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Organizational

Make sure to form your project teams!

If you can’t find a team, e-mail me
Develop project idea
Set up your github repo
Need to submit Project Info, including Team and Title by Monday!
Proposal due Oct 26

Peer review session (mandatory attendance) on November 3



Dataset Types
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Exercise: Sketch 2 Ways to Vis.
Each Table

Sex BPMT1  BPMT2 BPMTG

.....................................................................................................................................................................................................

.................................................................................................................................................................................................

......................................................................................................................................................................................................

.................................................................................................................................................................................................

......................................................................................................................................................................................................

.................................................................................................................................................................................................

......................................................................................................................................................................................................

....................................................................................................................................................................................................

Charles 19 113 53 M Charles 81 110 130



Scale of Tables

Need different approaches for “normal” and “high-
dimensional” tables.

How many dimensions?

~50 — tractable with “just” vis

Homogeneity

Same data type?

Same scales?
~1000 — need analytical methods

Age Gender Height
How many records? Bob 25 M 181
~ 1000 — “just” vis is fine Ahc.e 22 F 185
Chris 19 M 175

>> 10,000 — need analytical methods

BPM1 BPM2 BPM3

Bob 65 120 145
Alice 80 135 185
Chris 45 115 135




Analytic Component
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Scatterplot Matrices
[Bostock]

Parallel Coordinates

[Bostock]

<

no / little analytics

Pixel-based visualizations /

heat maps
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Multidimensional Scaling

[Doerk 2011]
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strong analytics
component




Techniques and Tasks

Magnitude Distribution  Deviation  Correlation

Ranking Part to whole Change over Time

-
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https://gramener.github.io/visual-vocabulary-vega/#/Magnitude/ vocabular Y o
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https://github.com/ft-interactive/chart-doctor/tree/master/visual-vocabulary Visual a tF.! 4 “';.'.'-t‘ff
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https://github.com/ft-interactive/chart-doctor/tree/master/visual-vocabulary
https://gramener.github.io/visual-vocabulary-vega/#/Magnitude/

Magnitude



Bar Chart Variants
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Comparison of bar chart types

Category 1 @ ltem 3 —
Category 2 @ Item 5
Category 3 @ Item s
Category 4 © Item A
Category 5 @ -
ltem 5
Pie Chart Stacked bar chart
1 10
ltem 1 I
Layered item 2 -
Bar ltem 3 I
Chart 'tem4 =
ltem 5 |
Small
Grouped A Multiples
Bar 15-
Chart

ltem 1 ltem 2 ltem 3 ltem 4 ltem 5

Streit & Gehlenborg, PoV, Nature Methods, 2014



Rank
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IsoType Visualization

Population and Live Stock

Great Bmcun
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Each grey figure represents 5 million population Average for 1935 - 1939
Each complete red symbol represents 5 million cattle
Each complete black symbol represents 5 million pigs
Each complete blue symbol represents 5 million sheep
somre @

b §

There are more cattle and pigs per head of population in America than
Britain, but sheep—only 5 in U.S. for every 9 in Britain—are a different
story, and provide the tender home-grown leg of mutton prized by the
British.

13
http://steveharoz.com/research/isotype/

Otto and Marie Neurath


http://steveharoz.com/research/isotype/

Part of Whole



Stacked Bar Chart

Keys: Class, Survival e
. . 700" | mmmm  Survived .

Class is spatial .

Survival is color

Left: absolute values

0.2

0.0

I st Class 2nd Class 3rd Class I st Class 2nd Class 3rd Class

Right: proportional
values



Pie and Donut Charts

Pie Edit  ponut

A common way of showing part-to-whole data - but be aware that it's difficult to accurately compare Similar to a pie chart - but the centre can be a good way of making space to include more information
the size of the segments. about the data (eg. total)




TreeMap

Treemap

Use for hierarchical part-to-whole relationships; can be difficult to read when there are many small segments

-I . .
Storage

Appliances Furnishings



Part of Whole for Time Series



http://stackoverflow.com/questions/16875546/create-a-100-stacked-area-chart-with-matplotlib

Distribution



Aggregating Large Data Vectors

Instead of showing all data points, show a data’s
distribution

Pro: compact representation

Con: Works only if data is “well behaved” for the type of
distribution visualization.



What’s a histogram?




Histograms Explained

gather data items

sort items into list ()

draw a number line (&)

place items on number line (1)

portion items into bins ()

@ show bin-break values

[ Il (] ]
96 I N I 306 unit: seconds

80 100 120 140 160 180 200 220 240 260 280 300 320

P 3%2 \\_X'é

dataset: Geyser—272 records of delay (in seconds) between eruptions of Old Faithful

ttp://tinlizzie.org/histograms/


http://tinlizzie.org/histograms/

H iStog ra m m# passengers

Good #bins hard to predict
make interactive!

rules of thumb: RIS gge
#bins = sqrt(n) 10 Bins
| _# passengers
#bins = log2(n) + 1

80

- age

20 Bins



Unequal Bin Width
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Can be useful if data is much sparser in some areas than others
Show density as area, not hight.

https://www.nytimes.com/interactive/2015/02/17/upshot/what-do-people-actually-order-at-chipotle.html?_r=1



Density Plots (Kernel Density
Estimation)
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http://web.stanford.edu/~mwaskom/software/seaborn/tutorial/plotting_distributions.html


http://web.stanford.edu/~mwaskom/software/seaborn/tutorial/plotting_distributions.html
https://mathisonian.github.io/kde/

Box Plots

aka Box-and-Whisker Plot -

Ql Q3
Show outliers as points! R, iy
Bad for non-normal distributed =~~~ weaw
data —-40 —30; —20 —105 0o lo 20 30 1o

~2.6980 —0.67450 0.67450 2.6980

Especially bad for bi- or multi-
modal distributions

24.65%  50%  24.65%

-40 —E]Bol —éo —io OIo 1'0 210 30 410




oxplot, Four Distri

Normal

Bimodal | I |
= | | 1 P T

Feaked

Skewed

Box plot

L 1 1 1 | L 1 1 1

U 2 4 b & 10 12 14 16 18

Figure 1: Histograms and box plot: four samples each of size 100

http://stat.mg.edu.au/wp-content/uploads/2014/05/Can_the_Box_Plot_be_ Improved.pdf

butions


http://stat.mq.edu.au/wp-content/uploads/2014/05/Can_the_Box_Plot_be_Improved.pdf

Box(and Whisker) Plots

CAN MY BOYFRIEND
COME ALONG?

\

IM NOT YOUR
BOYFRIEND!

[ You TOTALLY ARE.

TM CASVALLY

DATING A NUMBER

OF PEOPLE.

0O

Uniform
Normal
Poisson |

B\

/

1

BUT YOU SPEND TWICE AS MucH | YOUR MATH IS
TIME WITH ME AS WITH ANYONE | IRREFUTABLE.

ELSE. TM ACLEAR OUTUER.

FACE IT—=IM
YOUR STATISNCALLY
SIGNIFICANT mHER

Exponential —EE—— e»® anssam® we ¢ © o

http://xkcd.com/539/

0

2

2 6


http://xkcd.com/539/

Comparison

Uniform
Normal
Poisson
Exponential

Uniform

Exponential
A=1

Uniform
N I Min=5.5

: orma -
Poisson viax = 6.5

u=2

2 4q 6

Streit & Gehlenborg, PoV, Nature Methods, 2014



Bar Charts vs Dot Plots

A Mean +/- SEM B Dotplot C Patient sub—groups?

1.0- 1.0 1.0-

0.8+ 0.8-

- 0.6- = = o 0.6- <
= = =
3 : S

0.4 0.4-

0.2- 0.2- 0.2-

0.0 0.0 0.0

Conirols Patiénts Conirols Patiénts Con'trols Patiénts
Group Group Group

Data Source https://bmcneurosci.biomedcentral.com/articles/10.1186/1471-2202-10-67 https://twitter.com/robustgar/status/859318971920769024



https://bmcneurosci.biomedcentral.com/articles/10.1186/1471-2202-10-67

Violin Plot

= Box Plot + Probability Density Function

15 20
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10
10
0 0
-10
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15 \/
l|l
-15 =20
d d2 d1 dz

http://web.stanford.edu/~mwaskom/software/seaborn/tutorial/plotting_distributions.html


http://web.stanford.edu/~mwaskom/software/seaborn/tutorial/plotting_distributions.html

Different Distributions

Box-plot of the Data Violin-plot of the Data

Raw Data
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https://blog.bioturing.com/2018/05/16/5-reasons-you-should-use-a-violin-graph/
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T13 - Attribute along Shortest Path

Accuracy
0.89~[0.83,0.93]
NL -~ NL
AM AM
0.54~[0.46,0.62]
0.00 0.50 1.00
W= 15630 p= 1.36e-12 d=0.88~[0.63,1.14]
T15 — Attribute on Multiple Paths
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NL e NL
AM ———ml  AM
.3/7~[0.29,0.44]
0.00 0.50 1.00

W= 15484 p= 4.34e-10 d=0.77~[0.52,1.05]

0

How to Visually Report
Distributions for Experiments

Time (minutes)

1.04~[0.97,1.11]

e——

1.94~[1.76,2.18]

2 4
W= 5419 p= 3.21e~15 d=—0.92~[-1.07,~0.75]

Time (minutes)

6

1.21~(1.09,1.4]

e
- —e—
2.79~2.5,3.28]
2 4 6

W= 4161.5 p= 2.2e~16 d=—0.92~[-1.17,—-0.66]

[Nobre 2019]



One of these things is not like the
other...

19 charts andom samples from a gau
1 chart has 20/ of samples with identic I I

A A -
A A - -
A A - .
A A - — -
A A e -




Detecting Data Flaws

Tricky with aggregate
visualization

Bin size / kernel type /
bandwidth / visualization
choice all affect different
situations

Origina‘ Distribution Gap Outliers Spike




Deviation



Comparison to Reference Po
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Response Ratio

Diverging Bar Chart Juxtaposing Two Variables (male/female)

Surplus/deficit filled line
The shaded area of these charts allows a balance to be shown; either against a baseline or between two serie
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Surplus/deficit filled area
Same as before.
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Change over [ime
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https://bl.ocks.org/mbostock/8033015

Stacked Area Chart

25



http://stackoverflow.com/questions/2225995/how-can-i-create-stacked-line-graph-with-matplotlib

100% Stacked Area Chart



http://stackoverflow.com/questions/16875546/create-a-100-stacked-area-chart-with-matplotlib

acked Area vs. Line Graphs

Market Share

100
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25
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80
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20
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leancrew.com &
Practically Efficient


http://www.leancrew.com/all-this/2011/11/i-hate-stacked-area-charts/
http://www.practicallyefficient.com/2011/11/25/boring-charts/?utm_source=feedburner&utm_medium=feed&utm_campaign=Feed%253A+PracticallyEfficient+%2528practically+efficient%2529

Can you spot the trends? Overall vs
Individual Components.
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http://vizwiz.blogspot.com/2012/08/displaying-time-series-data-stacked.html
http://vizwiz.blogspot.com/2012/08/displaying-time-series-data-stacked.html
http://vizwiz.blogspot.com/2012/08/displaying-time-series-data-stacked.html

Sparklines

Small line charts

can be embedded In text
or part of a table

Mauricio Pochettino has lead Spurs on their best
run in 24

years of the Premier League

Alibaba stock is at 5 yr
high 93.89 ui sl 152.11 as of July 2017

The FTSE100 Brexit
bounce 5562 .." 7501 continues one year on

from the vote last summer

https://www.bram.us/2017/09/12/spark-a-typeface-for-creating-sparklines-in-text-without-code/

Yolume High Low |Value Change

YValue Gain

Symbol Bid Ask Last |Change |T
DELL | 8934 8913M¢ 893/4 +11/i4 f
CPQ 437M6 483916 437TME -13ME6
SDTI 261/4 26308 2638 +112
COMS 46172 46916 46916 - 25/32

LU 111558 1111116111 916 +1 9A6
YHOO |[3661M6 368172 3681722 +171/14 8
AOL 162 13M6163 163 + 8

CMGI 97 3/8 | 9712 97172 +57/8
SPLN 3313M6 3315M¢ 331316+ 7ME
BEAS 13122 1358 1358 -7M6
GMNET |102 103 3M6 101 M6 + 618
RMWIK | 67 67 1/4 67 + 2 3/4
MSFT (173108 173174 173516 +1 3/4
INTC 1333/4 13313M€13313M6-31/3
TOTAL

25628700 511/4 144 -165% -81
504 600 27 358 2535/ +193% 250
3191100 4715M¢ 453/4 -165% -102
5104 600 1125/8 110 +1.42% 78
3,787,600 381 316 280 +4 91% 431
10,008,500 164 158172 +516% 2860
13236800 931722 93 +6.41% 705
300200 343/ 3358 +1.31% g0
369,200 1414 13158 -311% -44
307 600 108 97 +6.43% B13
1,233900 B9 64 15ME+4 28% 275

13,284,500 174 7116 170 +1.02% 17
8,094 300 137102 1333/8 -228% -625
205,302 80993  +1.63% 2,293

By Peter Zelchenko - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=45352944

10310100 901/8 881/2 +1.41% 250

17 850 +273.72° 13147
4,844 +60.79% 1,831
13188 +13315¢ 7531
6,053 +2979% 1,389
5578 +2276% 1,034
9,21 3 -0.41% -30
5705 +73.06% 2,408
11,700 +186.765 7520
8,?53 +34 60% 3,288
1363 -917%  -138
10131 +13026°5 573
6,700 |+79.87% 2975
17 331 +54.74% 6131
26,763 +65.20% 10563
143280 +79.41% 63377



https://www.bram.us/2017/09/12/spark-a-typeface-for-creating-sparklines-in-text-without-code/

Horizon Graphs
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http://square.github.io/cubism/
http://square.github.io/cubism/

Clipped Graphs
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Connected Scatterplot

Two Variables + Time

Only one per Chart!

Labels important

Connected scatterplot

A good way of showing changing data for two variables whenever there is a relatively clear pattern of progression.
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Driving Shifts Into Reverse

CONOMISTS have long studied the
E relationship between driving habits

and gasoline prices. Low gas prices
can bring periods of profligate driving,
and a quick jump in prices can cause
many vehicles to languish in garages.

Until recently, Americans have driven

more each year than the previous one,
with a few brief exceptions. In 1956,
Americans of driving age drove about
4,000 miles a year, on average. Fifty years

later, that figure had climbed above 10,000.

But the latest recession has caused
some big changes. High unemployment
meant that fewer people were driving to
work, and a slump in consumer spending

$2.50

1956
Annual
average

$2.00

1

Price of

a gallon

of gasoline
Annual average for

regular grade,
adjusted for inflation

Miles driven per capita each year == : 5,000 mi. 6,000 mi. : 7,000 mi.

longer commutes

meant that less freight needed to be
moved around the country. As gas prices
soared in 2005, the number of miles driven
— including commercial and personal —
began to fall, and continued to drop after
2008 even as gasoline became cheaper.
“People were surprised by the very
rapid rise in gas prices, and they changed
their driving behavior,” said Kenneth A.
Small, a transportation economist at the
University of California, Irvine. “But my
suspicion is that it is temporary. As soon
as unemployment gets back to
pre-recession levels, we will see 1979
Americans doing a lot more driving
again.”

Energy crisis

The Arab
oil embargo

1956-72 1973-74 1978-81
Cheap gas, longer commutes The Arab oil embargo Energy crisis
«

GE IN MILES
IRIVEN PER YEAR
+2,270

Americans spent more time in their
cars as highways networks
expanded and more workers
commuted from new, far-flung
suburbs. The number of commuters
rose as more women joined the
work force.

ES CHANGE IN MILES CHANGE IN
AR DRIVEN PER YEAR GAS PRICES

-156 +106¢
\T CHANGE IN
GAS PRICES
+43¢

In 1973, many Arab oil-producing
countries declared an oil embargo
against the United States because
of its support of Israel in the
Middle East. The supply disruption
caused oil prices to rise sharply,
and gas consumption declined.

Sources: Energy Information Administration; Federal Highway Administration; Brookings Institution

Gas prices jumped as the Iranian
revolution and the Iran-Iraq war
caused a rift in the global oil
supply. United States energy
policy turned to conservation, and
Congress imposed the first
fuel-efficiency standards for cars.

http://www.thefunctionalart.com/2012/09/in-praise-of-connected-scatter-plots.html

© 8,000 mi. 9,000 mi. 10,000

The swing backward

; The average number of
""""" remmsssssssseniss miles that Americans

: drive annually begins to

fall, so the chart appears

to turn around.

$2.00
Record low prices
$1.50
1598
1986-98 2005-10
Record low prices The swing backward
CHANGE IN
GAS PRICES
CHANGE IN MILES +21¢ 4
DRIVEN PER YEAR
+2,057
———

Gasoline remained cheap for more
than a decade, and the average
number of miles Americans drove
annually jumped by more than
2,000. Economists observed that
consumers became less sensitive
to small gas-price changes as
household incomes rose.

The growth in driving faltered as
gas prices started to climb. But
much of the sharp reduction in
driving was caused by the long
recession and its high unemploy-
ment rate. A small but growing
number of thrifty and carbon-
conscious commuters switched to
bicycles and public transportation.

THE NEW YORK TIMES


http://www.thefunctionalart.com/2012/09/in-praise-of-connected-scatter-plots.html

Heat Map and Calendar Heat Map

The heat maps below show number of cases per 100,000 people.

Measles
Vaccine introduced
Alaska ]| |
[ [ | | | [ | HENEEEE EETE EEEETEEEE
A peil Ba. oERaeEERLeRE E SiRE CEEe ) o
Traffic Fatalities in the US during 2008 Calif. | EEEEEEH Tl EEEEEEEEE
sund | ] ' 400 C N EEEmEEE EEEmC E EEEEEEE 8 1
unda .
y - | = L = I onn. CEEE EEEEEE N EEE © EEEEE 5 EEE N N
Monday 300 De|l. HEE™ ] HEE BEE"EEE EEEEEE ENEEEEN [ | ]
Tuesday B HEEE EE EUE NOEEEEE N RN
¢ Ga, H HE H EEEEEEE EN B EEEECEEE
Wednesday . 200 HE HEEEEN [ |
- d lowa [ | EEEEEEE 'EEEN 'EE HEN [ | [ | | [ | [ |
hursday B [ | | [ ]| [ | | [ | | [ | EEENEN HEEyETE [ |
Friday n N B I 100 . EEECEE EEEErEEEEEE SN EEEEEEEE .
- EEEEETHE B HEEE ETEEEEEN'AEE 'EEEE [ |
Saturday N [ ] L [ L1, Kan. HESEEECE ~OH O e [ 0
[ | [ | [ | [ | ETH EEEEEEN [ [ [ [ [ | | [ |
JAN FEB MAR APR MAY JUN JUL AUG SEP ocT NOV DEC La. HEN 1] H EE o
| EEEE TN EEEETEEEE N EE 1]
Md. Bl m® [ | | HEN [ [ | | ENENEEE
HE H'H [ | EEEEEE [ | HE [ | | [ | [ |
Mich. BTN HE EEEEEE [ I D Dl Dl D D B B [ UM L
EEEEEEE EON EEEEEEEEE B &Em
Mo, HEEN B B = HEEEE B EE'EE BEEEm [ |
EEETEENE Hl N
Mont. HEHEEN EENEEE"'ETENE | ] | ETETEEN | | [ |
O EE EEEEECETEEE CESEEE B =S .
N.D. | HEEEENE 11 EEED N H (1| N
[ | HEETE EEE [ | EEE BEEE B B
NH HEEEEN HEENEEEEE B H B [ | ENEEN B [ | |
ErC AN T e T
N.M EEENEN ERNEEETEEETEEEYE ] HrE
[ | | [ | [ [ [ [ ]| EEEEYyE
N.Y. [ | | [ | [ B HEEER EEEEEEEEEE
HET"EETE [ | | ] | ENEEEEEEEN 'FEEEEEpEEN
Okla. H H  HEN ' EECEESE"E SN EEEEE"SE O
HEERT AN e o | [ | [ [ [ | [ | |
Pa. [ | EREETEEEEEEE"EE ' EEEEEE BEE''E | |
[ | L [ | | [ | [ | [ | | | [ [ [
SC. H__EHEE m EEECEEETE SN =N m gm
EREEEEEE AR EEEEEEEEETET e [ |
Tenn. W HE N H'EAEEEEETE"EEENYEETE [ | [ | |
[ | [ | ANEEEETETET R EN . | [ | [ | | |
Utah o B e[ 0 m
L ] HEEER ERNE AR e AEEEygEnE
vi. HHEEEEN ARENENEENEEE e [ |
HEETETE EEEEN [ | | [ [ | [ | [ | | |
Wi, NN 1 I O O I o o
[ | [ | [ | [ | | EEEEEEEN 'ETE [ |
Wyo. HEE EEEN III ENE ENEENE | | [ [ [ [ ] [ | 1 | | : |
1930 1940 1950 1960 1970 1980 1990 2000 2010

| - I
Ok 1k 2k 3k 4k

Note: CDC data from 2003-2012 comes from its Summary of Notifiable Diseases, which
publishes yearly rather than weekly and counts confirmed cases as opposed to provisional

ones.

https://blogs.sas.com/content/graphicallyspeaking/2011/12/08/calendar-
heatmaps-in-gtl/

https://www.informationisbeautifulawards.com/showcase/660-vaccines-and-infectious-diseases



https://www.informationisbeautifulawards.com/showcase/660-vaccines-and-infectious-diseases
https://blogs.sas.com/content/graphicallyspeaking/2011/12/08/calendar-heatmaps-in-gtl/
https://blogs.sas.com/content/graphicallyspeaking/2011/12/08/calendar-heatmaps-in-gtl/

Sometimes you can Show Too
Much Data

Polio cases in the United States Vaccine introduced

N
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Data source: Project TYCHO (tycho pitt edu) | Author: Randy Olson (randalolson.com / @randal_olson)

http://www.randalolson.com/2016/03/04/revisiting-the-vaccine-visualizations/



http://www.randalolson.com/2016/03/04/revisiting-the-vaccine-visualizations/

Design Critique



Next

Yield curve 101

The yield curve shows how much it costs the federal

government to borrow money for a given amount of time, 8% yield
revealing the relationship between long- and short-term per year
interest rates.

It is, inherently, a forecast for what the economy holds in the

future — how much inflation there will be, for example, and

how healthy growth will be over the years ahead — all

embodied in the price of money today, tomorrow and many 6%
years from now.

4%
2%
'S0
92
30-year
'00 20-year
10-year
02 7-year
‘04 5-year
‘06 3-year
'08 2-year
10 1-year
6-month
12
3-month
2014
1-month
Treasury

Document: https://goo.gl/WewOQil
Website: http://goo.gl/D3mlisy



https://goo.gl/W6w0iI
http://goo.gl/D3mIsy

Context / Critiques

https://vimeo.com/127205447

https://community.mp.com/t5/JMP-Blog/Graph-
makeover-3-D-yield-curve-surface/ba-p/30573

http://www.visualisingdata.com/2015/03/when-3d-works/



https://vimeo.com/127205447
https://community.jmp.com/t5/JMP-Blog/Graph-makeover-3-D-yield-curve-surface/ba-p/30573
https://community.jmp.com/t5/JMP-Blog/Graph-makeover-3-D-yield-curve-surface/ba-p/30573
http://www.visualisingdata.com/2015/03/when-3d-works/

Ranking



Ranking Exercise

Moenchengladbach 10
Wolfsburg 0

1 2 3 4 5 6

Bavaria 3 0 2 4 2 1
Dortmund 1 1 5 2 3 3
Leipzig 2 2 1 1 1 2
Leverkusen 5 5 4 3 14 0
/ 3 / 6 5

4 3 5 3 14

Design a visualization showing the ranking of these football
clubs over time.

N = N & 00 W N



Ranking

Ordered bar Edd

Standard bar charts display the ranks of values much more easily when sorted into order M ag n it u d e Vi S u a I i Z at i O n + S O rt i n g

West
East
Central

South

I T T T T T T T 1
0K 100k 200k 300k 400k 500k 600K 700K 800k

B Charts for Ranki [
Bump Edi
Effective for showing changing rankings across multiple dates. For large datasets, consider grouping lines using colour.
14 - - > + China
2 - > - > * *>
3 a2 & & ® |ndia
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https://gramener.github.io/visual-vocabulary-vega/#/Ranking/



https://gramener.github.io/visual-vocabulary-vega/#/Ranking/

Temporal Rankings
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[Perin, Vuillemot, Fekete, CHI 2014]


https://www.youtube.com/watch?v=a0duFWu3Zp0

Table Lens

Interactive table-
based
representation

é *
Business Objects
oo SAF” company |

Car

Manufacturer

MPG

Origin

Cylinders

Displacement

Horsepower

Weight

Acceleration

Model_Year

W

Rao & Card 1994



https://youtu.be/qWqTrRAC52U?t=37s

LineUp

' Customized Combination ‘ ' World University Ranking 2012 ‘
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Combiner functions: f(A,B,C)

(Weighted) sum

Score=w A+w, B+w_C - Serial
Maximum

Score = max(A, B, C) - Parallel
Product
Nesting

=>Complex
Combiners



Serial Combineras Stacked Bar)

w A + W‘ B + w C
Rank |University A
1. MIT I
2. Harvard |
3. Princeton | ]
4., Cambridge oo
5. Oxford | ]




Serial Combineras Stacked Bar)
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Bump Charts
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Correlation



How do two or more variables behave relative to

other?

What s Correlation

..\
- ™~
s TN -~ \

S \s\.
s, . i &
~ ¥ . K e iatate. .. o
S, T %, .,’!S- . ,:‘Q}. "’,’é}!\-.-.'. . weed A, MR AN
%3 - L Pt o opekp e L3V AMNR 2o o2t (TR 2
Wilay L %3 - RS paelt e SN YRR AT
Figwe, L m e B o SAgeR T AR
T AT 3. A s T g T TR
_;"...,; Tl A “?:l e - ' -'i."}' .

R 2 el S e ke
. 17 O™ . o

"‘. .-
3

Ui .
LA . -..... . e :.:..". .. ..-” . ..:..
e F B
R ] . f . : .
o, S0P .
oo .

. LY A e -8 .
2 ¥ ‘.ﬁ.:';f.!}'f?‘ B IR

v >, .

s .

By DenisBoigelot, CCO, https://commons.wikimedia.org/w/index.php?curid=15165296



Math
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AXxis-Based Techniques
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Scatterplot Matrix
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Parallel Coordinates
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Scatterplots



Scatterplots

Two orthogonal axis o
visualizing one - &
dimension each. oo

How to encode the
mark?

How to deal with many
points?

T I 1
0000000000

+ | (PPP$, inflation-adjusted) | Log %



Regression Lines

Goal: Find the best values of 8y and §8;, denoted ,@g and ,@1, so that the
prediction y = 8o + 81z “best fits” the data.

Approach: use least squares to minimize the sum of the squares of the errors

R%0.06

REXTHOR, THE DOG-BEARER

T DONT TRUST LINEAR REGRESSIONS WHEN ITS HARDER
10 GLESS THE DIRECTION OF THE CORRELATION FROM THE
SCATTER PLOT THAN TO FIND NELJ CONSTELLATIONS ON ITC
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Scatterplot Matrices (SPLOM)

. . ” ength "o ,: | g's' -.,.:;';:7
Matrix of size d*d yar: e S
Each row/column is one ' =
d I Mens I on ! ’%?:.??.’;;? '- ..-,.0"...... + ‘ﬁ‘-’i . '4. i“é 0

Each .cell pl_ots a scatterplot of . J{%ﬂ_ / ,,,.w'“
two dimensions g ; v


http://bl.ocks.org/mbostock/4063663

Scatterplot Matrices

Limited scalability (~20
dimensions, ~500-1k
records)

Algorithmic approaches:

Clustering & aggregating
records

Brushing Is important Choosing dimensions

Often combined with “Focus
Scatterplot” as F+C
technique

Choosing order



SPLOM Aggregation - Heat Map

Interactive Binned Scatterplot Matrix Dimensions: |5 ¥ | Bins: |20 v | Data Points: | 100k ¥
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Datavore: http://vi nfor r vor lom
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Powered by Datavore and D3.


http://vis.stanford.edu/projects/datavore/splom/
http://vis.stanford.edu/projects/datavore/splom/
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https://www.youtube.com/watch?v=2bYIRcO-gwg

Parallel Coordinates



Parallel Coordinates (PC)

AXxes represent attributes
Lines connecting axes represent items



Parallel Coordinates

cylinders

Each axis represents "
dimension

Lines connecting axis
represent records

Suitable for

all tabular data types

heterogeneous data

isplacement (cc

)

ppppp (hp)

weight (Ib)

2;000

0-60 mph (s)



http://bl.ocks.org/jasondavies/1341281

PC Limitation:
Scalability to Many Dimensions

0000000



PC Limitation:
Scalability to Many Items

Solutions:
Transparency

Bundling, Clustering
Sampling




PC Limitations

Correlations only between adjacent axes

Solution: Interaction
Brushing
Let user change order

economy (mpg)
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Ambiguity

PC Limitation:

Solutions:
Brushing Line
Line A or B?
Curves Line B
ine A or B?
Curve A Curve A
Curve F
Curve B Curve B
Curve A

[ine A

[ine \
[.ine C

e A

Curve B

[Line ?
[Line ?
[ine ?
Curve A
— —~ Curve C
Curve / Curve A
Curve C Curve B

Graham and Kennedy 2003



Parallel Coordinates

Shows primatrily relationships
between adjacent axis

Limited scalabllity (~50
dimensions, ~1-5k records)

Algorithmic support:
Choosing dimensions
Choosing order

Transparency of lines Clustenng & aggregatlng
Interaction is crucial records

AXIs reordering

Brushing

Filtering

http://bl.ocks.org/iasondavies/1341281


http://bl.ocks.org/jasondavies/1341281
http://bl.ocks.org/jasondavies/1341281

HIERARCHICAL PARALLEL
COORDINATES

goal: scale up parallel coordinates to large datasets

challenge: overplotting/occlusion

manu_wrkrshandgur




HPC: ENCODING DERIVED DATA

visual representation: variable-

width opacity bands \ .

show whole cluster, not just single
item

min / max: spatial position
cluster density: transparency
mean: opaque




HPC: INTERACTING WITH
DERIVED DATA

interactively change level of detalil to nawgate cluster
hierarchy I _

Fua 1999



Star Plot

Similar to parallel coordinates

Radiate from a common origin

Star Plot of MER IDD and Automated Designs

. MER IDD Accuracy
——  Design 1
— Design 2 Collision
—  Design 3
Design 4
Link
Deflection
Trajectory
Completion
Actuator /
Saturation \
http://starti.jpl.nasa.gov/caseStudies/autoTool.cfm Tl me
(Task Completion) h ) ®

Mass

[Coekin1969]

AMC CONCORD
e DL

ALDIFOX

'.{-

S

BUICK LE SABRE

BUCK SKYLARK

1979 AUTOMOBILE ANALYSIS

ﬁ@

AMC PACER

CAD.DEVILLE

AMC SPIRIT

<

BUKK CENTURY

BUKK REGAL

.‘:

CAD.ELODORADO

AUDI o

BUKK ELECTRA

BUKK RIVIERA

CAD.SEVILLE

f

9l,ock

http://www.itl.nist.gov/div898/handbook/eda/section3/starplot.htm

org/kevinsche

l/raw

4

4


http://bl.ocks.org/kevinschaul/raw/8833989/
http://bl.ocks.org/kevinschaul/raw/8833989/

Data Reduction

Sampling Filtering
Don’t show every element, show a Define criteria to remove data, e.g.,
(random) subset minimum variability

> / < / = specific value for one dimension

Efficient for large dataset

consistency in replicates, ...

Apply only for display purposes Can be interactive, combined with
Outlier-preserving approaches sampling

[Ellis & Dix, 2006]




Hybrids with FXis



Flexible Linked Axes (FLINA)

'} !
3 3 sy
g 8.:.'
B, |
ac ) hp -
-‘-
g !
- “ A
5 a E| - ¥% »
¥ v,
ac hp -

(a) scatterplots

(d) Hyperbox (e) Time Wheel (f) Many-to-many PCP

Claessen & van Wijk 2011



Web-based implementation of
FLINA concept

0c

)7

Weight
2000 4000

http://vis.pku.edu.cn/mddv/val/



http://vis.pku.edu.cn/mddv/val/

Domino

origin
Barbados Rihanna
Ireland | U2
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Elton John
UK The Beatles

Whitney Houston
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Britney Spears
us Eminem
Michael Jackson
Madonna
Elvis Presley
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Gratzl et al. 2014


https://www.youtube.com/watch?v=bm59Y8QYbAQ

Parallel Sets



Parallel Sets

builds on PC to better handle categorical data

discrete
small number of values
no implied ordering between attributes

task: find relationship between attributes
interaction driven technique



Visual Encoding

boxes scaled by frequency

color coded by values for current active dimension

Shaset STy
File Wig
i UserDefined ... T 100.000 3% out of 22071 Y Titariic. ami
=l newDimenzionT: User_Dim_1 Clacs (1 =l Age: Age
- newSelection ass Llass L@ adul
=755 AND |_'..I l=t | |2nd| |3xrd CY 2T ﬂ-l i g child
- ref » Clazs : Crew EIJ Clazz: Class
el remaining Ell@ lower
E E E ..... ﬂ I::rEIIlI.II
o A 3rid
Sex Sex EIIIE Upper
2| femals male J ----- q 1z
...... g 2nd
- Sex Sex
o Survived: Survived
Cimenzion added. ‘ 5

Bendix, Kosara, Hauser, 2005



Parallel Sets

A visualisation technique for multidimensional categorical data.

Titanic Survivors

Survived

Survived Perished



http://www.jasondavies.com/parallel-sets/

Visual Encoding

Boxes expand to show histogram
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Bendix, Kosara, Hauser, 2005



Interaction: Reorder

Llass

|j 1=t

i i

_EreTr

|3rd

SEex

Survived
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Llass

|j l=t | |£nc| |2 d
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Sex

3 |mala
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4 |10
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Bendix, Kosara, Hauser, 2005



Interaction: Aggregate

Llazs

|J l=t

21

Srd

_E 2T

Sex

-
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male
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‘?es

Llass
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Bendix, Kosara, Hauser, 2005



Interaction: Filter

Class

Cex

Survived

4

mal

Tic

tfamal

Ves

LClass
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Sex

Survived

4

mal

ric

Z1d

famala
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Bendix, Kosara, Hauser, 2005



Interaction: Highlight

Class

*

1=t

gl

2rd

CEeTnr

Sex

Survived

»

ol o

Iic

fomol

ves

Class

*
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o g
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"
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Iic
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Bendix, Kosara, Hauser, 2005



Tabular / Grid / Matrix -
Based Representations



Tabular Representation

Like spreadsheet: each variable in it’'s own column
Visual encodings to make it scalable



Combining Various Charts

Toggle summary Summary of all All dimensions
button dimensions shown separately

- e

-_ _-_ Context
- Days to Dead—t= (NON-genetic)

— R A datasets
__- Dimensions

- I g ————-— sorted
S i e A e M by thisrow

Multi-mapping
of gene family

Collapsed
incoming node

outgoing
nodes Groups of same dataset Different Datsets



Taggle
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https://taggle.caleydoapp.org/

Bertifier
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http://www.aviz.fr/bertifier
https://www.youtube.com/watch?v=tJxAF_a_yBQ#t=61

Pixel Based Displays

Each cell is a “pixel”, value
encoded In color / value

Ordering critical for interpretation

If no ordering inherent, a| B
clustering is used |

Scalable — 1 px per item
Good for homogeneous data

same scale & type

—
[Gehlenborg & Wong 2012]




3D Pitfall: Occlusion & Perspective

-

Which one is the tallest bar?
What is the pattern in the data!?

[Gehlenborg and Wong, Nature Methods, 2012]



3D Pitfall: Occlusion & Perspective

Which one is the tallest bar? |
What is the pattern in the data!? 0 1

1=

[Gehlenborg and Wong, Nature Methods, 2012]



Heterogeneous Data?

Proneural Neural Classical Mesenchymal
I

™53 mut [

IDH1 mut
ge
PDGFRA c¢n

mut

ge
EGFR cn

mut

ge
NF1 cn

mut

ge
CDKNZ2A

cn

WT mut

Copy Number
H 0 by

Gene Expression Mutation  TP53LOH  EGFRVIII high level amplification
low level amplification

normal copy number
hemizygous deletion
homozygous deletion

[Verhaak 2012]
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Good Color Mapping




Color isrelative!




Clustered Heat Map




Filling Space

Non-Tabular Space Filling Layouts



HIiVE example: London property

partitioning attributes

house type | -
neighborhood =
sale time *

encoding attributes
average price (color) .
number of sales (S|ze) i

.i .-.,

results ' =

between neighborhoods,
different housing distributions

within neighborhoods,
similar prices

i
-l-l =

Slingsby 2009



Dense pixel display: VisDB

represent each data item, or each attribute in an item as a
single pixel

can fit as many items on the screen as there are pixels, on
the order of millions

relies heavily on color coding
challenge: what’s the layout?



The data...

large database where each item has
multiple attributes (on the order of 10)

goal: visualize the relevance of set of items
which satisfy a query

plot out data items in a spiral pattern,
ordered by relevance

(LT}




relevance
factor dim.1 dim.2

~

e

N
dim.3 dim.4 dim.5

Keim, Kreigel, 1994



Keim, Kreigel, 1994




