2\ So many types

il Personal crime., Sl
restige 3’
. There are so many kinds of charts, diagrams, graphs, maps
E o Ratie ¢ What are their features?
: i 1 . e * What tasks are they good for? — Accuracy or speed of judgment? Memorability?
=
] ROMEO AND JULIET
ol e 41|37 Yo terer”

Varieties of information

visualization

& https://friendly.github.io/6135 L 4 ‘

How to classify ??7?

R Graph Gallery

OK: how do | actually DO these?

For purposes of “What kind of graph should | use?” usually most useful to think:
“What do | want to show?”

nkiry r ver Time Magnitude
Wiolin Density Histogram Boxplot Ridgeline Beeswarm

- N " ) sl = https://r-graph-gallery.com/

' uses a similar classification by
SR 000 B — e i what to show.

% g |, -_ e k N Barplot Wordcloud Parallel Lollipop e Barpl Spider / Radar

-iw T I~ = i Dot 0f A Whole It shows exemplars of main

e I. - B A 'S —, & types, with R code examples for
WL 2 = T ‘ g g ¢ oA each. Easy to copy/paste
“."'“‘" : ;_: = ltl g Treemap Donut Pie Chart Dendrogram Voronoi Circular Packing There iS a related On“ne bOOk,
: —— Rl === Evolution https://www.kyle-w-
1 = et s N = brown.com/R-Gallery/

Line chart Area chart Stacked Area Streamgraph Timeseries

Financial Times, Chart Doctor, https://github.com/ft-interactive/chart-doctor




What are dimensions

Topics, by graph type: Content & form

0-d 1-d ——= 2-d ——> 3-d > 4-d

|

Data graphs can be roughly ordered by the number
of variables, data dimensions shown

* Statistical data graphs
1D: dotplot, boxplot, violin plot

= 1.5D: time-series plot, density plot, bar chart, pie
chart

= 2D: scatterplot, ridgeline plot
= 3D: contour plot, 3D scatterplot, surface plot =
* Thematic maps
® Choropleth map
®= Anamorphic map
" Flow maps
* Network & tree visualization

* Animation & interactive graphics

Fig credit: Di Cook @visnut

Data graphs

ROMEO AND JULIET
name 41|37 9%

1D: Infographic vs. Data graphic

The same data can be shown in different forms, for different purposes

1.5D: Dotplots & boxplots

What number do you give to a Perceptions of Probability

AR Al Ci I
probability phrase? AN Bi
Highly Likely —| I l_
) . Very Good Chance —E
Boxplots summarize the important brobable 1
African Countries African Countries by GDP characteristics of a univariate data 0T m
. . . v ’ H
by GDP distribution: WeBsieve s — T
Enuul Africa . ¢ center (median) Probably —Je T
Qyp .
Nigeria - : spread (IQR) . o Better Than Even —D—
Algeria . ¢ shape (symmetric? skewed?) o
. . 5 £ About Even -'
Morocco . outliers? o
Angoia . We Doubt 48
Libya . 25% M 75% Improbable
l::':: S ® —i | bi o0 o —
Ethiopia - Probably Not —| I—
Ghana . \_Y_) outliers Little Chance —D:}i
$294b$285b $262b Cameroon - Almost No Chance -ﬂ '— .
$91.4b $755b $623b XD T T T T T T QR Hiay Unlkel
0 50 100 150 200 250 300 ohy Unikeyy £
This example overlays the boxplot with a Chances Are Slight 4 .-

GDP in billions of US dollars jittered dotplot, so we can also see the 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

individual observations Assigned Probability

created by /uzonination

One might argue that this infographic
has greater impact in showing the
relative size of GDP

One might argue that this statistical
graph makes comparisons easier

This visualization made the longlist for the 2015 Kantar Information is beautiful award. Data & R code:

https://github.com/zonination/perceptions




1.5D: Text bar charts

Inaugural Address: Word Frequency

* Text can be analyzed as data

Biden 2021 — also, most often in frequency
o history:

paprs counts.
. justice °

This chart uses a novel design
to compare the most frequent

I forward
o= constitution

re— dignity
faith .
——— A words by Biden (2021) & Trump
—— e 2017) in their inaugural
I — love -

el addresses.
I pover I

E— great * The contrast is striking!

T oo |
= borders I = democracy, unity vs. great, dream
= dream
loyalty e
industry =
party —
wealth— From:
Trump 2017 https://www.reddit.com/r/dataisbeautiful/comments/I7k0f0/us_in

auguration address word frequency biden vs/

1.5D: Time series line graphs

William Playfair (1786), The Commercial and Political Atlas, invented the time series
line graph as a way to show data on England’s trade with other countries

One curve for imports, one for exports

The balance of trade could be seen as
the difference between the curves

Trade with Germany was consistently in

favor of England B e

With North America, the balance e T
. s b

changed back and forth over time = fronrecnuronmiet——1—————
N RS =2

Economic ‘history” could now be = o JAU T e
visualized and explained ST o =

Bar chart variations

An alternative is a dumbbell chart--- dot plot
w/ connecting lines---making comparisons
direct.

Bar charts are often used to make
comparisons between two series

But your eyes must move around to

compare Effect ordering: Countries have also been

sorted to show increase / decrease
Comparison of average farm size between 1960 and 2000 Comparison of average farm size between 1960 and 2000

Chile o—e
Brazil °

United States |-
chile | —
Brazil |
-_—-
=
B=
- Ui
- —
spain " —— o
Netherlands — [f® —
ay —_
India | 0 100 200 300 100 500
0 200 100 600 Average farm size, in ha
Average farm size, in hectares Our Wolrd in Data

Which countries gained the most from
1960 - 2000?

From: https://medium.com/@amorimfranchi/an-easier-to-interpret-alternative-to-paired-barplots-in-r-490d4472e8cd

Psychology: Distances between curves

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

Plotting balance of trade directly

2000 ;
Balance of Trade to the East Indies a0
w
c
7 K
e Imports 3
é 1500 5
5 2 o where did this
2 H spike come
z 2 from?
2 1000 g
E UXJ 400
=3 .
E P
£ g
o £
§ 500 W 500
3 3
d 5
o
m
Our Deficit
0 Exports
1700 1720 1740 1760 1780 1700 1720 1740 1760 1780

Year Year



€he New ork Eimes 1 5D COVI D

Jan. 6, 2022

Multi-sprials

spiral graph

Jan.

New Covid-19 cases, Multiple spirals: Allow comparison of the patterns for different geographic units

United States
oélmcm 2022+ This graph shows a 1.5D time : \(,)Vv:arlacijccj) ti;nue;s(izle:ﬁ;:ebvably would not work here
s seri.es of COVID-19 cases oyer the Y Color: smoothed new Couid19 cases
entire span of the pandemic Black: Deaths (10x scale)
It is wrapped into a spiral to
compare months over years.
) ok
oct. =i Does this work for you, or is it /
too weird?
Is it the “tapeworm of doom”? Yo
Hey — wait )
Isn’t this just a time-series in polar
Juty coordinates?

https://twitter.com/h i g s ¢ h/status/1483195230404947968

See commentary: https://www.youtube.com/watch?v=YWOWF9Vi4Mw

Multiple time series graphs Parallel ranked list charts

Things get messy when there are many series to be compared

* To be fair, this was designed as timeline of history— a visual story of economics
(prices, wages, imports, exports, debt)

* History shown as ~ a strip-chart recording (e.g., EKG) o e ,

* It was Playfair’s last graph. e L g T L 0 A G S

* Perhaps the earliest example of visual storytelling

Another solution for multiple time series is to chart the ranks of observations and
connect them with lines to show changes in relative position.

O g 1l
E: S /)»m'h./,’f/,/// // Booracily i //f/ igdat2L ///ém L, w/
S| P a—— T T = 5 e

debt B Slopes of lines reflect change
revenugiass in rank
Red bars try to show the
numbers
Playfair, W. (1824) Chronology of Public Events and Remarkable Occurrences. Ranks of populations of US cities across census years

From: Statistical Atlas of the United States (1880)



ggbump

Propensity of crimes across age Bump chart I\

André-Michel Guerry (1833), rank order of crimes at different ages This idea now called a bump chart. Implemented in the {ggbump} package
* sexual assault against adults decreases with age
* sexual assault against children increases with age (dirty old men?)

* parricide relatively low until a spike at 60-70 (waited long enough!) 1 Germany
INFLUENCE DE L'AGE.
—— , 2 Germany @ India
DISTRIBUTION DES CRIMES AUX DIFFERENS AGES, PAR PéRlDDE DE DIX ANNEES. 1w, N
p=4
A. ORIM¥S CONTRE LES PERSCNNES. Ec(
AD-DESSDUS DE 2% AKS, DE 14 4 S0 DE 30 4 40. DE 40 A 50, DE 50 4 60. DE & A 70 AU-DESSIIS DE 70 ANS. 3 Sweden
”;T:ﬂ.uuc-zm- e .m.wm.m»lj‘t’;u’,, P ot R TERTTN A SRV e [pormzomgannend G |maronnoes conas | S
I ct - easires ot : 246 |Bid it 479 |Assassiny) . B 4 IMeortre. . ... iﬂ? M_enm!. sl 473 |Vial sor des enfans- B
3 (e sbi | 365 A ..n,: 1eorr| 57 [Rsammt s e -etot mﬁﬁm—*m.:w il 18 Yol e dpsatas (it ey e : 4 India Swaden
R i [ : e T e e
1 [Vicl sar das enfems o 0 éhellios - - . - t
5 - 100 [VH Lesadull 105 Y301 stir des enfans, Viol sur des, ¥ 10z L ¥ ibell 2011 2012 2013
& T34 lnfacticide. . . . - . olgasgr. | T [Fanx (émoiguage. hetlior |
L 48 W as eoians | 58 | Viol snr des ndoltes |
5 1| 47 {Mess, eav. acend|  SU [HIEEC . env nGEde. . - - . -
s 3 53 i 25 i | 1
» ] P
i HIF .:
1% 8
:2 ] H SRRy ] i o ggplot(df, aes(year, rank, color = country)) +
o % SO e g e e o Pl = geom point() +
.. 1.000 ] 4,000 K K L
geom_bump()

Friendly, (2007). “A.-M. Guerry’s Moral Statistics of France: Challenges for Multivariable Spatial Analysis,” Statistical Science, vol.
22, no. 3. https://www.datavis.ca/papers/guerry-STS241.pdf

Slope graph of COVID: Cases vs. Doses 2D: Scatterplots

Vaccine equity — all lines should be ~ flat Which health regions stand out? 1974 Motor Trend Cars: Gas Mileage vs. Weight [Frame 1]

How could this graph be better? Goals: Want to see--
* Overall pattern:

L]
¢ e direction
cases Vaccine equity in Ontario: doses w *° ¢ form
How fair is the vaccine rollout?
As of 2021-05-07 * e st rength
L] . .
COVID Cases per 100k Doses Administered per 100 c o e Deviations from pattern;
e region iron ertn S R
Cityof Tooren g e n v an dangon 5 ° ° e residuals
e tegon s ey Bistrct e ®e © .
o oAt 2. e outliers
Niagara Regional Area York Region 2 ® °
Halton Region Peterborough County-City @ s
atorion ~ ubury and Diginey o
on ern NiagoraReglonal Area = ®
Lamoon et e o o
Welington-Duter-Guelpn— mcos uskoka Distrct 0% o o
Jadese London Gy of Ot : .
ot Base ot orntcouty ° Annotations can help,
Haldimand-Norfolk- ——Lambton L]
e Coun - . .
- * regression line
Halton Region *®
oy B 10 X
] i * confidence band
Leed: — ~— —_Norsay Fany Souna Distnct
e amortugh Counte- vy — - = N - orcp * smoothed curve (nonlinear?)
orey bruce— - ——Chatnamrent .
s [ s e R e * residuals
Ravtew County ans Diames e hegton 5 5 . :
ekaring e Eestersantario
N O et of goms onie Graree e Lok Bt Car Weight (1000 Ibs)
| 1) High COVID burden 2) Medium COVID burden 3) Low COVID burden

Graphic by Matthew Dubins, @MDubins



Who voted for Rob Ford in the 2014 Toronto mayoral election?

Ford voters and immigration
o

Pluraity winner
W crow

% immigrants

Ford voters and income
0%

a0 o

]
oo
©
+ &
s |
[J] g
o |:
= |z
3]
Q.
©
S .
o
[ T S
., * g -
« ssoam sooomo  sisoom S0  ssam0  s00000
2010 metan famay ncame
Pruraity winer .
M cror Mo [ Income

These simple scatterplots by data journalist Patrick Cain use simple

enhancements:

* Color, for candidate (, -, )

* Overall regression line

Source: https://globalnews.ca/news/1652571/ford-nation-2014-15-things-demographics-tell-us-about-toronto-voters/

Scatterplots: InfoVis

This graph, from
fivethirtyeight.com was designed
to show how some presidential
candidates had shifted positions
before the 2016 election.

The axes are a score on social and
economic policy, but they rotate
the axes by 45° to create zones
related to political thought.

This info graphic is eye-catching

and ~ self-explanatory:

» colored/labeled zones

* interpretive labels on axes

* arrows showing movement to
extremes

Candidates abandoning the middle ground
Earliest available and current OnThelssues score for Bernie
Sanders, Donald Trump and Michael Bloomberg

LIBERTARIAN

TRUMP

ELOOMBERG O
SANDERS

LEFT LIBERAL MODERATE RIGHT

CONSERVATIVE

Economic
score

POPULIST

R FIVETHIRTYEIGHT SOURCE: ON THE ISSUES

Women

Scatterplots: Wage gap

‘;\-"hy- it ]-‘Ié‘r-]’aycheck Smaller?

major

Nearly every ocenpation has the gap — I the size of the pay ‘home by 2 woman and the larger
one earmed by 2 man doing the same job. Economists cite 2 few reasons: discrimination as well as ices witkin i
factors, and part of the gap can to men havi years and Bours

OCCUPATIONS: Show s

@ Entertsiomen, education are law

® Sciense, computers and health car
@ Management, busness and firancial
® Production and transpartation

@ Service, sales and offce

mectian weskly
sarnings

Men

WMen's medisn weeky samings

iz w T

Alberto Cairo, The Truthful Art, Fig 9.19, from:
http://www.nytimes.com/interactive/2009/03/01/business/20090301

Cverall Wags Gap
(=

Gl L
=
P
g
TR TR R

Vet eamings e or fulfme
mcriers, ages 16 v clder Doma
comes bem e Caent Peplsioe
Sumey e 2007 e ks
oucupions i had aleast 62000
mespnciers o each s

ren [ weom [ saas

WageGap.html

How to compare
salaries of men &
women in different
occupations?

The NYT chose to plot
median salaries for
women against those
for men, in different
occupational groups

The 45° line represents
wage parity

Other lines show 10, 20,
30% less for women

How else to show this?

Scatterplots: Annotations enhance perception

USA Draft Lottery Data

Data from the US Vietnam 200
draft lottery, 1970 ® 5 ogo N ;j:;t';';e'y“’ be
B © of A, ‘ED
o o [a]
® Birth dates were drawn at EDD : P o 4 50 %
. . oB o
random to assign a “draft priority 300 | oqe 5, fm a E';J g ? %%
3}
value” (1=bad) o 5 _ooo0 g@ @ oo
[} E‘Dﬁd@' 0o DD o of
= o g4 0o g o G [=1=I=}
® Can you see any pattern or T @ o o 0.8 o
> ® o § """ oo
trend? 2 & g o B = a
5200l %o 75 ° go Gog oo
This is an example of data with a weak 5 B o o 0@ PR
. . a
signal and a lot of noise £ 0 O Ch - . ° oo 8 Soo
5 o A ] o8 o0 P " 8 o
o o o & o0 5 o - Bn
o O no 2] [=]
10010 o H B o 0% p
Opo a o s % o . o g
2 o DD Du 5::’3 o = a EEJD o
0000 . il o o & Un
] @ e < g B, L & "% Morelikelyto
127 - priority = 35 < = s} R g o @% & o o u] & be drafted
(0] o =] Ebu o 08 g
(0] 100 200 300 400

Brithday (day of year)



Scatterplots: Smoothing enhances perception Smoothing by grouping and summarization

USA Draft Lottery Data + T T . TT B -
L L T B ~ 3 [

. 400 Another form of smoothing is to I T S A R T
Drawing a smooth curve shows a make one variable discrete & S R =S R N R
systematic decrease toward the show a graphical summary — here a = S T O | [ A N S B
end of the year. boxplot : ! el IEN 'i. [
e The smooth curve is fit by loess, 300 - - ! i Lot
a form of non-parametric o The decrease in later months 5 g | ™ F =] Lo
regression. 2 becomes apparent a ° .

> i ‘ U
2 , S - T
£ 200 Perception: the boxplots form the b
. I 0 .. . e r
Visual explanation: 5 foreground; the jittered points g | 4 1o e o)) :
& show the data [ e S R il E
© A A S
a A N A
P R N
100 a | L .
o 4 - 4 e i
T T T T T T T T T T T T
Jan Mar May Jul Sep Nov
Birth month
0

o} 100 200 300 400
Brithday (day of year)

A scatterplot matrix shows the bivariate relation between all pairs of variables. Essential idea: You can choose different methods to render the diagonal & off-
Seeing these all together is more useful than a collection of separate plots. diagonal panels
0 20 40 &0 80 100 Im 0 20 40 60 80 100 0 5000 15000 25000
) 8 Density plots are often more restige i J Te

Q: How does occupational
prestige depend on %women,
education and income?

useful for showing the shapes
of distributions

* prestige: ~ symmetric

* women: bimodal

* income: highly skewed\

A data ellipse gives a visual
summary of the direction and\ .z

100

80

The individual plots are
enhanced with linear regression
lines and non-parametric
smooths to show non-linearity

0 20 40 €0 B0 100
0 20 40 6

i strength of the relationship 5 i

B o 80 e

. T i . . . AR ©

Some plots are highly non-linear T - Again, graphical annotation £ -
N ; aids interpretation. 8 s

This figure uses scatterplotMatrix() in the
car package. There are many options.

15000 25000
15000 25000
1

0 5000

0 5000
I

6 8 10 12 14 16 20 40 60 &



Categorical data

Larger data sets

Scatterplot matrices hold up reasonably well with a larger number of variables

This remarkable chart shows 1st
L ; { ' survival on the Titanic, by
Where to live in NYC? AR Class for passengers and 2nd
) o L e — Gender and Age.
This SPM shows 12 e e E momatsen -
varlables on ™~ 60 ik L e It was drawn by G. Bron, a
neighborhoods e | & graphic artist, and published
. . Bt foc = B E 5 in The Sphere, one month 14243
Th‘_? da'lca ellipses provide @ g z sawon after the Titanic sank.
a visual summary 3rana) A
"\, rp Diversity
= It uses back-to-back bar
is vi inni P | i e : crew
I call this visual thinning | | o s charts, with area ~ frequency
. . . ty -
— reducmg details in a lower creativity ? aE j,:
larger picture = - :
= | % P s b page:
| - tive disol LA : ee our we| Apage. - total
n an interactive display T i % bt gErreomen http://datavis.ca/papers/titanic/
we can zoom in/out EEER O W -
Nightlife

From: http://junkcharts.typepad.com/junk charts/2010/06/the-scatterplot-matrix-a-great-tool.html

Area proportional display of frequencies in n-way table

.. Eye . . . .
Similar to a grouped bar chart Brown Y Blue  Hazel Green Shaded according to deviation (residual) from independence
Shows a frequency table with tiles, ﬁ Eye
area ~ frequency g / 68 20 15 5 Sroun Eye - Lzl Graen Brown Blue  HazeGreen
> data (HairEyeColor) ]
> HEC <- margin.table (HairEyeCo]
> HEC c
Eye g e o = = Lé 286 E o o [ :é 12 19 14 |l-03
Hair Brown B =@ = H £
Black 68 ~ 20 15 5 £
Brown 119 84 54 29 .
Red 26 17 14 14 H 71 3 - H - H o H - g ‘ -0.1 || 17 H 09 H 23 |
Blond 7 94 10 16 - |
> chisqg.test (HEC) E 26 H 17 H 14 H 14 g 127 E 7 o oll = g_ 0.6
Pearson's Chi-squared test - o
5|7 94 10 16
. o .. . .. ~ ~ .
iézz{lari}ajc= 140, df = 9, pvatue <2eic Divide unit square ~ V1 Subdivide each ~V2|V1 Shade ~ residual (dij)
marginal frequencies conditional frequencies positive: O >E
negative: O<E
How to understand the association (0, ~E.)
—E,

r=2d;

between hair color and eye color? d,=—1—""




Mosaic plots

Brown Blue HazeGreen

Peqrsonl
Shade each tile in relation to the -34 H residuals:
contribution to the Pearson y?
statistic 40
2
2 z (Oij -6 ) . ! 14 |03 20
-y -k -

e. 0.0
. -2.0

& 0.9 H 23
> round (residuals (chjpfq.test (HEC)),2) -4.0

Eye 2
Hair Brown Hazel Green u—o:, - _5'_9
p-value =
Black 4.40 -3.07 -0.48 -1.95 <2e-16

Brown 1.23 -1.95 1.35 -0.35
Red -0.07 -1.73 0.85 2.28
Blond -5.85 7.05 -2.23 0.61

Discrete Data
Analysis with R

Mosaic plots extend readily to 3-way + tables

They are intimately connected with loglinear models
See: Friendly & Meyer (2016), Discrete Data Analysis with R, http://ddar.datavis.ca/

Parallel Sets

Titanic data: Who survived?

Class

By e e o | ] e— Parallel sets use parallel coordinate axes
I to show the relations among categorical

variables.

Sex Sex

The frequencies of one variable (Class)
are sub-divided according to the joint
frequencies in the next (Sex) and shown

M 7 Y by the width of the connecting line.
(b) TS .
: o [ The ParSets application is interactive:

e categories can be reordered (a, b)
e categories can be grouped (c, d)

Survived Survived

(© (d)

From: Kosera et al. (2006), https://kosara.net/papers/2006/Kosara_TVCG 2006.pdf

Generalized pairs plots

Generalized pairs plots from the gpairs fproved — o
package handle both categorical (C)and [ .
quantitative (Q) variables in sensible ways I I i fl—i—‘ T e
u. i | Treatment il
y _ : - - - (T
in ol
Q Q scatterplot ! ] ‘ I I ’_‘HIH (] ntumum:\
€ | @ | bl 1 ks
Q C barCOde Tﬁ ' I I L1 \1;:; I "~
C C mosaic = Age
“DEHBDE

None  Some Marked Female Male

library(gpairs)
data (Arthritis)

gpairs (Arthritis[, c(5, 2:5)1, ..)

Pantheon, by Valerio Pellegrini
Visualizing the 100 most
influential figures in History
(Wikipedia visits)

Columns show occupation,
country of origin and
gender

Flow lines link individuals to
the column variables, width
~influence

dorigine cinfn peresso PowTE eNTHFON MEDIAMITEDY



Sankey diagram

3. GBS0 CRISTO

x
6.

FARISTOTELE 9.0Mim0

2 PLxTONE 1o PriacoRs
T, ARCHIMEDE

2. MAOMETTO

P
16, WILLIAM SHAKFSPEARE
17. MICHELANGELD.

18,
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Bownnimo 46 62, mLuISE mscaL 78 macuto
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49, GIOVANNA DARCO o b
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HEVINCINTVAN GOGH 59, vOLTAIRE 75. GlovANNI BATTISTA gL URIPIDE

BACH 42 GENGHISKIAN 60. ovinio 92. sexECA
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@D

o
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3

99. JOHN LOCKE
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Multiple dimensions of the most influential people in history

From: http://visualoop.com/blog/83382/pantheon-by-valerio-pellegrini

John Snow’s map of cholera deaths in
London, 1854

Modern statistical techniques can compute
contours of constant density

Snow's Chelera Map, Death Intensity

Broad St. pump

A Castle StE i
‘Oxford Market &  Oxford St#2
Oxford St #1 -

FY
Warwick

Vigo St Coventry St

HistData®
Data: HistData package for R

3D: Iso-contour maps

Early attempts to show 3D data used contours of equal value on a map
The data was actually very thin; the contours the result of imaginative smoothing

6 » F

b,

iy
ozl

(OARRSRL [ Lobrndorl, e T Lo

s
S

3 Mo,
w‘ 7 % - SisTaNCES W GAYS FRGH LONGON
| ISOCHRONIC DISTANCES J01 5 0 10 days 10 to 20 dass] 20t to
f h ol ide)

Francis Galton, Isochronic chart of travel time, 1881

Italian demographer Luigi Perozzo
(1880) developed the first true 3D
diagram showing the population of
Sweden over years and age groups as
a 3D surface

Census counts for a given year are shown
by the red lines

Survival of a given age are shown by black
lines

Cohorts are shown by diagonal lines down
& to the right

These 3 variables are primary in
demography.

A mystery here: what caused the decline
at the upper right?

HUMERO ASSOLUTD i NATI VIVI

o
100,000 Indnidsi g
4 v

R
7

census
N




3D: scatterplot & regression surface

How does occupational prestige depend on income & education?

This plot shows the data and a fitted
multiple regression surface, connecting
the points to the regression plane

prestige, o
It is hard to see in a static view, but m'd‘,ﬁtef
easier when the plot is rotated il
dynamically

; TCOTTER
This plot is produced in R, using the _
car and rgl packages education’
100
data("Duncan", package="car")
scatter3d(prestige ~ income + education, data=Duncan, id.n=2)
movie3d(spin3d(c(0,1,0), rpom=6), duration=6, movie="duncan-reg3d")

Execine

What is this SUNBURST chart trying to show?
* How many dimensions of data?
*  What do the colors mean?

cash
cash
food
beverage
Other
z
3
=
%: Boston male
food
beverage
female !
2 beverage & <25
e B famak s
5 I 5 emale
L cash & ‘,‘7'50
i3 o s
0. male QM et male ¥
£ female female 3 S
5 female by
Y s male Male )
& 5
o ¥
| w
£ i
Tha £ Rises

Dashboards

Dashboards provide multiple images of different aspects, often linked interactively
Designed to give a high-level overview of multiple aspects

2 i Year Continent, Country Cluster
Health Expenditures as % of National GDP S :

Country 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Total

T T 691 706 67T 6

9867
34
349 384 373 360 354 3

538 574
491
1595
297
511
880 el
793
545
a1

286 —_———

601 €32 514 480 475 4B0 506 533 550 480 482 5o

380 332 381 4l 405

403 431 45D 48 515 526 532 532 $59 567 521 562 683 625 492
356 7385385 3% 347 316306 330 539 4061 384 358 4TI 431 a1 458 486 475 483 s
573 583 595 600 GO7 612 608 G0 617 652 645 635 636 64T 655 669 671 668 663 629

Total

Search Results: All Fields similar to 'Statistical and Albums'

Ministere des T... stere des T...
Statistical Dia... a stical Dia...
1885
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Image from: David Rumsey Map Collection,

https://www.davidrumsey.com/




Thematic maps & Spatial visualization Thematic maps: Types

[ Areal 2D True 3-D ‘ ‘
. P 1 . Thematic Mapping Techniques
Data often has a spatial context Basic types of T
Spacing - — - —|
H A
) . ) | Choropleth
Thematic maps use a wide variety of thematic maps
techniques to display quantitative or e
- : . Most are direct
qualitative variables on the geographic €
framework of a map [ mappings of numbers to
Perspactive L VISual Vanables
Height
Once the domain of cartographers,

. . . Contour Lines Aeprasent
these ideas are now being developed orentetion ‘.. e Choropleth maps _ Preant of Lind Araa
as an area of geospatial visualization ¢ u she_:de by geographic
and geospatial statistical methods e mrl 7 ‘ unit

Shaps * e * Isopleth maps use
* A contours of equal
) value
Arrangement [—]

e &

C\ D Thousends of Acres o
From: Slocum et al., Thematic cartography and Lgrness | @ N . s 12000 hares o naat |
geographical visualization, Fig 4.3 ‘ ® O

From: Slocum et al., Thematic cartography and geographical visualization, Fig 4.9

Alan MacEachern (1979) classifies point, line and area symbols on thematic maps . CEATISTIOUE CoupARkR
according to whether they depict quantitative or qualitative phenomena, in the Balbi & Guerry (1829) e e I e
physical or cultural domain. * First thematic maps of crime

PHYSICAL CULTURAL data

* First comparative maps

This is a coarse (“small multiples”)

classification.

e —Crime against persons inversely
Theories, ideas, and related to crime against property

¢
methods have s sy CarEnr o oo oFFuSIOn G CHOLERA - * —Education: France obscure &
advanced considerably

WWFLuNcE 1866 o
' d ¢ France éclairée
since this time.

QUALITATIVE
p,

*  —N. of France highest in
education & also property crime

This was the beginning of modern

QUANTITATIVE

B s . . . .
. o nl Y criminology & social science ---
AVERAGE IINIMI:\’ GRADUATED HILL SHADING, RESIDENTIAL DESIREABILITY SHIPMENTS OF IRON ORE . . .
Tewresatone i e enen T e oM churoRNA relations among social variables

made visible See: Friendly, M. (2022). The life and works of André-Michel Guerry,
revisited. Sociological Spectrum, 42, 233-259

MacEachern, A. (1979). The Evolution Of Thematic Cartography / A Research Methodology and Historical Review, The
Canadian Cartographer 16(1) June 1979, p. 17-33



Anamorphic maps What’s wrong with choropleth maps?

® Anamorph: Deforming a A CECERATN & . L - Choropleth maps are misleading because size (area) of units dominates perception.
spatial size or sha pe to 5 This is particularly true for maps of the US & Canada. Not so for France (why?)

show a quantitative variable

Montana looks
bigger than
Washington

* Emile Cheysson used this to
show the decrease in travel
time from Paris to
anywhere in France over

200 years

Note use of labels
for small NE states

50% 90
CLINTON un
TRUMS il
TIPPING POINTS (O

Album de Statistique Graphique, 1888, plate 8

fivethirtyeight.com election predictions, Oct. 13, 2017

49 50

Mosaic cartograms

A tilegram uses hexagonal tiles to make area proportional to a given variable US map provides a e e
. America’s Elm
spatial framework for Racial Breakdown

showing the by State R ™ irf_l

Here, the size of each distribution of = =

Washinglon  ldaho  Montana Morth Dokola Minncsola  Ilinois fisconsin  Michigan  Fiew York Riode Isiand  Massachuselts

state is made ~ number of categorical data = =l [ ! ;'.1' = ml Y !

electoral college votes oy s e P resy c,,mm:
- Each tile is positioned 7o |

Now, it is easy to see the as in a schematic US

impact of states map

Take-away: Area doesn’t
vote; People do!

District of
Columbia

on it 5 s s
el
Bl .

Alaska Tawail Texas

i Puerta Rico
grarwhelming o

1
jority of

Ricans are of Hispanic

orlgins. Whik fts not

8 stata, its inhabitants

ara all considered

50% 60 70 80 90
CLINTON'S CHANCES ] ) ONE ELECTORAL VOTE

TRUMP'S CHANCES

v = N
(@ S TR 1 . LTIy~ ) A SYR—

fivethirtyeight.com election predictions, Oct. 13, 2017
51 52



Geo-faceting

More general idea:
* A grid of (x, y) locations defines geographic units
* Each grid cell can be composed of any kind of plot conceivable with ggplot2
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| cmmaaag || ==mm |
- — 1
h = —
= —

-
s
]
i [ NY [
(— | o
— — — | |—
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From: https://cran.r-project.org/web/packages/geofacet/vignettes/geofacet.html

This map animation shows the growth in CO2 emissions globally: the map keeps
growing in size from 1970 - 2016
Also shows the changing shares of countries contributing to the increase in emissions

Carbon Dioxide Emissions

1970

https://worldmapper.org/map-animation-co2-emissions/ WaRER

Worldmapper: The world in cartograms

How to visualize social, economic, disease, ... data for geographic

units?

worldmapper.org : cartograms: area ~ variable of interest (700+ maps)

o

Horme Map Categories

Thurmbnail Tndex

#-Z Map Index

Sesrch for a rmap:
. I Go

About Werldrmapper Help

Warldmapper is 3 collection of world maps, whers tenitories are re-sized on sach map according to the subject of interast.

There are 366 maps, also susilable a5 PDF posters, Uss the menu sbous or dick on s thumbnail imags balow to view = map.

Reference maps ...
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Worldmapper: Cholera deaths

Deaths from cholera in 2004. Territory size ~ proportion of worldwide deaths

< Previous Map Cholera Deaths Map No. 232
T "' s - -
v ..
{5
\\
= A
(.

‘The cholsra outbreak has continued .. water provided by the tankers is nof enough and they try to
boost their supply from the wells, which are not covered. The rain washes faeces and other pollutants deaths from cholera that occurred there in 2004 or

into the wells " Pierre Kahozi, 2004

http://www.worldmapper.org/display.php?selected=232

Open PDF poster Next Map >

Cholera deaths result from severe dehydration
caused by diarrhoea. This is treatable: in 2004 the
number of cholera deaths was only 2 5% of the
number of cholera cases that year. Distributions of
cholera cases and deaths differ due to differing
availability of treatments.

In 1962, in Papua New Guinea, 36% of cholera cases,
which was 464 people, died. In 2004, in the Central
African Republic. 15% of cholera cases. which was 48
people, died

In contrast, there were 73 territories where nobody
died from cholera, because of good sanitation, clean
water and available treatment. These territories have
no area on this map.

Temitory size shows the proportion of worldwide

most recent year available.



Vaccination rates and
COVID hospitalizations

High vaccination, High vaccinstion.
e b o

Bivariate maps

How to show relation
between two variables on ey

Bend, Ore., area

5 56 percent vaccinated 0 g0
amapr 49 patioat= per ) e Admitted covid-19 patients
: per 100 hospital beds

Albany, N.Y., area
61 percent vaccinated

Bivariate maps combine i 3 7 patiante pr 100 bec
two colors with degrees of i
saturation

Claim:

Regions with more

vaccinations have fewer

hospitalizations : , 5 | p——
o Y area has the highest

hospitalization rate
in the country: 38

. the highest Te .
Can you see this? rspiliston o ; prtertaper 100

South: 31 patients
per 100 beds.

39 percent vactinated
37 patients per 100 beds

b —
By Zach Levitt and Dan Keating R A |

https://www.washingtonpost.com/health/2021/09/23/covid-vaccination-hospitalization-map/ 57

Contour maps

Contour maps ignore region boundaries and estimate constant contours of a
phenomenon over geographical space. This is a form of geo-smoothing.

Rate of Temperature Change in the United States, 1901-2015

From: https://medium.com/two-n/an-alternative-to-
choropleth-contour-density-maps-in-d3-js-93elfdbdc4e

Rate of temperature change (°F per century):

35 3 2 A 0 1 2 3 35
Grayinterval: -0.1t0 0.1°F

59

Scatterplot to the rescue

Distribution of vaccination and hospitalization rates
Most hospital regions with high vaccination rates have lower hospitalization rates — and places with
lower vaccination rates tend to see higher rates of admitted patients.

Share of 80%

High vaccination, High vaccination,

popul laftl:llill; Jow haspita.[izations high hospitalizations
vaccinated Miami, Fla., area

This lovely scatterplot .

shows:

60
| Bend, Ore., area

* Yes, inverse relation v’ )
* NB: Classing of color 50 Lawton, OKla.,

* Whoa: non-linear trend? 5
40
But:
* Shouldn’t the axes be 20 Texarkana,
reversed? e

Low vaccination, Low vaccination,
low hospitalizations high hospitalizations
0 8 12 40
Admitted covid-19 patients
per 100 hospital beds

* Geography is ignored

20

58

Linguistics: Food dialect maps— visualizing how people speak

soda vs. pop?

What is your generic term for a sweetened carbonated beverage?

In the Cambridge Online
Survey of World Englishes,
Bert Vaux and Marius L.
Jghndal surveyed 11,500
people to study the ways
people use English words.

NC State Univ. student Joshua
Katz turned the US data into
shaded kernel density maps.

8 coke
@ soft drink

Take the survey: http://www.tekstlab.uio.no/cambridge survey
Programming in R: http://blog.revolutionanalytics.com/2013/06/r-and-language.html

60




Spatial visualization: Analysis + maps

Flow maps

Linguistics: Food dialect maps— visualizing how people speak , .
Flow maps show movement or change in a geographic framework

crawfish, crawfish, crawdad? The master work is this image by Charles-Joseph Minard (1869)
A k-nearest neighbor kernel B T,
density estimate over (x,y) 5 e

locations gives a smoothed &
interpretable display of the
choice probabilities.

Regional differences are quite
apparent.

The use of color combines
discrete categories with
intensity to give a meaningful

display gz

8 crawdad
B 1 have no word for this critter

Joshua Katz, Department o Statistics, NC State University

° Marey (1878): “defies the pen of the historian in its brutal eloquence”
* Tufte (1983): “the best statistical graphic ever produced”

Effect of US civil war on cotton trade

Before After

In a graphic tribute to C.-J. Minard and W. E. B. Du Bois, RJ Andrews & Howard Wainer
tell the story of the migration of blacks from the southern US after freedom from

— z /; slavery.
/\NV\/\//://" \

e=et> Gy =EamaNere

| R o = S’Tguwﬂu«z%mp showing the flos of Nonwhite Wigrants e Anrexica, /5850 ~ 1940
, 1862 U (Do

Design napize Minard ~ad~ W.E

AMERIQUE

AMERIQUE
DU NORD

DU NORD

Migration

AR R LQLU E

' el . A 1880 1900 1920 1940

AMERIQUE DU SUD )

b

WERIOUE DU SUD

GRAPHIC TABLE of the number of known® LYNCHINGS of Blacks.

Lynchings

Note the deformation of the map to accommodate the data Andrews, R. J. & Wainer, H. The Great Migration: A Graphics Novel Featuring the Contributions of W. E. B. Du Bois and C. J. Minard.

Significance, 2017, 14, 14-19. See also: http://infowetrust.com/picturing-the-great-migration/ for the story of this graphic




Network visualization

Once the domain of mathematicians & computer scientists, graph theory and network
visualization turn out to have surprising & interesting applications.

Animated demo by Martin
Granjean showing transport
of passengers from/to world
airports.

CONNECTIONS

It illustrates the difference
between geography & force-
directed layout to focus on
volume & connections

From: http://www.martingrandjean.ch/connected-world-air-traffic-network/
See more: https://flowingdata.com/2016/05/31/air-transportation-network/

Network visualization: Shakespeare tragedies

How do | get from
Chigwell to Charing
Cross?

How much will it cost?

This route map shows
the connections and
fare zones

The first one was
designed by Henry
Beck in 1931.

The modern version is
zoomable and
available on your
phone.

See: https://tfl.gov.uk/maps/track

Episodic memory: Free recall

A new form of literary A
criticism? : e
Martin Grandjean looked at the RA e

structure of Shakespeare tragedies [
through character interactions. - % °

Each circle (node) represents a e 4
character, and an edge represents two ® @ a—\ °
characters who appeared in the same g A\

scene. VU

The structural characteristics of the Sk o -

¢ ©
ROMEQO AND JULIET
tagas 41|37 Yo ey

graphs have meaningful interpretations
(# connections, centrality, ...)

From: https://flowingdata.com/2015/12/30/shakespeare-tragedies-as-network-graphs/

Organization of words in memory can be inferred from their order of recall in multi-
trial free recall task

THML uge  gure  asel capive  decree swcwion mas  pemfesssr enar nann
T4 wge  ponh  ourel sssme  capive cwcuion hghway protessr nvertr
=3 =10

TANE: highway stuclre Oefee mgs  nen  wis  ewediion caine sl el invgnlor  orolessor

wIT L3 FEI
TAME quatel  assall it exbeion capive wgt b shucre ighway mwenise  profassor
TAT, cuamel e castive ewculioe decies nadh Gl mast bighway dvenlor  peolessnr urge
TAIE QUATH 3HIUN Caplle UGN QRIS wOE  Suces nath  invielor prolesse bway  mast

MDS and cluster analysis used to
infer semantic structure

FiG. 1. Recall protocols for one subject in a free recall task. Vig|

TABLE 2

MATRIX oI AVERAGE PROXIMITIES

1 2 3 4 5 6 7 8 9 0112

1. Inventor
2. Professor Proximity for

3. Hight 9t 18 r/—q‘pr‘ufvsso_r-
w: * H errar
ey each pair of (2 nvenro
4. Mast 7 77 |94 Rational
words
5. North 76 0|9 86

6. Structure 73 64 |91 85 957

7. Assault 55 52 & 2 67
*Highwoy

8. Quarrel 48 45 38 43 6l C. /
9. Captive 64 61 60 61 T Most ® Stricture
10. Execution 68 65 65 80 80 Non-Vialent
11 Decree 58 53 68 30 82 - . . P,

< Fra. 2. Multidimensional scaling solution for the proximities in Table 2.
12, Urge 64 64 69 68 79

Friendly, M. (1977). In search of the M-Gram: The structure of organization in free recall. Cognitive Psychology, 9, 188—
249. https://doi.org/10.1016/0010-0285(77)90008-1




Semantic memory: Cognitive structure

Semantic memory: Cognitive structure

Various tasks can be used to assess the relations among words/concepts in our
semantic memory

The data can be used to calculate measures of similarity, and be shown in network or
other diagrams

A
Verbal fluency task: Say/write all D03, Gt Lo MU0 RABB It Fok
the names of [animals, countries, w:gggg
..] you can in 1 minute. miﬂiﬁ;ﬂ( [ -
2 st o
b Tl Filteri
“i’ e \\_ﬁ_’y
B

Similarity ratings: For each
pair, indicate how similar they
are

Normalizing

From: Wulff et al. (2018), Structural differences in the semantic networks of younger and older adults,
https://www.nature.com/articles/s41598-022-11698-4

. Fluency Similarity
Do younger and older adults differ on 20 o
. 10
measures calculated from their I | ? %’1 fe o0
network diagrams? g 8 e
< os
-0.5
. - ey networks TTIT
<k> : Average “degree” # of connections . i gfﬁ;;m
C : average local clustering
. 0.2
L : average path length in network 0.15 H
o 008 H H H
A() : young — old difference e
-0.1
-0.15
-0.2
IMHO, this graph tries to do too much. 06 -
048 zWeig hted
ggg Unweighted
The fluency data is most important to o012 -
. <1
their argument. o *0 + *
AL & A <k> show consistent differences Byt +
-06

between young & old 0 01 02 03 04

(2014)
Animal
Study 1
Country
Animal

Dubossarsky

Wmin

Zorteaet al.
etal. (2017)
Wulff et

al. (2016)
Study 1
Study 2

AP WikiLeaks Iraq SIGACTS (redacted) - Dec 2006

Johnathan Stray & Julian Burgess
analyzed > 11,000 documents for
SIGACT (“significant action”)
reports from the 2006 Iraqi civil
war made available by WikiLeaks.

Each report is a dot. Each dot is
labelled by the three most
“characteristic” words in that
report.

Documents that are “similar”
have edges drawn between them,
width ~ similarity

The graph-drawing algorithm
placed similar nodes together

From: http://jonathanstray.com/a-full-text-visualization-of-the-irag-war-logs

Certain themes became clear, and could be studied in rich detail
The underlying methods use “term frequency—inverse document frequency”
measures of text-mining.

Murder cluster. All contain the word

“ ” Torture-abduction cluster
corpse

http://jonathanstray.com/wp-content/uploads/2010/12/Murders.png http://jonathanstray.com/wp-content/uploads/2010/12/Torture-abduction.pn;




Twitter network of R users

Perry Stephenson explores the
connections among the top 50 R
users on Twitter

The rtweet package provides
access to Twitter info

library(rtweet)
followers <-
get_followers(“datavisFriendly"))

R Twitter Activity Network

Top 50 users (by centralty) - July 2018

From: https://perrystephenson.me/2018/09/29/the-r-twitter-network/

Pathological

networks

Conspiracy theories (QANON)
are aided by diagrams like this
suggesting that everything is
connected to everything else

*  “labyrinthic chartjunk”

* Information overload

* The world is chaotic

* Something MUST BE DONE!

From: https://deepstatemappingproject.com/
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Twitter
circles

Who do | most
often interact
with?

Three rings to show my
twitter world

One ring to rule them all:
@datavisFriendly

Other rings: #datavis,
#maps, #rstats, #psy6135

Tree-based
Visualization

Branching patterns
History as a tree

Treemaps

Generated by http://chirpty.com

B niiic iy

{Ori

Ramon Llull, 1298;;Tr¢

Showing aspects of love bet!

i/

briea

77




Tree diagrams

History as a

Trees are natural, organic visual metaphors for branching processes and space-filling Tree .
designs. Geschictesbaum
SCIENTIZE : Europa (2003)

ENERABILIS ET CALITVS
: inati Patris RavMvnp: Lyvion
~ Maioricenfis,
%5 TI4S
‘:. 7, vimsecran

The entire history of
Europe in one diagram
e space-filling design:
resolution ~ time?

¢ natural metaphors for
roots, branches

ST
Ramon Llull’s tree of science, showing Charles Darwin’s first visual sketch of
roots and branches of knowledge the evolution of species

8 Image: David Rumsey map collection, https://bit.ly/3GYZ2iw &

History as a Tree Treemaps

Treemaps display hierarchical data as a set of nested rectangles.
Each node (leaf) has an area ~ size (CO,)

® Branches for countries &
domains of thought

Who emits the most CO.,?
e Leaves for all the details

Global carbon dioxide (CO-) emissions were 36.2 billion tonnes in 2017.

Asia North America

The construction
19 billion tonnes CO, 6.5 billion tonnes CO, 6.1 b C makes efficient use of

53% global emissions 18% global emissions 1

space

Nesting shows relative
size at multiple levels:
continent -> country

No limit to the depth
of the branches

e linear horizontal scale >
area ~ time?

ipping

a Oceania
1.3 billon tonnes CO, illion tonnes CO, 82
3.7% global emissiond  3.2% global e 9% global emissions



Treemaps: Google Newsmap

They turn out to be useful in [l Kings have

White House seeks

veterans during  many playoff [t e 1o head off

a wide range of applications Miami trip scenarios

h
it with the

Google NewsMap shows top

news stories with

* Size ~ popularity

* Color: domain—world
news, sports, national, ...

Deadly Somalia
* Shades: recency

suicide blast
caught on
camera
Interactivity: Hover, click to

show details

‘appropriately’ to showdown with
judges' questions Jjudges over health-

Celtics-Bulls
Previ

Holder- DOJ to respond appropristely to judges”
‘qQuestions about health care law

See: https://newsmap.ijmacd.com/. This uses https://github.com/ijmacd/newsmap-js

Voroni treemaps

Le nouveau camembert?
80 Trillion Dollar § ¢

World Economy in a Single Chart

‘Waorld's Region
AFRICA
LATIN AMERICA
AND CARIBBEAN
MIDDLE EAST
EUROPE

ASIA
NORTH AMERICA

UNITED
STATES
$19.39T

A voroni diagram subdivides space
into polygons.

As a treemap, this is done
recursively in hierarchical
categories.

The circular form makes it an easy
replacement for a lowly & chart,

Image from: https://community.tableau.com/s/question/0D54T00000C6fMDSAZ/voronoi-diagram-and-other-charts

Radial trees: Visual Thesaurus

The Visual Thesaurus, from
Thinkmap was the first
application to make word
meanings visual and
interactive.

They used a radial layout to
show the various related
senses of given focus word.

This application was incisive
in promoting ideas of

interaction with tree-based
data: query, zoom, tool-tips,
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This fig from Manuel Lima, The Book of Trees, p. 127

Animation
&
Interactive

Graphics

Origins: Visualizing motion
Animated graphics

Dynamically updated
graphics

Linking views

Interactive application
development frameworks




A wager about a horse in motion E.-J. Marey: A science of visualizing motion

In the late 1800s, a popular quasi-scientific question was: Does a horse, in a trot, * Physiology: How to make internal physiological
cantor or gallop ever have all four feet off the ground? Lelland Stanford made a bet. b . | | <2
This came to be called the Hypothesis of Unsupported Transit processes su JeCt to visual ana YsIS:

" |nvented many graphic recording devices (heart rate, blood

Eadweard Muybridge solved the problem by automating multiple photographs .
pressure, muscle contraction, etc.)

= “Every kind of observation can be expressed by graphs”
Marey’s sphygmograph, recording a visual trace of arterial blood pressure

N Q |

-r-n------»n------.- Ll 1% 15 36 17 18 I8

Animation: Chronophotography

Marey pioneered the study of
human and animal motion
photographically

Animated graphics

Animated graphics, like movies
are just a series of frames strung
together in a sequence

200

The data for this animation come
from human figures in motion-
capture suits dancing the Charleston.

=

150

100

a0

The Carnegie-Mellon Graphics Lab A
maintains a Motion Capture ° T
Database, http://mocap.cs.cmu.edu/ T’

3 80
100 80 60 40 20 0 20 40 60

X

The photographic gun, allowing

recording of 12 frames/sec. at From: http://blog.revolutionanalytics.com/2017/08/3-d-animations-with-r.html
intervals of 1/720 of a second




Animated line graph

To show the evolution of time series over time, you can use an animation line graph

Replay Animation

A & S &
& N & &
+$ S $ $

%,
%
ea‘,‘?

100,000

80,000

0,000

Page views

20000 Bar Char: 22,296.46

Treemap: 21,320.47
Box Plot: 20,329.36

20,0008 Bubble Chart: 19,130.01
-

Area Gragh: 16,220.92
o=@ Candlestick Chart: 8418.44

0

The Data Visualization Catalog shows page views of its top 10 charts

Graphs like this can be done using the gganimate package

Statistical animations

Statistical concepts can often be
illustrated in a dynamic plot of some
process.

800

700

This example illustrates the idea of 2
least squares fitting of a regression
line.

Residual Sum of Squares
600
.

500

As the slope of the line is varied, the
right panel shows the residual sum

400

of squares.

24 B 8 0 12 14 0 00 20 30 40 50
x Slope= 0325

This plot was done using the animate
package in R.

Bar chart races

Data that changes over time can often be shown in a simpler animated graphic

This example of a bar chart race shows the strengths & weaknesses of this approach.

COVID-19 Cases by Country (JAN 20 - 21)

Germany - 9257
France - 1715
United States . 6511
Unéted Kingdarn - 4482

Japan I a3
C.:m:xl.al AT
Blc'h:llé 321
| March 17, 2020
india 142 Total cases - 141,733
0 10,000 20,000 30,000 40,000 50,000 60,000 70,000 50,000

Animated graphics

Hans Rosling captivated " i L
audiences with dynamic 55 $

graphics showing 9 ¢ ‘.
changes over time in : 1 Y

world health data 6 i s

4

Technology
Emartznmant
Design

Video: Hans Rosling, “The best stats you’ve ever seen,”
https://www.ted.com/talks/hans_rosling shows the best stats you ve ever seen




Animation & Interactivity

The Gapminder “moving
bubble chart” was the
vehicle.

* Choose (x, y) variables

* Choose bubble size
variable

* Animate this over time

Liberating the X axis from
time opened new vistas
for data exploration

Software made this
available as a general tool

lin==

Life expectancy (years)

Income per person (GDP/capita, PPP$ inflation-adjusted)

= 1800 1820 1840 1860 1880 1900 1920 1940 1960 1980 2000
Playp = i e X : i ; X )

Animation: Interpolated views

Animation can also be used to show the difference between two views, using
interpolated transitions: Current = a view, + (1- a) view,

This image showed Rep vs. Dem votes in the 2016 US election, contrasting shading by
area vs. shading by population.

Land doesn’t vote;
people do

[Image: Karim Douieb/Jetpack.ai]

https://www.fastcompany.com/90572489/u-s-election-maps-are-wildly-misleading-so-this-designer-fixed-them

This example links a
dendrogram to a grand
tour and map of the
USArrests data to
visualize a classification
in 5 dimensions

The grand tour
animates a series of 2D
projections of the 5D
data

The image is recorded
asaGlIF

From: Carson Sievert, https://plotly-book.cpsievert.me/linking-animated-views.html

selectors ~=

inputs ~ T

Download CSV for active metro

(2010)

Use the Explore metros tab

shiny for R makes it
easy to create

interactive applications

author: Kyle Walker,
stian University.
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https://walkerke.shinyapps.io/neighborhood diversity/




shiny gallery

There is now a large collection of shiny applications, https://shiny.rstudio.com/gallery/
These integrate other interactive web software: d3, Leaflet, Google Charts, ...

Interactive visualizations
Shiny is designed for fully interactive visualization, using JavaScript libraries like d3, Leaflet, and Google Charts.

Movie explorer

SuperZip example Bus dashboard Mavie explorer

The topics here were largely about data graphs, for
analysis & presentation. Mainly not Info-graphics

= Quantitative data: different forms for 1D, 1.5D, 2D, 3+D data

= Categorical data: often best shown as areas ~ frequency (bar plots,
mosaic plots)

Thematic maps: visualizing spatially varying data
= Raw data with different visual encodings
= Spatial statistical models provide some smoothings

Networks/trees: visualizing connections
Animation: show changes over time or space
Interaction: allow the viewer to explore the data



