Questions about yesterday?
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Tasks and Scenarios


http://benjbach.me

Motivation

e Visualization as a usability problem
e Improve effectiveness of visualization
o Task support,
o perception,
o 1nteraction,
o knowledge, ...
e Chose or build effective visualizations



Structuring and Processing Data

External, raw, Data
noisy,
unstructured, .
meaningless Collection . o
Formatting  Visualization
Clearning B
Mining Interaction
Exploration
Analysis
Internal, .
meaningful, Insight + Knowledge
purposeful,
structured,

qualitative Understanding



Scenarios ~ Story

Describes: Does

e People e Explaina

e Places visualization use
e Actions e Identify challenges
e Artifacts e Support design

process



Data Challenge

Data

Data structures
Context
Audience
Questions / Tasks
Messages

OOVt W R
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Exploratory

Explanatory

Data

Insight

Message




Exploratory

Explanatory

Data

Insight

Message

Data Centered

Domain Experts

Generating Insights

Lab Setting




Exploratory Explanatory

Data - | Insight - Message
Data Centered Human Centered
Domain Experts Non-expert Audience
Generating Insights Conveying Messages

Lab Setting In-the-wild



Data


http://benjbach.me

Data

What is my data about?

e People, places, collection, context, certainty,
storage..



2.2
Data Structures
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Data Structures: 1D
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Johnson
Williams
Jones
Brown
Williams
Johnson
Smith
Jones
Jones
Brown
Williams
Williams
Smith

1$16,753.00

$14,808.00
$10,644.00
$1,390.00
$4,865.00
$12,438.00
$9,339.00
$18,919.00
$9,213.00
$7,433.00
$3,255.00
$14,867.00
$19,302.00
$9,698.00



Data Structures: 2D

4 A B 1 C |
1 Last Name Sales Country
2 [smith _ 1$16,753.00 UK

3 |Johnson  $14,808.00 USA

4 Williams  $10,644.00 UK

5 |Jones $1,390.00 USA

6 |Brown $4,865.00 USA

7 |Williams  $12,438.00 UK

8 |Johnson $9,339.00 UK
9~Smith $18,919.00 USA

10 |Jones $9,213.00 USA

11 [Jones $7,433.00 UK

12 |Brown $3,255.00 USA

13 |Williams  $14,867.00 USA

14 |Williams  $19,302.00 UK

15 |Smith $9,698.00 USA

]

-
(=]




Data Structures: 3D - B C D

1 |Last Name Sales Country Quart
2 [smith _ 1$16,753.00 UK Qtr 3
3 |Johnson  $14,808.00 USA Qtr4
4 (Williams  $10,644.00 UK Qtr 2
5 |Jones $1,390.00 USA Qtr 3
6 |Brown $4,865.00 USA Qtr4
7 |Williams  $12,438.00 UK Qtr 1
8 |Johnson $9,339.00 UK Qtr 2
J - _quith $18,919.00 USA Qtr 3
] 10 |Jones $9,213.00 USA Qtr4
11 |Jones $7,433.00 UK Qtrl
12 |Brown $3,255.00 USA  Qtr2
13 |Williams  $14,867.00 USA Qtr 3
14 |williams  $19,302.00 UK Qtr 4
15_* Smith $9,698.00 USA Qtr1l
16
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UK still subject to many EU rules

EuroZones

. fficial position of the
the Brexit landscape msirsssmo

SCHENGEN ZONE passport-free travel area

opposition Labour party)

................... UK can trade in &
out of the EU.
But Norway has

“hard”  [SECHEE HIEOIE o A S Sy
Brexit [ e thiciapie.

UK falls back

on World Trade

Organisation

rules with its

high tariffs
NOTE:
all 27 other EU
nations must agree
on Brexit conditions

exit to just

Customs Union

- possible temporary
solution to protect .

trade but no say '.“

over tariff levels . o
& o separgtatiade Free Trade BreX1t UK hard Brexits then
~ ] ! . negotiates fresh new David McCandless

deals allowed
trade deal - like Canada v2.3/ Jul 2018

size of text =
size of economy

LATEST UK FORMULATION
- “rulebook” on goods, not services
-“combined customs territory”

with mix of EU & UK tariffs, - areg & Japan - with low- to .
allowing free trade tg%‘;;ggg:z rsn)!l(iapr;os%e?asr no- tariff agreements on sources: E:loorrjberg, IMF, 'Gov.uk, EU
« UK still subject to some EU caselaw goods & services IﬂfOFmO.tIODISBeClU'[IfUlﬂet

& protections
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Networks




DAY JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

Time

BIRTHDAY RANK

LESS commoN | MORE COMMON



Geographical




2.3
Context


http://benjbach.me













- . Py
ahlen und Prognostizieren
—0EMOGRAFISCHE SKULPTUR =

o Umissformen det
950 s 2010,

iq

aooh rusdegende knc

Exindungen we g Anti-Bady-Pleab.Set gehr s 100 ahren
ot dor T e 1 und weniger Kinder
bekommen s Fiber Geselschafin.Daber

irriisis

|







2.4
Audience


http://benjbach.me

Fused visualization for causality discovery
JST A-STEP “Fused Visualization” (2012~2014)

Exploration of correlation between multiple variables

Kun Zhao, Naohisa Sakamoto, Koji Koyamada, Adaptive Fused Visualization for Large-
scale Blood Flow Dataset with Particle-based Rendering, Journal of Visualization,
doi:10.1007/s12650-014-0260-z, 2014,
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2.5
Tasks and Questions


http://benjbach.me

John W. Tukey

EXPLORATORY DATA
ANALYSIS
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"Overview first,
zoom and filter,
detail on demand”

—Ben Shneiderman
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Jaques Bertin: Low level

Time

Largest / smallest ...
How many ...

Which elements ...
Where ...
When ...
What ...




Jaques Bertin: High-level

Time

Which trends .:,3.
Which outliers S
Correlations | — S
Anomalies
Describe
Compare
Group

- o
g Mdlions
J

3.2
3 Mcllions

t Million

1.2
t Miltion
7




p—

Amar et al.

OCLO OOV HEWDN R

Retrieve Value

Filter

Compute Derived Value
Find Extremum

Sort

Determine Range
Characterize Distribution
Find Anomalies

Cluster

Correlate



1. Retrieve
Value
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2. Filter Value ™=
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3. Compute Derived Value

exports

imports

Original Data

1 trade
| balance

trade balance = exports —imports

Derived Data



4. Find
Extremum
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5. Sort

Time

3.8
Ao
R )
3.2
5 Mellvons

+

38

.0

4.4

3.2

J Mdbons
3.4

3.6

NI

L 4

3 Mellions

A ——

EX

.0

2.4

2.2

t Millions
&

1.0

1.3

1.2

t Miltion

g
L

i

T

o

8o

”l

1800




6. Determine

Range

Time
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7. Characterize
Distribution

Time
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8. Cluster

Visitors (2013)
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9. Correlate

A A
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9. Correlate

One informative feature, one cluster per class

3 T T T 1 1
L J
2 i ® 9 .‘.. L ] . ]
e d o (X i
. . ° o .’: ‘.:o oS i
OF 4 . P 9° % i
L) J °
=y ° o™ o i
i o ® . .."30 :‘ =
=9k P 3
_3 1 1 1 ! !
-3 -2 -1 0 1 2 3
5 Two informative features, two clusters per class
4t é 1
3t O
2| ..' ° .
1} " X Adi '
O I~ ’ ™Y '. .. ° .. i
-1t o: o .o.o. ...33. ]
o o%e® @ 3 L4 o %
-2 . l
_3 1 1 1 ! !
-3 =2 -1 0 2 3
10 Three blobs
d he
[ 25 1.
[ ]
o *
-5t i
’.15
[ d
—10F ¢ v ° -
[ ]
_l 1 1 1 1 Il 1 1 1

-14-12-10 -8

Two informative features, one cluster per class

4 T 1 1 1 1 T
- . —
]
1 -'n,.'
0F 'a.. .
°
=9 E |
=2k 4
g7 =3 7.-1.0 1 .2
4Muiti-class, two informative features, one cluster
3 - L Y o o =
2+ [ ] 0..‘. ° o 0098 o N
1 B [ ® ..s o0 &omo H
0} o ° .. > »° |
= 0% o e 0%0&’°° i
-2} ° .:.. .... » .. -1
®
_Z g 85 |
_5 ! ! 1 1 1 !
-4 -3 -2 -1 0 1 2 3
4 Gaussian divided into three quantiles
3} 2 L
2} e o ° -
o o °
152 a Wi |
L) o
0 .’ oqx? .\"‘. 8o oy o
° o © Moo o W00 0®
=1} L) Oo L4 ®° ° ‘ 4
=2k ° e i
3 Il Il 1 Il . @ |
-3 -2 -1 0 1 2 3



Discovery

Trends, outliers, clusters, anomalies...

. Ancestry with largest
D % population in county
African American
Aleut/Eskimo
| American
American Indian

Dutch

English

Finnish

French

German
Hispanic/Spanish

]l

=
—T1
I Irish
| - o
T e \ - Italian
[ E_[: 3y l:] Mexican
$ 1T - '\ Norwegian

= : L l - Puerto Rican
N 4 ; , ‘ Other

OTHER:
Chinese (San Francisco County, CA)
Cuban (Miami-Dade County, FL)
Dominican (New York County, NY)
Filipino (Kauai and Maui counties, HI)
French Canadian (Androskoggin County, ME)
Hawaiian (Kalawao County, HI)
Japanese (Hawaii State; Honolulu County, HI)
7 Polish (Luzerne County, FA)
3 Portugese (Bristol County, MA and Bristol County, RI)

2
O\ Source: U.S. Census Bureau, Census 2000 special ¢ - -
Cg‘b tabulation.American Factfinder at = =

factfinder.census.gov provides census data

. '3
100 Miles \/ N\ 0 100 Miles and mapping tools. / .
| S|

s

100 Miles



Data Quality

Noisiness, missing data, certainty, duplicates...




Data Quality

Noisiness, missing data, certainty, duplicates...

SN N
SN




Inform Analysis

Statistic tests, cleaning methods, clustering
methods, ...

AANDAS
SN




Presentation
Clarity, highlight elements, direct user attention, ..

Support for education non-profits has decreased markedly
over the past 5 years.

Types of non-profits supported by area funders

100%
90%

80%
70% /\‘
60% 60% Education

50%
40%
30%
20%

Percent of funders

10%
0%
2010 2011 2012 2013 2014 2015



Storytelling

Attract attention, drag readers in, communicate
message, engage, entertain ...

QOr perhaps other
factors, such as the If so, what
decentralisation of should the policy
poverty in Scottish response be?
cities, will dominate

the experience of

inequality?

&
x
) (

‘anEn

E |
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Data-specific Tasks

Networks: Lee et al.

Temporal networks: Ahn et al., Bach et al.
Time: Aigner et al.

Geography: Peuquet et al.
Spatio-temporal: Andrienko et al.



2.6
Messages


http://benjbach.me

Take-home messages

e Not vaccinating is bad

1 Flight US-Europe = 1 tons of CO2
Use/produce less plastic in your life

Data is too uncertain to work with
Interactive network exploration is helpful



________________________________________________________

Data: Structure:

Data Challenge
Method Sheet

________________________________________________________

' Questions: ' Messages:
1 1
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Questions?



