Communicating using graphics

March 9, 2021



Hello — again!

Almost everyone heard lots about graphics in 514, from me. You know how to
make beeswarm/violin/scatter plots, and that graphics can aid explanation.

Graphics is a large and active research area  “orieneimes ' cazamic
2 MORE
— way too big for one class! Today: 1 GRAPHS
e Why communicate visually? e
e Principles to apply when making your own R
e More on why some graphs work better m

than others .
e Practice at making your own e fonn

Second Edition

Visualization
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https://community.amstat.org/jointscsg-section/home

Why communicate visually? obligatory quotes

One picture is worth 10,000 words
Fred Barnard (in a fake Chinese proverb)
O i v Printer’s Ink 1927

A picture shows me at a glance Un bon croquis vaut mieux qu’un [EL S8

what it takes dozens of pages of a long discours — A good sketch is KYSRA
book to expound. pbetter than a long speech

Ivan Turgenev (Russian Novelist) attr. Napoleon Bonaparte

1001 words are worth more than a picture
John McCarthy, computer scientist




Why communicate visually? efficiency

This is a
poster session;

""'-. W . | h ; [r iy 2 | : c II by
Particularly at the start of your career, you must present information;

e Comprehensibly — i.e. easily/accurately
e Efficiently — need to keep your audience’s attention



Why communicate visually? efficiency

Here's a poster session in Amstat News — where did the audience look first?

Main Result =
; £

Anovel Bayesian framework improves on the sandwic

| model-robust linear regression;
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+ Asymptotically-corect frequentist sampling properties:

~Similar fo Huber-White sandwich estimator for random X
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Principles to apply: from Tufte, and others

EDWARD R.TUFTE

I‘.'.['I‘-’!S-ti]lll]]g il]ﬁ!]’lll'{l“{!ﬂ VISUAL EXPLANATIONS

TEE T TEYYEN

B et L S
SECOMND EDITION = s L e
] b i

The Visual Display
of Quantitative Information

4
4
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EDYUARD B TUFTE SEEATT v e e

e Serve a reasonably clear purpose

e Show the data

e Avoid distorting what the data have to say

e Encourage the eye to compare different pieces of data

Tufte is great—and easy to read—>but rather heuristic. Later work (Stephen
Few) adds practical ideas grounded in visual perception research.
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Principles: serve a clear purpose (7)
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Wittke-Thompson JK, Pluzhnikov A, Cox NJ (2005) Rational inferences about departures from
Hardy-Weinberg equilibrium. American Journal of Human Genetics 76:967-986



Principles: serve a clear purpose

Some scientific purposes: (Note close connections to t-tests, regression etc)

Histogram/dotchart/beeswarm plot: summarize 1D continuous data
Barchart: compare 1D categorical data

Scatterplots: show association of continuous Y and X (or lack of association)
Mosaic plots: show association of categorical Y and X (or lack of association)
QQ plots: compare two continuous distributions; talk about the shift, spread,
heavy tails, light tails etc

Recall BIOST 514: these encode value as position on a common scale — except
mosaic plots, which encode value as area.

In non-scientific settings, grabbing the readers’ attention may also be a goal.
This is not ‘wrong’, but think about whether advice you read is for science or
sales pitch.
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Principles: serve a clear purpose — example #1

. BIAGRAM er rax CAUSRS or MORTALITY
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The A reas of the blue, red, & black wedges are each measured from
the centre as the common verte Ty
The blue wedges measured from the centre of the circle represent area £

2
for area the deaths from Preventible or Mitigable Zymotic Diseases, the %\9
red wedges measured from the centre the deaths from wounds, & the
black wedges measured from the centre the deaths from all other caunses
The black: line across the red triangle in Nov' 1854 marks the boundary
of the deaths from all other causes during the month
I October 1854, & April 1855, the black area coincides with the red, SSDLJH
in January & February 1856, the blue coincides with the black: YNy
The entire areas may be compared by following the blue, the red & the
black lines enclosing them

o
waan3??

After sanitation changes (early 1856) malnutrition/disease killed far fewer men.
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https://rss.org.uk/news-publication/news-publications/2020/general-news/nightingale-2020-the-bicentenary-our-first-female/

Principles: serve a clear purpose — example #1

A more default plot:

10.0 -
Deathsin the

g British Army

e Doesn’'t focus on the 1845/6 (%)

. . . 8.0
difference — Nightingale's main -,
. . 7.0 - e Ul * Zymotic = Epidemic, endemic,
concern, as it was controversial B Wounds and contagious diseases:
T i b
e Expresses counts as areas, not °°  wother 1) Air or water-borne

2) Contact/inoculation
position on a common scale.

50 - 3) Diet
But the ~square-root transform  *°-

4) Parasitic
- Farr, Annual Reports 1842, 1856

helps stabilize variance 3.0 -
e Doesn't ‘pop’, less likely to grab 20~ I l lI'
attention 1.0 I IJ
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Principles: serve a clear purpose — example #2

David I\/IcCandIess iIIustrating for the Guardian, how large numbers compare;

£400 Bailout ; Asset Purchasing & Lending £289
- m
The
Billion
Pound
o-Gram
Ii-
sickies to
industry

. Giving
@) spending
) Fignting
) Hoording

Bailing

£80 Income from VAT £47 Income from

. Earming corporation tax
. Gong

£100 Income from Mational Insurance £128
I}A'-'[D MCCANDLESS
HECET )

X Writer, designer, ‘data journalist’, and TED speaker


http://davidmccandless.com/
https://www.theguardian.com/news/datablog/2009/nov/27/billion-pound-gram-inormation-beautiful
https://tinyurl.com/qf4dcj8

Principles: serve a clear purpose — example #2

The UK Budget Deficit Compared to Other Big Amounts of Money

(Billions of Pounds)

Large numbers are just numbers— TRy

Bailout: Asset Purchasing & Lending 400

H Value of personal wealth 393

Stephen Few (right) compares them
Bailout: Cash 200

. o g . Amount spent on food yearly 160
using position on a common scale. -
Africa's entire debt to Western nations 128

Trident 104

Mortgage lending 2007 102

NHS 102

Income from National Insurance 100 Bailing

‘ 1 1 ! 1 Income from VAT 80 2
The bl | | Ion pou nd plot I nStead State pensions 62 Hoardlhg
Spending
Tesco revenue 59 Eaming
Income from corporation tax 47
uses area — and the areas compared Defonce budget 45
Mortgage lending 2008 40 Fighting
Local government 37 Lending
are far apart. Schoots 2
Tax credits 23
Housing benefit 17
Cost of sickies to industry 13
Tax havens 12
Income support 9
Tobaccotax 8
Police 8
Roman Abramovich 7
2012 Spending 7
Aid 5

Budget Deficit
£175 billion

e 2—3 comparisons likely enough? McCandless’ ‘billion pound’ plot is now rare
e Serve a clear purpose — serve a clear and useful purpose?
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Principles: show the data

A spiffy 3D plot advertising
GAUSS — 8 sets of 3 points
each — note how the ‘chartjunk’
obscures the (simple) data

Natural Fabrics vs. Synthetic Fabrics
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Principles: show the data

Hypertension

@ No
@VYes

From a real poster; (American Heart Association Epi/Lifestyle conference); three
of these (percentages Yes, Female, Yes & Female) were worth a 2x2 table...

13



Principles: show the data

Another AHA poster's ‘bed
of nails’ — it's torture!

e Never use fake 3D!

e Improved version follows

e Show the data —
show the data clearly?

Rural
Male

Rural
Female

Urban
Male

Urban
Female

14



Principles: Avoid distorting what the data say

JOB LOSS BY QUARTER
1smiL |

13.5 MIL |

DEC ‘07 SEPT ‘08 MARCH ‘09 JUNE ‘10

| 0K
NEWS Fﬁ& SOURCE: BLS
COM

— — — - -_

“Fair and Balanced” Fox News reporting — “We Report. You Decide” (2010)
15



Principles: Avoid distorting what the data say

They did correct the wildly-wrong title — while still distorting BLS’'s work

TOTAL UNEMPLOYED

13 ML

16



Principles: Avoid distorting what the data say

Distorting? Yes — as we see, using actual BLS data;

Total Jobless by Totally Random Month, indicating Recession

(source: BLS)

12 14
I

Job Losses (millions)
10
|

I I I I I I
2005 2006 2007 2008 2009 2010

Month



Principles: Avoid distorting what the data say

“In pink, that'’s the reduction in the breast exams, and the red is the increase in
the abortions. That’s what's going on in your organization.” — Rep Chaffetz

PLANNED PARENTHOOD FEDERATION OF AMERICA: 2 cancer screenings
ABORTIONS UP — LIFE-SAVING PROCEDURES DOWN & prevention services
=
LQ —
2007371 ~
IN 2008 o Sﬁ'lmll]gl]
H . : : h HP
Orig: / With y axis: 2
R
=
o — .
pofiin o abortions
IN 2008 335‘573
| I T I T | T | e
2006 2007 2008 2009 2010 201 2012 2013 I I I I I I I I
SOURCE: AMERICANS UNITED FOR LIFE 2006 2007 2008 2009 2010 2011 2012 2013

18



Principles: Avoid distorting what the data say

What really old trick distorts this bar chart?

KFC'S CRISPY
CHICKEN TWISTER

ZP CALORIES: 650
P FAT: 35g

590 600 610 620 630 640 650 660 670 680 690 700 710 720 730
CALORIES

Daryl Huff exposed this in How To Lie With Statistics (1954).

19



Principles: Avoid distorting what the data say

And back to Fox News, who are still at it:

2/21/20 3/1/20 3/10/20 3/15/20 3/20/20 3/24/20

JOHN HOPKINS TRACKER

channe
HER ON WALL STREET WED BUT GAVE UP MOST OF AN AFTERNOON RALLY AMID DEBATE OVER SENATE C

What are the two distortions? What is their impact?

20



Principles: help the eyes to make comparisons

This is easier said than done. Good graphs, like good statistical analysis, should
help your reader accurately assess whether;

e [ he effect is there
e [ he effect is not there
e [ he data are so uninformative that no-one can tell

To make a graph that does this, a good starting point is ‘use the R defaults’ —
these are based on work at Bell Labs in the 1970s, on early graphics systems,
making use of research into how visual perception actually works.

They are a little out of date — particularly for plots of ‘big data’ — but still
out-perform defaults from elsewhere.
21



Effective Comparisons: pos’'n on a common scale

An example from 514,

Estimated remaining world supplies of non-renewable resources
®.
)
B Fossilfuels ) &7
B Minerals T
® 7 5 s
years left i
y & coAL § -
5 ol § = 2
ons S
g ALUMINIUM ' » \ AA
PHOSPHORUS ) \ —
\ A & Arctic
ice-free in
summer
| ]
|
=
DR e B B e W

2050

B — T ‘Third of land plant
and animal species
! — extinct due to
L climate change

&9 e
M4, Dangerous 2 °C
 E warming threshold
€ kel reached

iibstudio

Agricultural and means lsnd suiabla for rainfad cultivatin nat of othar Land usaga. Thiryyear hisoric agricultural apansion rates ar applid.

using R’s dotchart():

Stock Check

Estimated remaining supplies of non-renewable resources

Climate Tipping Points

Arctic ice—free in summer (worst—case forecast)
1/3 of land plant & animal species extinct due to climate change

2°C warming threshold likely reached

Ecosystems
Suitable agricultural land runs out
Indonesian rainforest completely deforested
All coral reefs gone
Amazon completely deforested

Fossil Fuels

Minerals
Antimony
Indium
gnver
opper
Titarl)r‘n)ium
Tantalum
Phosphorus (phosphate rock)
Aluminium

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
I I I I
0 50 100 150 200

Years from now

22



Effective Comparisons: pos’'n on a common scale

And now back to the AHA Epi/Lifestyle conference;

Figure 1. Obesity, Hypercholesterolemia,
Hyperension, and Risk of Myocardial

Infarction, HPFS
34

Wi
4 7
21y

NV
1% 7" Hypercholesterolemia
EI‘.I No Hypercholsterolemia

185249 25268 270298 30-M8 35+
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Effective Comparisons: pos’'n on a common scale

How would R do it? (using type="b", CIs would help too)

o)
—e— Cholesterol high
— —|-©- Cholesterol normal
X
2 v _O
0 I -7
:'c__U‘ N /0 - i
— N P d
v o __-=-0"
- 1 © _0-~—"
C). — o’ - ;
= [ [ [ [ [
18-25 25-27 27-30 30-35 35+
BMI
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Effective Comparisons: pos’'n on a common scale

The bed of nails returns!

Rural Rural Urban Urban
Male Female Male Female

25



Effective Comparisons: pos’'n on a common scale

Lines indicate underlying continuum. Also note overplotting/empty circles;

VADeaths

o
M~

o
()

30

10

o
—e— Rural Male o
—— Rural Female
—6— Urban Male (o) o)
—e— Urban Female O
o
O/o
/O/O
o
oé°?g
[ [ | [ [
50-54 55-59 60-64 65-69 70-74
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Effective Comparisons: pos’'n on a common scale

How not to compare intervals on a common scale:

Tennenberg

George 0,
Trazzera
Ramsay
Ciresi
Collins 0.
Heard
Bach 0.

Hannan

vanHeerden0
Maki

0 0.5 1 1.5 2 25 3
Odds Ratio



Effective Comparisons: pos’'n on a common scale

Instead using a standard forest plot, from the rmeta or metafor packages:

Tennenberg -
Maki [ ]
vanHeerden -

Hannan -
Bach(a)

Bach(b) -

Heard (|
Collins -

Ciresi -
Ramsay L
Trazzera L
George -

Summary ‘

Study Reference

0.03 0.06 0.16 0.40 1.00

Odds Ratio

28



Effective Comparisons: pos’'n on a common scale

Funnel plots show precision (1/SE2) as position, can help show publication bias;

— 95% interval overlaps zero

log odds ratio
0
|

Precision, =1/SE"2

29



Effective comparisions: what works well? or not?

As we've seen, looking cool doesn’'t mean a comparison actually works well.
For comparing numeric data, here is an ordering based on perception research;

Metric Usage Accuracy
Position on common scale Dot Plot Best
Length Bar chart
Angle/Slope Pie chart
Area Bubble Plot
Volume/Curvature Fake3D
Color hue, density e.g. Heat map Worst

e See also Cleveland & McGill (JRSSA 1987), and books by Stephen Few and

Alberto Cairo
e Let's illustrate this ordering; on the next slide, rank the 6 numbers A,B,...,F

— smallest to largest
30


https://www.jstor.org/stable/2288400
https://www.jstor.org/stable/pdf/2981473.pdf
http://www.stephen-few.com/
http://www.thefunctionalart.com/

Effective comparisions: what works well? or not?

Using image() or levelplot(); (Larger heatmaps can only show trends)

- 0.175
- 0.170
- 0.165
- 0.160

7 D E F - L 0.155

- 0.150




Effective comparisions: what works well? or not?

R can make fake 3D—with persp(), or the rgl package—but you know better!

32



Effective comparisions: what works well? or not?

Why not fake 3D7?7 Your brain (and everyone else's) is really poor at unpicking
3D information from ‘flat’ pictures;

B
"
s S - -
| R -
B,
o
-

33



Effective comparisions: what works well? or not?

Back to our 6 numbers; pie() is available, but seldom useful,

B

34



Effective comparisions: what works well? or not?

. except for fun (see also 514)

Japan

. Japan

Also Japan




Effective comparisions: what works well? or not?

. except for fun (see also 514)

FRACTION OF AMOUNT OF LOCATION OF
THIS IMAGE BLACK, INK, BLACK, INK, IN
WHICH IS WHITE BY PANEL: THIS IMAGE:

FEACTION OF
THIS IMAGE
WHICH 15 BLACK,

A
E'f.-i.lf -.1.' — = :
I . 'f vy ' II A B
-
L 3
| 2 3

T he contents of any one panel are dependent on the contents of every panel
including itself. The graph of panel dependencies is complete and bidirectional,
and each node has a loop. The mouseover text has two hundred and forty-two

characters
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Effective comparisions:

what works well? or not?

. except for fun (see also 514)

HO%
\

(
30%

WJRONG: RIGHT:

\ (
15% 30%

N\
15%

HOW TO MAKE A PIE CHART IF YOUR
PERCENTAGES DONT ADD UP TO 100

If you can't get your graphing tool to do the shading, just add some clip art of

cosmologists discussing the unusual curvature of space in the area.
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Effective comparisions: what works well? or not?

Back to our 6 numbers: comparing by area — see symbols()

@
LOC

38



Effective comparisions: what works well? or not?

Using area more reliably — with a barplot() that starts at zero;

0.05 0.10 0.15

0.00

A B C D E F

39



Effective comparisions: what works well? or not?

And finally (and best) — ‘position on a common scale’

> W O O m T

I I I I I I
0.150 0.155 0.160 0.165 0.170 0.175

40



Visual perception

Your vision evolved, primarily, to avoid predators and find food — not to read
scientific data.

How many 5’'s in this list?

e [ his task requires your conscious attention
e Your reader has a limited attention span, and memory — here, the bad
presentation will distract/annoy them

41



Visual perception

Your vision evolved, primarily, to avoid predators and find food — not to read
scientific data.

How many 5’'s in this list?

5 5 5
55

e Some visual signals (e.g. color) are processed pre-attentively
e By using these signals, you make comparisons easy, and avoid distract-
ing/annoying your reader with trivialities
42



Visual perception: why graphs work well, or not

From Colin Ware’'s Visualizing Information; 10 pre-attentive features:

Orientation Curved/straight Shape
o (G (] S
| < | | - ®

N (<(|<<( .o::.

Shape Size Color
e o o ° o © o
| | | | | | | | «® ® o® e , ® e
| | @°°° ° ® o o %0 o
| | e o o ®
| | o o ® o © .
o ® ® 0 o
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https://tinyurl.com/y2cj8yn3

Visual perception: why graphs work well, or not

From Colin Ware’'s Visualizing Information; 10 pre-attentive features:

Light/dark Enclosure Convex/concave

Addition Juncture (not pre-att) Parallelism (not pre-att)
~ <
| IS 1\ T < -
| |I| | N AN Z X
| || | [~ — ) /N = < =>
| | ~ 1 =



https://tinyurl.com/y2cj8yn3

Visual perception: why graphs work well, or not

With > 2 features, we can't pre-attentively process reliably. Find the red circle!

45



Visual perception: why graphs work well, or not

What happens when our brains focus attention? Watch this video carefully, then
answer this anonymous poll.

Count how many times
the players wearing

white pass the ball

46


https://drive.google.com/file/d/1PzOWPFqp8LgpwHJklQ8oyP0yXK9mac8a/view?usp=sharing
https://PollEv.com/multiple_choice_polls/x7xjkjvqdEK3ZKWyWEhME/respond

Visual perception: using what you know

Some widely-quoted principles from Tufte — for improving
graphics;

e Above all else, show the data

Maximize the data-ink ratio (i.e. data ink / total ink)
Erase non-data-ink (chartjunk)

Erase redundant data-ink

Revise and edit

These are reasonable guidelines — but don't say anything about what to focus
on when editing. Tufte’'s minimalism also doesn’t allow for (pragmatically) using
methods familiar to your audience.
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Visual perception: using what vyou know

Be aware that Tufte (and his strong opinions) are sacrosanct, to some:
every time you make a powerpoint

9
- //nl
b b ITRTIRTA

edward tufte kills a kitten

43



Visual perception: using what you know

If/when choosing a graph gets difficult;

1. Think, fairly hard, about what you want to illustrate
2. Pick a graph you think codes it appropriately
3. Explain it to someone — yourself, at first — like you will do with your poster

4. Iterate steps 2 & 3 until convergence at a good solution

e At step 2, borrowing ideas from other people is just fine — there are no prizes
for originality (unless you're doing datavis)

e If you get stuck, ask for help

e Some high-dimensional patterns are just too complex for 2D paper... but
we rarely have enough data to say much about them

49



Worked Example #1

Broadly, statisticians like precision. So why not display precise results in tables?

In Let’s Practice What We Preach:
Turning Tables Into Graphs, Gel-
man et al (2002) compare tables for
lookup...

Method OR 95% Interval
UC 0.94 0.75—-1.17
RC 0.78 0.33—1.80
ML-WICI 0.65 0.18—2.44
ML-WGCI 0.65 0.22—1.99
ML-PLCI 0.65 0.00—2.13
ML-RbCI 0.65 0.13—-3.22
GEEa*-RBCI 0.71 0.21—-2.38
GEEDb-RbCI 0.69 0.15—-3.10
GEEC-RDbCI 0.69 0.19-2.44

50


https://www.jstor.org/stable/3087382

Worked Example #1

...to graphs, for
making comparisons;

20 25 30

Odds Ratio
1.5

0.5

0.0

uc RC WICI WGCI PLC1 RDCI
ML

e Grouping helps (can also do this in tables)
e Comparisons are far easier, faster than in tables

51



Worked Example #1

...to graphs, for
making comparisons;

20 25

Odds Ratio
1.5

0.5

0.0

ucC RC WICI WGCI PLC1 RDbCI a* b
ML GEE

e LOg-scale helps compare estimates and standard errors, in this case
e ... but zeroes require extra work, outside of any principles

52



Worked Example #£2

Some data on favorite color, published (!) as Ellis & Ficek 2001

color M F color M F
No pref 19 05 blue 866 938
pink 9 199 purple 98 459
red 233 447 brown 13 19

orange 16 66 grey 22 7
yellow 19 100 black 233 306
green 367 1051 white 29 79

The authors are “inclined to suspect the involvement of neurohormonal factors”
noting there are *“sex differences in retinal biochemistry and in how the brain
processes color information” .

53


https://www-sciencedirect-com.offcampus.lib.washington.edu/science/article/pii/S0191886900002312

Worked Example #2

A first attempt; no intervals, comparisons hard

men

No pref

women

No pref
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Worked Example #2

With a rough attempt at intervals;

men (n=1924)

No pref

women (n=3766)

No pref

55



Worked Example #2

Using position, not area/angle:

men women
5 X 5 |
5 ©° S
o 3 9
(@)] o O ]
= ™ =
—_ . ] —
s © S
3 3
(D) N (]
(@) o (@) o
© S — ]
+— +— -
C [ o
(] (]
a ©° a D
o 8 _ D DD [ p— l:‘
o S l

no pref no pref



Worked Example #£2

Using position on a common scale, not area/angle:

women

men
503 - 503 -
o o
(&) (&)
(@] (@)
g = ™ _| g = ™ _|
s © s ©
8 8
o N IO
g O o g o
) )
5 5
O o S
= - = -
a © ® o
o _| =r— o |
o o
no pref no pref

el |
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Worked Example #£2

Add uncertainty with antennae — use segments(). What does the eye compare?

men women

= < - <t
(@) - — o -
5 © o °
(&) (&)
(@)} (@)}
s M _ g o _
§ (@) § (@) T
i NiY
Q N ) N
5 5
O o S o
= P = T
a © p o

o | == o | =

o o

no pref no pref
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Worked Example #2

Regroup to stress M /F differences for each color:

<
o

S

o

o

O

> o |

= o

S

K

)

o N _]

< o

c

7]

o

| —

)

o —
S
o I:':l j |I|I||:':l
o

M F M F M F M F M F M F M F M

No pref




Worked Example #£2

Dump the blocks — use just position, not area. Makes CIs easier to see

+

0.4

Percentage favoring color
0.2
|

{4 4 t

0.1

0.0




Worked Example #£2

Log-transforming the y-axis (log="y") stresses less-popular favorite colors;

[)
y ()
= |

o
5 O ¢ 4 ¢ ¢
S O
S 1
O o ‘
o _ | +
=
| -
S o
8 o | | %
o 2 7 ‘
o)) o
S
+~ —
[
)
O
g 8-

o

S J

S

o M F M F M F M F M F M F M F M F M F M F M F M F

61l



Worked Example #£2

To stress only differences, plot only differences; (baseline group irrelevant)

o ‘ more women favor
| (@)
—
N N ‘
— n
) — ‘ ‘ +
E ‘ | — (9V] 9
: ] :
S O —+------- + ------------------------------- I o
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@) + S
8) | 0 (@)
= o ) ©
|«
o
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! | o
o
M _|
I more men favor
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Worked Example #£2

Some lessons from all that;

e [O compare items, put them beside each other

e Decide what you want to compare; differences or absolute values?

e Often it will be differences — e.g. regression diagnostics plot residuals, not
data

e Minimalist representations (e.g. use of points not areas) are aesthetically
‘clean’ — and permit e.g. confidence intervals

e Plots will/should evolve, as you decide to stress different results
e Pie charts are rarely useful
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Worked Example #3

A dataset you saw in 514: in 1973, sex discrimination was suspected in admission

to Berkeley;
Dept Men Women
n Admit n Admit
A 825 0.62 108 0.82
B 560 0.63 25 0.68
C 325 0.37 593 0.34
D 417 0.33 375 0.35
E 191 0.28 393 0.24
F 373 0.06 341 0.07
Total 2691 0.45 1835 0.30

— the ‘headlines’ compared 45% to 30%.

graph?

How can we turn this table into a

04



Worked Example #3

Mosaic plots are a fairly ‘old school’
method...

Male Female

Rjct
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Worked Example #3

...where conditioning matters;

Male

Feml

Admitted

Rejected
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Worked Example #3

Broken down by department;

o7



Worked Example #3

In a talk, one can dramatize the difference;

Male Female Male Female

A

=
R

si

Rjct

Rjct
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Worked Example #3

...but this is hard to do on a single
plot;

Admit

Admitted

Rejected

Gender
Male Female

—

wx>

@)

O wnm O
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Worked Example #3

Recall ‘position on a common scale’/Tufte;

Proportion Accepted

0.0

1973 Berkeley admissions: circle size [0 n.applicants

Overall acceptance:
--- Men: 44.5% (42.6,46.4)
- -- Women: 30.4% (28.3,32.5)

OR =1.84, (1.62, 2.09)
Test for equality, p<107*°

Adjusted OR = 0.90 (0.77, 1.06)
Test for equality, p=0.22

[ [ [ [ [ [
A B C D E F

Dept
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Worked Example #3

Less ink — but confounding less obvious

1973 Berkeley admissions: 'forest plot'

Overall acceptance:

w p—
S --- Men:  44.5% (42.6,46.4)
3 - -- Women: 30.4% (28.3,32.5)
g2 <o W il A
g o OR =1.84, (1.62, 2.09)
2 Test for equality, p<107°
s S i T
= o
R . T —
O « '
a o 7
N
Adjusted OR = 0.90 (0.77, 1.06) 0
g —  Test for equality, p=0.22
| | | | | |
A B C D E F
Dept
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Worked Example #3

Berkeley-wide comparison of admittance;

1973 Berkeley admissions: 'forest plot'

--- Men: 44.5% (42.6,46.4)
—1 - -- Women: 30.4% (28.3,32.5)

1.0

0.8

Proportion Accepted
0.6

0.2

OR =1.84, (162, 2.09), p<10*°
Adj OR = 0.90 (0.7, 1.06), p=0.22

A B C D E F
Female
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Worked Example #3

Removing the
ordering;

irrelevant A/B/C

Prop'n admitted (male applicants)

1973 Berkeley data: LAbbé plot

Crosshairs show 95% intervals for M, F in each dept

1

o
T

o
T

0.4+

0.2

—— OR=1.84 (unadjusted analysis)
--- OR=1 (null
—— OR=0.91 (adjusted analysis)

0 0.2 0.4 0.6 0.8 1

Prop'n admitted (female applicants)
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Worked Example #3

For discussions of confounding
and/or collapsibility;

Prop'n admitted (male applicants)

1973 Berkeley data: L'Abbé plot

Crosshairs show 95% intervals for M, F in each dept

1
@0 Possible collapsed data (with confounding)
@ Possible collapsed data (no confounding)  -*
0.8
0.6
0.4
0.2
0+ T T T T
0 0.2 0.4 0.6 0.8

Prop'n admitted (female applicants)
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Worked Example #3

Some lessons from all that;

e Do you want to compare counts, or proportions? Which is (most) relevant?

e L'Abbé plots (the last version) are a great way to illustrate just proportions,
in two groups — although they are unfamiliar to some audiences

e Non-collapsibility was for decades viewed as weird and non-intuitive — see
“Simpson’s paradox’'. With the right graph it's straightforward to see it
happening
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Your turn!

e Each breakout room receives one dataset, and a short description of what

aspect of it to illustrate
Take 5 minutes to read the documentation and look at the data

With your group, discuss what graphics might be effective

Implement what you think will work
Be ready to show it to the class, and explain what's good/bad about it
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Special topics: graphs for simulation studies

Simulations studies are very common in methods work;

e Tables of estimated coverages (all near 95%) are very common
e Tables of estimated coverages (all near 95%) are immensely boring
e Showing the Monte Carlo error can be a challenge

A game for seminars; before the speaker tells you, decide whether they will say;

e ''Look how different these lines are — and mine is best!”
e ‘"Look how similar these lines are — but mine is best!”

7l



Special topics: graphs for simulation studies

A typical simulation example; (shows impact of violating regularity conditions)

Coverage of default robust intervals
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n, sample size
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Special topics: graphs for simulation studies

A typical simulation example — that has negligible Monte Carlo error;

True coverage of nominal 95% intervals, Y~N(0,1)

—— X~Normal
—— X~logNormal(0,1)

I I I I I
0 100 200 300 400

Coverage of beta (from 1e+05 simulations)
0.75 0.80 0.85 0.90 0.95 1.00

Sample size, n
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Special topics: graphs for simulation studies

Here’'s an unhelpful display of a
simulation’'s many p-values,; o |
2
£ o
o o
S
:
S o
8 °
£
Epstein MP, Satten GA (2003) Inference
on haplotype effects in case-control studies -
S -
using unphased genotype data. Am Jrnl T ' — ' ' '
0.0 0.2 04 0.6 0.8 1.0

Hum Genet 73:1316-1329

Nominal Coverage Probability
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Special topics: graphs for simulation studies

Here's a better one — why is it better?

QQ plot, 10000 simulated ‘robust' p-values
Y~N(0,1), X~N(0,1), n=100

-log10(sort(many.p))

-log10(ppoints(bigB))

31



Special topics: graphs for simulation studies

Be clear about the point of the simulations:

e It could be to show that with some n a method controls Type I error rates
< 0.05, or has coverage = 0.95. The FDA, for example, would really care
about this when approving a trial
—= fix the relevant a« and compare it to dichotomized results

e It could instead be to show how/where the asymptotics break down. For
example, with fixed n can we trust results when o« = 0.017 How about
a = 0.001 or 10787 Accuracy may also depend on the extent of assumption
violations, e.g. how much homoskedasticity is present
—= Show results varying quantitatively with relevant factors

Factors tend to act linearly on Z2, not p, so transforming T1ER/coverage to
that scale (approximately) often helps — see —logig(p) on previous slide.
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Special topics: graphs for simulation studies

A rule of thumb: ignore any simulation results based on < 10 observations, e.g.
10 non-covering simulated CIs, or 10 simulated Type I errors. Why?

e At this value, it's r.eas'onable to believe . Exact 95% CI
the true error rate within half/double the with 10/10" successes
estimated value (see table, right) (0.5, 2)x10~ 1

e Similar to rule of thumb requiring n > 20 (0.5, 2)x1072
for estimating a mean, assuming no wildly- (0.5, 2)x10-3
heavy tails (0.5, 2)><10_:

e Not getting 10 observations? Run more (0.5, 2)x10

. . (0.5, 2)x10°°
simulations! 5
, (0.5, 2)x10

e If you never get 10 observations, beware
coding errors and/or unhelpful simulation
settings

O~NOOL PP WN
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Special topics: choosing colors

The choice is not just ‘does it look cool’?

(0]
O
=
o
—
2
5]
02
>
7S
=)
=
(2]

Heard

Ciresi
Pemberton

0.03 0.10 0.32

Odds Ratio

Study Reference

Tennenberg
Maki
Hannan
Bach(b)
Heard
Collins
Ciresi
Pemberton
Ramsay
Trazzera
George

Summary

Odds Ratio
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Special topics: choosing colors

Two ‘Manhattan plots’, showing —logqg(p) for many multiple tests. Which blobs
of color stand out?

o 8
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o . L ] .
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) g ... ﬁ'.. .. - ‘.‘ - -' ™ ‘._l . :
oo . s e 1) .
s, L 1 ‘. % » -
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t | ' l
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3 4 5 3 7 8 9 10 11 12 13 14 16 18 20 . . y . y : y ‘ W——
- s 6 7 ] ] w N 13 MW T B 2
Chromosome
Chromesorme
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Special topics: choosing colors

Why? Because...

Your eyes see differences
better than absolute values

... and this applies in any color

36



Special topics: choosing colors

Why? Because...

erences
te values

.. and light/dark is more obvious than e.g. red/blue
87



Special topics: choosing colors

As well as making symbols/text large enough (see BIOST 514, Week 5 Discussion
Section) using clearly-contrasting colors will do most to help your audience.

With two colors, check contrast here. When multiple colors are needed, go to
ColorBrewer — and R’s RColorBrewer package — that have color schemes designed
for the National Cancer Atlas. Pick hex codes (#RRGGBB) that suit your needs.

Number of data classes:

Nature of your data:
Osequential O diverging @ qualitative

W

-class Dark2

Only show:
B colorblind safe II N r_»f'
print friendly

O photocopy safe
#1b9e77

#d95f02
#7570b3

Context:

Oroads
Dcities
borders

-

38


https://webaim.org/resources/contrastchecker/
http://www.colorbrewer.org

Special topics: choosing colors

To avoid one color ‘popping’ out, the colorspace
package has color schemes based on straight lines in a
perceptually-based color space, rather than plain RGB —
see right;
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Special topics: choosing colors

Color blindness affects ~ 4% of adults — mostly white males.
Red:green color blindness is the most common.

90

The dichromat package at-
tempts to show the impact of
red:green color blindness on your
R color schemes.




Special topics: better tables

Eliminate table junk as well as chart junk!

T Exact 95% CI T Exact 95% CI
with 10/10" successes with 10/10" successes

2 (0.5, 2)x10~1

3 (0.5, 2)x1072

4 (0.5, 2)x1073

e Drop most of the lines — or tell xtable() to drop them.
e Use cell coloring only when you really need it
e For more see the APA style guide on tables

o1


https://owl.purdue.edu/owl/research_and_citation/apa_style/apa_formatting_and_style_guide/apa_tables_and_figures.html

Special topics: label lines directly

Most graphs will need a legend(), explaining what the symbols mean.

But as we've seen, no legend
can be easier to read:

=

N cancer screenings
& prevention services

=

LQ —

—

=

—

p=

n — .

o abortions

o —]

I I I I I I I I
2006 2007 2008 2009 2010 2011 2012 2013

Taking this to extremes gives microtext
lines (below) — no R package yet!

’ ' o’ i can-—SPai - g
Jeway _;},ﬁ“" ey
) g g, l,'l'.IH_-.-— hile- l'l.ull_l""_.;\!é_'l'['f-"' thile Agne-
l.;llp‘tqlc\!ll-ii;- thihiles qﬁﬁw rﬁ_i!.:_,.ﬂ__ Chile. __\\I.l;paﬂsﬂn- Spain gspa®
b A aids. fa-. g o
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https://richardbrath.wordpress.com/2018/07/29/microtext-line-charts-sample-code/
https://richardbrath.wordpress.com/2018/07/29/microtext-line-charts-sample-code/

Resources

Thank you for attending! In addition to the hyperlinks in the main slides:

e Excellent graduate-level course materials from Jerzy Wieczorek (was at CMU)

e EXxcellent undergrad-level course on information visualization — by Ross Ihaka,
who started R

e A monograph by Rafe Donahue (Vanderbilt)

e Look around! Use other people’'s good ideas

Final obligatory XKCD cartoon;

T THINK WE SHOULD MAYRE YOURE RIGHT.
GIVE IT ANOTHER £HOT. [ T KNEW DATA WoUD CONVINCE YOU.
UE‘ SHOULD BREAK, NO, T JUST THINK. I CAN DO
UP AND T (AN } OUR RELATIONSHIP BENER THAN Ea‘EorJEu-b

F‘mvl-: T 1 HUH. DCESN'T LABELHER AXES,

P i M

And if you labeled your axes, I could tell you exactly how MUCH better

93


https://www.r-bloggers.com/2015/10/statistical-graphics-and-visualization-course-materials/
https://www.stat.auckland.ac.nz/~ihaka/120/
https://web.archive.org/web/20090619165533/http://biostat.mc.vanderbilt.edu/twiki/pub/Main/RafeDonahue/graphicshandout20080717_01.pdf
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