Week 5: Visualizing Information
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https://eda.seas.gwu.edu/2021-Spring/schedule.html
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https://psyteachr.github.io/msc-data-skills/ggplot.html

"Having word processing software
doesn't make us great writers."

— Stephen Few
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We don't write
paragraphs like this

- sometimes dc this [use poor

graphic choices] because they've seen similar

charts in newspapers SEONIHEWES and

they're naively following a bad exawg,{g. Pecple

know better sometimes do this because

-

they care more about the UEEIRIIsE than the

of communication. If we wanted to tell

the truth in a way people can gasily
understand, this is not an approach.

Image from Few (2012, pg. 227)

So don't make
graphs like this
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Week 5: Visualizing ‘Information
1. The Human Visual-Memory System
2. The Psychology of Data Viz

BREAK

3. 10 Data Viz Best Practices

4. Making a (good) ggplot
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Good visualizations optimize for
the human visual-memory system
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A (very) simplified model of the visual-memory system

Iconic memory
e <1 sec.
 “Pre-attentive”




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

Iconic memory
e <1 sec.
* “Pre-attentive”

Attention “grabbed”

Y

Working memory
» < few hours
* Limited (3-4 chunks)
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A (very) simplified model of the visual-memory system

Effective charts focus on this

Iconic memory
e <1 sec.
* “Pre-attentive”

Attention “grabbed”

Working memory
» < few hours
* Limited (3-4 chunks)
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A (very) simplified model of the visual-memory system

Effective charts focus on this

——————————————————————————————————————

Iconic memory
e <1 sec.
e “Pre-attentive” l

Attention “grabbed”

Working memory

Information / key message
e < few hours - E
 Limited (3-4 chunks)

o [mededce) ]

Long-term memory
* Lifetime
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Two objectives of effective charts:
1. Grab & direct attention (iconic memory)

2. Reduce processing demands (working memory)
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The power of pre-attentive processing
Count all the "5"'s
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The power of pre-attentive processing
Count all the "5"'s

16 /146



Orientation Line Length Line Width Size . .
: Pre-attentive attributes
RN cooo
Faw | N X
| ] ceoe e
Shape Curvature Added Marks Enclosure ¢
300 A
NI IR I .
ERRIBIRRIIEARIIN AN ol Cylinders
L D220 0 01 Hjfl Fo | o "ot ‘g
spatial Positi 100- LR PR - 8
Intensity Hue 2-D Position o ¢ %
® ®© ¢ © 0 0 0O 0 -
® 000 0000 e 00 1'0 1'5 2'0 2'5 3'0 3'5
@ o0 0000 @ mpg

17 [ 146



Orientation Line Length Line Width Size
NN cece
-1 ‘ N K
. EEE

Shape Curvature Added Marks Enclosure
RN (Ao IO R DT | N I N N | O
NN N S

L L2200 11 Byfl 11|

Color Spatial Position

Intensity Hue 2-D Position

® © 0606 0 0 0 0

® ®© 00 o 0 0 0 ® 0 0

@ ® & o0 0 0 @

300

200 -

100 A

Pre-attentive attributes

Numerical (ratio) data

o
L ]
o0 .
: ° Cylinders
00 o e 4
® ® 6
...... o @ 8
e © . ee
10 15 20 25 30 35

mpg

18 / 146



Form

Qrientation _ .Line Length ) ‘Line Width | ?ize , P re _atte ntlve attrl b u teS
] cece
& @ . .
: /I : : ‘ | :.:. Numerical (ratio) data
| Categorical (ordinal) data
Shape . CUwature _Added Marks “Enclosure
T T T 10 20 20 2 N I IO I O I O :
NI SEDDYIE SN N 300+
EERI PRI TRENI INEN Cylinders
| 2001 # D4
Color Spatial Position < :“ - .
Intensity Hue 2-D Position °e 6
‘ , : P 100 - ° ... . ° e §
® © 0 0| 0 0 0 0 . © oo
® © 0 0|0 ® 0 o ® 0 0 ’
@ ® |0 0 0 0O @ 0 ,
10 15 20 25 30 35

mpg
19 /146



Not all pre-attentive attributes are equal
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ere Is the red dot?

® )
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1. Hue (color) > shape

2. Less is more (stay in working memory!)

For categorical data:

[ 146




. e o
4 .
e - O
o < o o° ¢ o®
o0 *
o
[ ]
- o
. ® 0
b .
° . o ®
° [ ] O
° 2 1 .
° pe
o
. N
X
. .8 e
)
oooo - L O
° Ooon
2o . o
Xa\
° ® * N °
° [ ] ° O
L - ~o Ole \o ° c ® °
' [ ]
° L4 SeN
T T T T T T T T .- T
- o = - o = o 5
A
®]
o © O T 0 « O £ —_
)]
—-—
m ® [ ] [ ] [ ] [ ] [ ] [ ] [}
(&)
= N
® .
o ° ooo o
[ )
° « o o o
o ° ®
° P ) . ®
°
) '“o ¢ +° o -
® ® g %<
™ ° 0% .
. . %, o ® Lol
.. . e @® b
° . o ® o
.. o ™Y [ ] ®
Py ®
° ®
= N
PY 1
°
[ ]
T T
-— o -

23 /146



IVE CASES PER 100,000: ALL STATES




Week 5: Visualizing ‘Information
1. The Human Visual-Memory System
2. The Psychology of Data Viz

BREAK

3. 10 Data Viz Best Practices

4. Making a (good) ggplot
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Much of the content in this section Is from
John Rauser's on YouTube

(Always cite your sources)
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https://www.youtube.com/watch?v=fSgEeI2Xpdc

Graphical Perception and Graphical
Methods for Analyzing Scientific Data

William S. Cleveland and Robert McGill

Graphs provide powerful tools both
for analyzing scientific data and for com-
municating quantitative information.
The computer graphics revolution,
which began in the 1960's and has inlen-
sified during the past several years, stim-
ulated the invention of graphical meth-

mation from graphs; theory and expen-
mental data are then used to order the
tasks on the basis of accuracy. The or-
dering has an important application: data
should be encoded so that the visual
decoding mvolves tasks ax high in the
ordening as poswuble, that s, tasks per-

Summary. Graphical perception is the visual decoding of the quantitative and
qualitative information encoded on graphs. Recent investigations have uncovered
basic principies of human graphical perception that have important impiications for
the display of data. The computer graphics revolution has stimulated the invention of
many graphical methods for analyzing and presenting sciensfic data. such as box
plots, two-tiered error bars, scatierpiot smoothing, dot charts, and graphing on a log

base 2 scale.

ods: types of graphs and types of quanti-
tative information to be shown on graphs
(I<4). One purpose of this article is to
describe and dlustrate several of these
new methods,

What has been missing, until recently,
in this period of rapid graphical invention
and deployment is the study of graphs
and the human visual system. When a
graph 15 construcled, quantitalive and
categoncal information is  encoded,
chiefly through position, shape. size,
symbols, and color. When a person
looks at a graph, the information is visu-
ally decoded by the person’s visual sys-

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

Elementary Tasks for the Graphical
Perception of Quantitative Information

The first step is to identify clementary
graphical-perception tasks that are used
to visually extract quantitative informa-
uon from a graph. (By ““quantitative
information”” we mean numencal values

al field that comes without apparent
mental effort. We also perform cognitive
tasks such as reading scale information.
but much of the power of graphs—and
what distinguishes them from tables—
comes from the ability of our preatten-
tive visual system to detect geometric
patterns and assess magmitudes. We
have examined preattentive processes
rather than cognition.

We have studied the elementary
graphical-perception tasks theoretically,
borrowing ideas from the more general
field of visual perception (7, 8). and
expenimentally by having subjects judge
graphical elements (/, 5). The next two
sections illustrate the methodology with
a few 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 1o
judge the ratio, r, of the slope of line
segment BC to the slope of line segment
AB in cach 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 | in the two rectangular panels
than in the square pancl; that is, the
slope of BC appears closer to the slope
of AB in the two rectangular pancls than
m 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 theones of
vision in artificial intelligence, Marr (8)
and Stevens (9) have investigated how
people judge the slant and tilt (/0) of the
surfaces of three-dimensional objects.
They argue that we judge slant and tilt as

Cleveland, W. S., & McGill, R.
(1985). Graphical perception and
graphical methods for analyzing

scientific data. Science, New
Series, 229(4716), 828-833.
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Cleveland's operations of pattern perception:

1. Estimation
2. Assembly

3. Detection
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Cleveland's operations of pattern perception:

1 Estimation -------- S . Discrimination (X equal to Y?)
. Ranking (X greater than Y?)

2. Assembly
. Ratioing (X double Y?)

3. Detection

29 [ 146




Estimation: Hierarchy for numerical data

Position Length Angle Direction Area Volume Saturation Hue
HII IH
. |
More Accurate Less Accurate
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Example: Life expectancy in countries in Asia

1
2
3
4
5
6
7
8
9

country lifeExp

Afghanistan
Iraq
Cambodia
Myanmar
Yemen, Rep.
Nepal
Bangladesh
India
Pakistan
Mongolia
Korea, Dem. Rep.
Thailand
Indonesia
Iran
Philippines
Lebanon
Jordan

Saudi Arabia
China

43.
59.
59.
62.
62.
63.
64.
64.
65.
66.
67.
70.
70.
70.
71.
71.
712.
72.
72.

828
545
723
069
698
785
062
698
483
803
297
616
650
964
638
993
535
777
961
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. Position on
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. Length
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. Color saturation
. Color hue

| X Discriminate
/| X Rank
x Ratio

Yemen, Rep.

West Bank and Gaza
Vietham

Thailand

Taiwan -
Syria T
Singapore -
Saudi Arabia
Philippines
Pakistan
Oman
Nepal
Myanmar
Mongolia
Malaysia
Lebanon

Kuwait -
Korea, Dem. Rep. - ——

Korea -
Jordan -

Japan -

Israel -

Iraq

Iran
Indonesia
India

Hong Kong, China -
China

lifeExp
80

70
60

50

Cambodia
Bangladesh
Bahrain
Afghanistan
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1. Position on a
common scale

. Position on
non-aligned scales

. Length

. Angle

. Area

. Color saturation

. Color hue

N

NO Ol b~ W

Sorting helps a bit...

e M/ x Discriminate
e M/ x Rank
e X Ratio

Japan -

Hong Kong, China -
Israel =
Singapore -
Korea -
Taiwan -
Kuwait -
Oman
Bahrain
Vietnam
Malaysia
Syria

West Bank and Gaza
China

Saudi Arabia
Jordan
Lebanon
Philippines
Iran
Indonesia
Thailand
Korea, Dem. Rep.
Mongolia
Pakistan
India
Bangladesh
Nepal
Yemen, Rep.
Myanmar
Cambodia
Irag
Afghanistan

lifeExp
80

70
60

50
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. Color hue
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Yemen, Rep. =

West Bank and Gaza - [N
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Thailand - |

Taiwan - |
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Saudi Arabia - |
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e —
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Vietnam
Malaysia
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Saudi Arabia
Jordan
Lebanon
Philippines
Iran
Indonesia
Thailand
Korea, Dem. Rep.
Mongolia
Pakistan
India
Bangladesh
Nepal
Yemen, Rep.
Myanmar
Cambodia
Iraq

Afghanistan - ®

50

60 70
lifeExp

80
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1. Positionon a
common scale

. Position on
non-aligned scales

. Length

. Angle

. Area

. Color saturation

. Color hue

N

NO Oorvpb~ W

No need to scale to O:

e Lowers resolution
e |sn't needed for
accurate ratioing

Japan

Hong Kong, China
Israel
Singapore
Korea
Taiwan
Kuwait
Oman
Bahrain
Vietnam
Malaysia
Syria

West Bank and Gaza
China

Saudi Arabia
Jordan
Lebanon
Philippines
Iran
Indonesia
Thailand
Korea, Dem. Rep.
Mongolia
Pakistan
India
Bangladesh
Nepal
Yemen, Rep.
Myanmar
Cambodia
Iraq
Afghanistan

20

40
lifeExp

80
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Sorting still matters!
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Mongolia
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Korea
Jordan
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Iran
Indonesia
India

Hong Kong, China
China
Cambodia
Bangladesh
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Afghanistan

50

60

lifeExp

70

80
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Cleveland's operations of pattern perception:

1. Estimation
2. Assembly

3. Detection
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Cleveland's operations of pattern perception:

1. Estimation

2. Assembly -------- > The grouping of graphical elements

3. Detection
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. Gestalt Psychology

The whole has a reality that is entirely separate from the parts
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Law of
Closure

Our minds fill in
the missing
information

2.0 -

1.5

> 1.0

0.5

0.0 1

0.0

0.5

1.0

15

2.0
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Pragnanz

We strongly prefer to interpret stimuli as regular, simple, and orderly
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Pragnanz

This makes our
brains happy

Japan

Hong Kong, China
~ lsrael
Singapore
Korea
Taiwan
Kuwait
Oman
Bahrain
Vietham
Malaysia
Syria

West Bank and Gaza
China

Saudi Arabia
Jordan
Lebanon
Philippines
Iran
Indonesia
Thailand
Korea, Dem. Rep.
Mongolia
Pakistan
India
Bangladesh
Nepal
Yemen, Rep.
Myanmar
Cambodia
Iraq

Afghanistan - ®

50 60 70
lifeExp

80
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Law of
Continuity

We will group
together objects
that follow an
established direction

300 -
@
0
@
200 3
®© 00 oo
o«
@
100 - Te *
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0-
10 15 20 25 30
mpg
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o
Continuity
We will group o 2007
together objects <
that follow an
established direction 1001
0 -

10 15 20 25 30 35
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Law of
Similarity

We see elements
that are physically
similar as part of the
same object

300 -
200 ¢
o © 00 o
= -
] PR
0_
10 15 20 25 30 35
mpg

Cylinders
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Law of
Similarity

We see elements
that are physically
similar as part of the
same object

300 -

200
Q
c

mpg

Cylinders
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Law of
Similarity

We see elements
that are physically
similar as part of the
same object

300 -
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co o b~
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Similarity _ |
. ° Cylinders
We see elements a 2001 556 4 . 4
that are physically <+ & 5 6
similar as part of the ° 0 4 s 8
same object 100 - e
0 -

mpg
61/ 146



5,000 A
Law of
R 4,000 -
Proximity L
€ 3,000 - B Fair
We tend to see 3 B Good
O B Very Good
elements that are 9000 - B Premium
physically near each | Ideal
other as part of the 000
same object |

1 SI2 S VS2 VS1 VWS2VWVS1 IF
clarity
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Law of

Proximity 100007
We tend to see S
elements that are © 5000

physically near each
other as part of the
same object

¥ SI2  SIM  VS2 VST WS2 WS1 IF
clarity
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Law of
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same object |
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Cleveland's operations of pattern perception:

1. Estimation
2. Assembly

3. Detection
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Estimation: Hierarchy for numerical data

Position Length Angle Direction Area Volume Saturation Hue
HII IH
. |
More Accurate Less Accurate
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Assembly: Gestalt Psychology

Law of
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Cleveland's operations of pattern perception:

1. Estimation
2. Assembly

Recognizing that a geometric object
3. Detection -------- > encodes a physical value
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REVISED & EXPANDED EDITION

Norman door (n.):
The DESIGN
1. A door where the design tells you to

do the opposite of what you're actually Of EV E RY DAY

supposed to do.

2. A door that gives the wrong signal and T H I N G S
needs a sign to correct it.
DON
NORMAN
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Norman door Non-Norman door

v
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The white circles you see at the intersections is called the "Hermann Grid illusion"
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Break!

Stand up, Move around, Stretch!

05:00

J
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Week 5: Visualizing ‘Information
1. The Human Visual-Memory System
2. The Psychology of Data Viz

BREAK

3. 10 Data Viz Best Practices

4. Making a (good) ggplot
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COOMNODUAWN =

10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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"Erase non-data InRk."
— Ed Tufte
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MONSTROUS COSTS

Total House and Senate
campaign expenditures,
in millions

Figure 1.6: "Monstrous Costs’ by Nigel
Holmes, in Healy, 2018

N w
o o
o o

Campaign expenditures ($ mil)
o
o

N

Total House and Senate
campaign expenditures

1972 1974 1976 1978 1980 1982
est.

Year
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Remove
o |mprove

(the data-ink ratio)

Darkhorse Analytics darkhorseanalytics
¥ ¥

Figure 24.1: From Data Looks Better Naked by Darkhorse Analytics 86 / 146



Before After

Calories per 100g for different foods @Erench
259 il Calories per 100g
g 500 H Potato
= Chips
,—?, 3 E Bacon
Y 400
s | Pizza 233
E 300
E 200 O cChili Dog
Z 100
0
French  Potato  Bacon Pizza ChiliDog
Fries Chips
Type of Food
Darkhorse Analytics darkhorseanalytics

French Potato  Bacon Pizza ChiliDog
Fries Chips

Darkhorse Analytics darkhorseanalytics
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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Humans aren't good at Ink proportions !=
distinguishing 3D space true proportions

Country GDP

Penrose Stairs, made famous by
M.C. Escher (1898-1972)
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https://en.wikipedia.org/wiki/Penrose_stairs

Occlusion: geoms are obscured
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91/146



The third dimension distracts from the data

(this is what Tufte calls "chart junk")

AR R

g I
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1II
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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Size of effect in graphic
Size of effect in data

"Lie Factor" =
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Size of effect in graphic 530_606 __ 783 __ — 14.8
— T275-18 05

Size of effect in data

"Lie Factor" =
75 I8

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

Fuel Economy Standards for Autos

Set by Congress and supplemented by the Transportation
Department. In miles per gallon.

i

w L e 26

m/ _ - = \27

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

New York Times, August 9, 1978, p. D-2.

Edward Tufte (2001) "The Visual Display of Quantitative
Information”, 2nd Edition, pg. 57-58.

REQUIRED FUEL ECONOMY STANDARDS!
NEW CARS BUILT FROM 1978 TO 1983

27 27.3
. l:-‘ﬁ_,xn —
e
...Hr_.f
19 e |
I:Lf' 19.1 mpg, expected ¥

average for all cars
on road, 198%

$ 13.7 Mpg, average

for all cars on

road, 1978

1978 1979 1980 1981 1982 1083 1984 1983

 —— o — — . ]

O
J O
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Bar charts should always start at 0

X

OBAMACARE ENROLLMENT

6,000,000 B8

AS OF
MARCH 27

MARCH 31
GOAL

2
m SOURCE: HHS
&1 er
STUDIO ESTIMATES ... TEEN SCI-FI FLICK "DIVERGEN S&PFUT A 10.50

Image from http://livingqglikview.com/the-9-worst-data-visualizations-
ever-created/

v

Millions of enroliments

®»

N

N

0

March 27 March 31 Goal

9
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http://livingqlikview.com/the-9-worst-data-visualizations-ever-created/

Don't cherry-pick your data

SOUTHWEST BORDER APPREHENSIONS

OCTOBER - APRIL

105,000

185,000 , ‘_-ﬁ-:" 9 2 ,2 98

175,000

165,000
155,000
2013
FOX Happening™S
EWS .
{éannnl n O w -

543 BIL IN FEB, DOWN 3.4% FROM JAN'S REVISEI NAS 35.18

Source: U.S. Border Patrol

Image from https://www.mediamatters.org/fox-news/fox-news-newest-
dishonest-chart-immigration-enforcement

v

Southwest Border Apprehensions
FY2009 - FY2012

540,865

447,731

156,873

327,577

2009 2010 201 20

12

Source: LS. Border Patral

MEDIAMATTERS

AAAAAAAAAA

98 /
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https://www.mediamatters.org/fox-news/fox-news-newest-dishonest-chart-immigration-enforcement

Make sure your chart makes sense

_: ™ W - 1 b‘.-“'-i--

2012 PRESIDENTIAL RUN

GOP CANDIDATES

BACK PALIN
 70%’

it

BACK HUCKABEE \sack ROMNEY

\m“ SOURCE:OPINIONS

aT*

S —

Image from Image from http://livingqglikview.com/the-9-worst-data-visualizations-ever-created/ 99 / 146


http://livingqlikview.com/the-9-worst-data-visualizations-ever-created/
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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West

South

Region

North Central

Northeast

0 500000 1000000 1500000
Area (Sq. Miles)
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FDP

Exceptions:
- Small data

CDU/CSU

SPD

- Simple fractions

- If sum of parts matters
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Best pie chart of all time

. Sky

Sunny side of pyramid

. Shady side of pyramid
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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Stacked bars are rarely a good idea

Count

10,000 -

5,000 -

0

1 Sl2 S VS2 VS1 WS2WS1 IF

clarity

cut

B Fair

B Good

B Very Good

" Premium
|deal
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"Parallel coordinates" plot usually works better

Count

5.000 -
4,000 A 10,000 -
cut
3,000 - - Fair —
-»- Good :Cs
- Very Good 8
2,000 A Premium 5,000 1
Ideal
1,000 A \
o{ * 0-
1 Sl2 SHM VS2 VST WS2WS1 IF ¥ Sl2  SM  VS2 VST WS2 WS1 IF
clarity clarity
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Exception:

When you care about the total more than the categories

share

1.00 -

0.75 1

0.25 1

0.00 1

2008

2010

2012
year

2014

2016

0s
I Android

M ios
B Other

B rRIM
B Symbian
I windows.Mobile

Percent of Americans

100

~
(&)

(&)
o

N
[6)]

0

Do you support universal background checks?

The vast majority of Americans

support universal background checks,

including gun owners

No Yes

Owns gun

B No
B vYes
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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Rotate axes If you can't read them

X

60

count

2seatercompactmidsize minivan pickupubcompactsuv
class

v

class

suv
subcompact

pickup

minivan

midsize

compact

2seater

0 20
count

40

60
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Default order is almost always wrong

X

Ordered by alphabet (default)

v/

Ordered by count

class

suv
subcompact
pickup
minivan

midsize

compact

2seater

0 20 40
count

60

class

suv
compact
midsize
subcompact
pickup
minivan

2seater

20 40
count

60

110 / 146



Exception: Ordinal variables

8000 -

6000 -

c 4000 -

II I I
1 2 3 4 5 6 7 8 9 10 11 12

Incident month
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
112 / 146




Directly label geoms

Milk produced (billion Ibs)

Milk production in four US regions

5e+10 K
4e+10 )
3e+10 - — Lake St;ates
_\/"\- — Mountain
— Northeast
2e+101 Pacific
1e+10 -

1970 1980 1990 2000 2010
Year

__5e+10 1
n

~—"

d (billion Ib

Ik produce

M

4e+10

3e+10

2e+10

1e+10 -

Milk production in four US regions

e
~

~ Lake States

Mountain
Northeast

1970 1980 1990 2000 2010
Year

2020
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Exception: When you have repeated categories

60

50

40

30

Rural Mals

Rural Femala

Urban Male

B 50-54
B 55-50
B 50-64
0 65-69
O 70-74

i

Urban Female
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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10% of males and 1% of females are color blind
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X

Facets can be used to avoid color altogether
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10 Data Viz Best Practices

. Remove chart chunk

. Don't make 3D plots*

. Don't lie

. Don't use pie charts for proportions*
. Don't stack bars*

. Rotate and sort categorical axes*

Eliminate legends & directly label geoms*

. Don't use pattern fills
. Don't use red & green together
. Consider tables for small data sets

*most of the time
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Who do you think did a better job in tonight’s debate?

Among Republicans Among Democrats

Hillary Clinton 53%

pounico 122 /146




Who do you think did a better job in tonight’s debate?

Among Republicans Among Democrats

~ Hillary Clinton 99%

pouTiIcoO 123/ 146




Who do you think did a better job In tonight’s debate?

Clinton Trump

Among Democrats 99% 1%
Among Republicans 53% 47%
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References:
- Data Viz "Cheat Sheet"

- Data Viz Reference Page
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https://github.com/emse-eda-gwu/2021-Spring/raw/master/content/dataviz_cheatsheet.pdf
https://eda.seas.gwu.edu/2021-Spring/ref-visualizing-data.html

Your turn - go (10:00]

For your "bad" visualization:

1) Identify where the graphic falls on Cleveland's pattern recognition hierarchy

Position Length Angle Direction Area Volume Saturation

— ® =4 o o
/./'
— ... - .

2) Any design rules that are broken

3) Suggest at least two improvements
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https://docs.google.com/presentation/d/1sL3k4S2e7shShlu_crNxunEH8qMHtuOH_vl_a_Mc1wI/edit?usp=sharing

_ FY0O9 Obligation Authority

0.5 ARNY
OPERATION AND PROCUREMENT
MAINTENANCE $24.6
17%
$40‘;2 °  RDTE MILITARY $5.4
29% $10.5 CONSTRUCTION 4%

7% —

B BRAC $4.6
3%
CHEMICAL $1.6
DEMILITARIZATION 1%
ARMY FAMILY  $1.4
HOUSING 1%

MILITARY
PERSONNEL AWCF and EIJDP
$51.8 JIEDDO A

38%
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Recidivism Rate of Prisoners
Released in 1894

ALL RELEASED
PRISONERS

67.5%

VIOLENT
OFFENSES

PUBLIC-ORDER
OFFENSES

Based on a study tracking

272,111 prisoners in 15 siates

Source: LS, Department of Justice Statistios
Reentry Trengs In the Linited States

Property
§ Drug
o
9
&)

8 Other

n

c

2 .

o) Public Order
Violent

Recidivism rate of prisoners released in 1994

60

65

All released prisoners

70
Recidivism rate (%)

75
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CONTINENT
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Most fatal bear attacks occur in July and August
Total fatal bear attacks (grizzly, black, and polar), 1900 to present

) &
16
Y3 V'S y VS
73V
a a

Jan Feb March April May June July Aug Sep

Source: News archives, Wikipedia %x

BEAR ATTACKS IN U.S. PARKS & WILDERNESS AREAS

Most fatal bear attacks occur in July and August

Total fatal bear attacks by grizzly, black and polar bears from 1900 to present

2
NONE . NONE
Jan Feb March April May June July Aug Sep Oct Nov Dec
Source: News archives, Wikipedia (as of 10/2018) Created by Jeffrey A. Shaffer | MakeoverMonday 2019WK21
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™ Hillary Clinton The vast majority of Americans
ilaryClnton o Follow support universal background checks,

including gun owners
Dear Congress,

100
Let's get this done.
Thanks, % 75
.0
The vast majority of Americans qg’ Owns gun
<
= B Yes
(0]
o
(0]
O 25

.

No Yes
Do you support universal background checks?

2208 5333 FIHERERO0 LA
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Week 5: Visualizing ‘Information
1. The Human Visual-Memory System
2. The Psychology of Data Viz

BREAK

3. 10 Data Viz Best Practices

4. Making a (good) ggplot

132 /146




c

Making a (good) ggplot

Before: After:
15000 -
10000 -
0 5000 10000 15000
0- Count

AMERICAN AIRDIEIEB: AIRSONEEWEST AIRNNES AIRLINES
operator
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NO U, WN -

Making a (good) geplot

. Format data frame
. Add geoms

. Flip coordinates?

. Reorder factors?

. Adjust scales

. Adjust theme

. Annotate
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1) Format data frame

# Format the data frame
wildlife_impacts %>%
count(operator)

#> # A tibble: 4 x 2

#> operator n
#> <chr> <int>
#> AMERICAN AIRLINES 14887

#> 2 DELTA AIR LINES 9005
#> 3 SOUTHWEST AIRLINES 17970
#> 4 UNITED AIRLINES 15116
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2) Add geoms

# Format the data frame
wildlife_impacts %>%

count(operator) %>% 15000 -
# Add geoms
ggplot() +
geom_col(aes(x = operator, y = n), 10000_
width = 0.7, alpha = 0.8)
) I

AMERICAN AIRDIEIERA AIRSONEEWEST AIRNNES AIRLINES
operator
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3) Flip coordinates - can you read the labels?

# Format the data frame
wildlife_impacts %>% PNITED AIRLINES -
count(operator) %>%

# Add geoms SOUTHWEST AIRLINES -
ggplot() +
geom_col(aes(x = operator, y = n),
width = 0.7, alpha = 0.8) +

operator

DELTA AIR LINES -

# Flip coordinates
coord_flip()

AMERICAN AIRLINES -

o-

5000 10000 15000
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3) Flip coordinates - can you read the labels?

# Format the data frame
wildlife_impacts %>% PNITED AIRLINES -
count(operator) %>%

# Add geoms SOUTHWEST AIRLINES -

ggplot() +
geom_col(aes(x =n,y-= operator),
width = 0.7, alpha = 0.8)

operator

DELTA AIR LINES -

AMERICAN AIRLINES -

5000 10000 15000

o-
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4) Reorder factors with reorder ()

# Format the data frame
wildlife_impacts %>%
count(operator) %>%

# Add geoms
ggplot() +
geom_col(aes(x

width

0.7, alpha

n, y = reorder(operator, n)),

0.8)

SOUTHWEST AIRLINES -

reorder(operator, n)

DELTA AIR LINES -

UNITED AIRLINES -

AMERICAN AIRLINES -

o-

5000

10000

15000
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5) Adjust scales

# Format the data frame
wildlife_impacts %>%
count(operator) %>%

SOUTHWEST AIRLINES

UNITED AIRLINES

# Add geoms
ggplot() +
geom_col(aes(x = n, y = reorder(operator, n)),
width = 0.7, alpha = 0.8) +

reorder(operator, n)

AMERICAN AIRLINES

# Adjust x axis scale DELTA AR LINES
scale_x_continuous(
expand = expansion(mult = c(0, 0.05)))

5000 10000 15000

o-
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5) Adjust scales - customize break points (if you want)

# Format the data frame
wildlife_impacts %>%
count(operator) %>%

SOUTHWEST AIRLINES

UNITED AIRLINES

# Add geoms
ggplot() +
geom_col(aes(x = n, y = reorder(operator, n)),
width = 0.7, alpha = 0.8) +

reorder(operator, n)

AMERICAN AIRLINES

# Adjust x axis scale
scale_x_continuous(

DELTA AIR LINES

expand = expansion(mult = c(0, 0.05)), : ot .
breaks = c(0, 10000, 20000), n
limits = c(0, 20000))
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6) Adjust theme

Four cowp Lot themes you should know

theme_half_open() theme_minimal_grid() theme_minimal_hgrid() theme_minimal_vgrid()
5- 5 5 5
44 4 4 4
> 3 >3 > 3 >3
2 2 5 2
1 1 1 1
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
X X X X
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6) Adjust theme

For horizontal bars, add only vertical grid

# Format the data frame
wildlife_impacts %>%
count(operator) %>%

# Add geoms
ggplot() +
geom_col(aes(x = n, y = reorder(operator, n))
width = 0.7, alpha = 0.8) +

# Adjust x axis scale
scale_x_continuous(
expand = expansion(mult = c(0, 0.05))) +

# Adjust theme

theme_minimal_vgrid()

reorder(operator, n)

SOUTHWEST AIRLINES

UNITED AIRLINES

AMERICAN AIRLINES

DELTA AIR LINES

5000

10000
n

15000
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7) Annotate

# Format the data frame
wildlife_impacts %>%
count(operator) %>%
mutate(operator = str_to_title(operator)) %9

# Add geoms
ggplot() +
geom_col(aes(x = n, y = reorder(operator, n)
width = 0.7, alpha = 0.8) +

# Adjust x axis scale
scale_x_continuous(
expand = expansion(mult = c(0, 0.05))) +

# Adjust theme
theme_minimal_vgrid() +

# Annotate
labs (

X 'Count’,

y = NULL)

Southwest Airlines

United Airlines

American Airlines

Delta Air Lines

o

5000

10000
Count

15000

144 [ 146



Finished product

wildlife_impacts %>% Southwest Airlines
count(operator) %>%
mutate(operator = str_to_title(operator)) %>% United Airlines
ggplot() +

American Airlines

geom_col(aes(x = n, y = reorder(operator, n)),
width = 0.7, alpha = 0.8) +
scale_x_continuous(

expand = expansion(mult = c(@, 0.05))) + Delta Air Lines
{ggrg?_minimal_vg i ( ) * 0 5000 10000 15000
Count
x = 'Count’,
y = NULL)
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Your turn

Use the gapminder.csv
data to create the following
plot, following these steps:

. Format data frame
. Add geoms

. Flip coordinates?

. Reorder factors?

. Adjust scales

. Adjust theme

. Annotate

NO Oh,OWDN -

[15:00}

Life expectancy in 2007 for
Countries in the Americas
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