Graphical Redesign

e Design considerations for different types of intended
audience

PUBH 6199: Visualizing Data with R
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Principles of Graphical Excellence

e Graphical excellence is the well-designed presentation of interesting data - a matter of
substance, of statistics, and of design.

e Graphical excellence consists of complex ideas communicated with clarity, precision,
and efficiency.

e Graphical excellence is that which gives the viewer the greatest number of ideas in the
shortest time with the least ink in the smallest space.

e Graphical excellence is nearly always multivariate.

e Graphical excellence requires telling the truth about the data.

PUBH 6199: Visualizing Data with R
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Lie factor

Lie Factor — size of effect shown in graphic

size of effect in data

Thus line, representing 18 miles per
gallon in 1978, is 0.6 inches long,

1978 18
ra
mféx'—_“\” 20 Fuel Economy Standards for Autos

B L . 22
| / : Set by Congress and supplemeantad by tha Transpartation
s}f 24 Department. In miles per gallon.

This line, representing 27.5 miles per
gallon in 1985, is 5.3 inches long.

Can you calculate the lie factor in this graph?

PUBH 6199: Visualizing Data with R




Why are 3D graphs bad?

U.S. SmartPhone Marketshare

Source: the Guardian, 2008
PUBH 6199: Visualizing Data with R



https://www.theguardian.com/technology/blog/2008/jan/21/liesdamnliesandstevejobs

How should the data be plotted?

PUBH 6199: Visualizing Data with R
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Or even better
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Maximize Data-Ink Ratio

Data ink

Data-Ink Ratio = , , ,
Total ink used 1n graphic

= proportion of a graphic's ink devoted to the

non-redundant display of data-information
Redundant ink

* Total ink used in graphic

PUBH 6199: Visualizing Data with R
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Avoid junk chart

15%

10%

5%

Jan Feb Mar Apr May Jun Jul Aug Sep
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Avoid junk chart

15% — =

10% — =

5% | I i
Aug

Jan Feb Mar Apr May Jun Jul Sep
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Avoid junk chart

15% =

10% [~

5% —
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Jan

Feb Mar Apr May Jun
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Avoid junk chart

15% |~

10% [~
5% |- I

Jan Feb Mar Apr May Jun Jul Aug Sep

PUBH 6199: Visualizing Data with R




76

Avoid junk chart

15% —

10% —
- I I

Jan Feb Mar Apr May Jun Jul Aug Sep
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Avoid junk chart

15%

10%
5% I I

Jan Feb Mar Apr May Jun Jul Aug Sep
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Data density in graphical practice

Percent
35

number of entries in data m:

data density of a graphic =

25

area of data graphic

20

2 data points

data density = ,
y graph covres 26.5 square inch

= 0.15 numbers per square inch

Office of Management and Budget

Social Indicators, 1973 PUBH 6199: Visualizing Data with R
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Data density in graphical practice

166 THEORY OF DATA GRAPHICS

Jacques Bertin, Semiologie Graphique
(Paris, second edition, 1973), p. 152.

number of entries in d

data density of a graphic =
area of data graj

240,000 data points

graph covres 27 square inch
= 9,000 numbers per square inch

data density =

Jacques Bertin, Semiologie Graphique, 1973
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How to create high-information graphics
design?

Graphics can be shrunk way down

Default size Appropriate size
Ethiopia
Ethiopia
Kenya
g
c
3}
Colombia
g
S Uganda El Salvador
3
0 25 50 75

25 50 75

o
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Small Multiples

“Small multiples resemble the frames of a movie: a series of graphics, showing the
same combination of variables, indexed by changes in another variable.”

Tufte, E. R. (1983). The Visual Display of Quantitative Information. Cheshire, CT: Graphics Press.

Regional Support for Same-Sex Marriage

% favoring same-sex marriage, 2003-2014

NEW ENGLAND MIDDLE ATLANTIC GREAT LAKES MIDWEST
CT, MA, ME, NH, RI, VT DC, DE, MD, MJ, MY, PA IL, IN, M1, OH, Wi IA, KS, MM, MO, NE, ND, 5D

[183%
ass ” /\/
D_’/\/-/‘“ D41% 41% 40%
27%

21%
SO0UTH ATLANTIC SOUTH CENTRAL MOUNTAIN PACIFIC
FL, GA, NC, 5C, VA, Wy AL, AR, KY, LA, M5, OK, TN, TX AZ, CO, 1D, MT, NM, NV, UT, WY AR, CA, HI, OR. WA
014 2003 014 14

Note: Regional breakdowns are based on the U.5. Census regions and divisions, with three exceptions. Maryland, Delaware
and D.C. are grouped in the mid-Atlantic with New York, New Jersey and Pennsylvania, instead of in the South Atlantic. The
census divisions of East South Central and West South Central are combined ir |l single South Central designation
PEW RESEARCH CENTER

Pew Research Center
PUBH 6199: Visualizing Data with R



https://www.pewresearch.org/decoded/2018/12/20/how-pew-research-center-uses-small-multiple-charts/
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Well-designed small multiples are

inevitably comparative

e deftly multivariate

e shrunken, high-density graphics

e usually based on a large data matrix
e draw almost entirely with data-ink

o efficientin interpretation

e often narrative in content, showing shifts in the relationship between variables as the
index variable changes (thereby revealing interaction or multiplicative effects)

PUBH 6199: Visualizing Data with R g
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Bad graph dete ctor~/

Please search the internet for bad visualizations, and discussin..
a small group which design principles are violated.
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Outline for today

e How human see data
e Data-Ink Maximization and Graphical Redesign

e Design considerations for different types of intended
audience

PUBH 6199: Visualizing Data with R
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Audience dimensions

Audience may vary by:

e Domain knowledge: the field of study

Statistical literacy: the level of knowledge

e Time constraints: the time available to read the data

Cognitive load: the ability to process large amount of information

e Expectations for interactivity or aesthetics

PUBH 6199: Visualizing Data with R
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Tufte’s design principles

e Graphicalintegrity
e The Lie Factor
e Maximize data-ink ratio

e Avoid chart junk

Most useful for analytical or technical audience, e.g. scientists, engineers, and data
analysts. Less useful for the general public or media campaigns.

PUBH 6199: Visualizing Data with R
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Useful junk

MONSTROUS COSTS

Total House and Senate

1 > DIAMONDS WERE A GIRL'S BEST FRIEND ; DIAMONDS WERE A GIRL'S BEST FRIEND
campaign expenditures, Average price of a one-caral D-flawless T Forerage price of a one-carst D-flawless

in millions

=1 560,000
=1 550,000
=1 540,000
=1 530,000
=1 520,000
1978 1979 1980 1981 1982
i - - - . 1] I
1978 15 1980 1381 1982
MONSTROUS COSTS
Total House and Senate campaign expenditures, in millions
EMPLOYMENT COSTS FOR A STEELWORKER PER HOUR
Average of Arit ndne months, 1982

b '5300 LEEL ]

+ 250

T 200

ML
s
E o 'I 50 1108
]
T 100
- 50 EEA LY
0 s W. Germany France Japan Britsin S Kores

Bateman et al, CHI 2010: Graphs
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https://sites.stat.columbia.edu/gelman/communication/Bateman2010.pdf

—_* How do the visuals help (or hurt) comprehension?

A/

o8

In-Class vity: :

Choose one of the three visualizaiﬁs’énd answer;

e What message is this chart trying to convey?

"-‘H‘%lfwy.gy removed the embellishments, what would be lost or
gained?__

PUBH 6199: Visualizing Data with R



Data accessibility for individuals with
intellectural or developmental disabilities

PUBH 6199: Visualizing Data with R
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Data accessibility for individuals with color
blindedness

Color blindness affects approximately 1in 12 men and 1in 200 women. To
ensure your visualizations remain accessible:
e Avoid red-green or red-brown combinations

e Use colorblind-friendly palettes, suchasviridis, Okabe-Ito,or Color
Universal Design (CUD)

e Add texture, shape, or direct labels to differentiate groups beyond color
e Test your charts with tools like colorblindr

e Use contrast checkers to ensure sufficient visual separation

Designing with color blindness in mind improves clarity for everyone.

PUBH 6199: Visualizing Data with R e



End-of-Class Survey

@ Fill out the end-of-class survey

~ This is the end of Lecture 2 ~




