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Schedule

Lecture on Apr 25:
Facet into Multiple Views

Today:
Reduce Items & Attributes

Lecture on June 12:

Manipulate Views
Embed: Focus + Context

Apr 25/28

Facet into Multiple Views (AC) pdf
[Munzner Ch. 12] Q&A - D3 Tutorial

Improvise

Apr 30

Tasks (FW) par

8 May 02/05 [Munzner Ch. 2+3] Q&A Design Assignment (A4)
Task Typology
Design Studies (FW) pdt
9 May 09/12 [Munzner Ch. 4] VIS in Digital Humanities | (FW) paf
(MizBee) An example of a design study
VIS in Digital Humanities Il (FW) pat

10 May 16/19 AT nge b e (CK) pdf [Collection Visualization Survey]

[Munzner Ch. 9+10]

Survey
Arrange Networks / Trees (CK) pdf
1 May 23/26 [Munzner Ch. 9+10]
Example: GraphDiaries by Bach et al.
May un 02
“ Reduce Items & Attributes (TS) pdt
12 Jun 06/09 [Munzner Ch. 13]
DimStiller
. " . =
Manipulate View, Embed: Focus+Context (TM) paf TextVis for DH (AC, FW) st
[Munzner Ch. 11+14]
Jun 18

14 Jun 20/23 TextVis (TM) pdf
15 Jun 27/30 A5 Presentations A5 Presentations
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Handling visual complexity

Datasets often too large/complex to show everything at once in a
single static view > overwhelming visual clutter

Five major approaches:

Facet into multiple views —— Lecture on Apr 25
Reducing amount of data shown in a view 7 Today
Deriving new data and including it in the view

Change view over time L
Embed: Focus + Context Lecture on Jun 12
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Readings

e Munzner. Visualization Analysis and Design:

— Chapter 11 (Manipulate View)

— Chapter 13 (Reduce Items and Attributes)

e Ward, Grinstein and Keim. Interactive Data Visualization:

— Chapter 2.3 (Data Preprocessing)
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Data Reduction

Reduce amount shown

e Filter: Eliminate elements from view

e Aggregate: Create single new element

that stands for multiple others

Attributes (columns / dimensions)

»

country happiness_rank happiness_score
Norway 7,53700

Denmark 7,52200

Iceland 7.50400

Switzerland 7.,49400

Items (rows)

Finland 7.46900

[« B ¥ s N U I N N

Netherlands

7,37700
A 4

Can be combined

economy

1,61646
1,48238
1,48063
1,56498
1,44357

1,50394

family

1,53352
1,55112
1,61057
1,51691
1,54025

1,42894

health
0,796667
0,792566
0,833552
0,858131
0,809158

0,810696

Element =
attribute
or item

Bidirectional (reduce <-> increase)

Reduce

® Filter
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Reducing Items and Attributes

(® Filter
2 |tems
EEEEE A o ———
> Attributes

(® Aggregate

2 |tems
———> 3 | | [ [




Filtering
ltems
Attributes

Filtering

2> Attributes

=g
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Filtering @ Filter

> [tems
e Pros: ===== " "7 T

— Straight-forward & intuitive for user > Attributes

— Easy to compute — ——

L5 1 1 | | » N .

e Cons: =TT

— Out of sight, out of mind
— Challenge to design effectively
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Filtering

ltems

ltem Filtering
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Item filtering

Question: How to implement?

Health
Min 0,80
Max 0,81
Filter

e Dynamic Queries:
— Interactively change the view
— Restrict items based on a query

® Filter

> [tems

1 1 1 | | 1 1 1 ] |

T 1T 1 T 1T 1

T 1 1 1 | I

(T 1 1 1 |

I -
country happiness_rank happiness_score economy family health
Norway 1 7,53700 1,61646  1,53352 0,796667
Denmark 2z 7,52200 1,48238 1,55112 0,792566
Iceland 3 7,50400 1,48063 1,61057 0,833552
Switzerland 4 7,49400 1,56498 1,51691 0,858131
Finland & 7,46900 1,44357 1,54025 0,809158
Netherlands 6 7,37700 1,50394 1,42894 0,810696
Canada 7 7,31600 1,47920 1,48135 0,834558

country =

vetheriands
—

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95
health
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(® Filter
2> |tems

Dynamic Queries: HomeFinder

Dynamic
HomeFinder

e Filter for each attribute

Fazat | it |

. . AT | Primt |
e Immediate visual feedback
Dist ta A:
Di=nt to B:
Badiroomns :
Cost:
Look at:
The yellow dots above are hoes in the DC area for sale. Hoe TH | nndl
You moaw get pore informsation on a hone by selectina it.
You may drag the A" and * B distance parkers to gour FEEIL“‘EE‘
office or anmngy other location wou want to 1:i.-.l'|= MeEar. .
Salaect distances, bedrooks, aned cost Fanges Gra Fpl
dragaing the corresponding =lider boxes= on l:h: riaht.
Salect specific hone tupes ad services by prassing (7] | How |

the lobeled buttons on the right.

10.1145/133160.133216
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Dynamic Q

Filter

Duration

ueries: Komoot

X & Hiking ~ in Q Vienna
1-12 of 938 hikes
Wiener Riesenrad — Maria Griin loop

from Praterstern

® 03:24 © 825mi 7 150 ft

00:00 h
Filter by distance

Difficulty

Easy
Intermediate

Expert

Start from

(® Anywhere
Car park

Public transport

Elevation

10:00 h

The Tour is 1.22 mi away from Vienna.

Heldenplatz - Stephansdom loop
from Neubaugasse

@ 02:14 © 535mi 7 175 ft

.
(] The Tour is 1.11 mi away from Vienna.

Collections nearby

City hikes in Austria™ on foot
through Vienna, Wels & St.
Polten

® Filter
2> |[tems

5 1 1 7 | 5 1 7 1 |
5 15 17 7 | 5 1 17 7 |
1 1 1 ] | » 1 1 1 1 |
I I
4 1 1 ] |

X within 3.00mi ~ 3£ Filters

D3

(f C' Search this area [\

S\ T W

\ 1 ,Unglaybljcher
‘B\Iickrﬂlber,Wien

/BIOSPHARENPARK @
lENERWALD KERNZONE

) -
/_J \\\\ >
22
Ylsumonsbgrg
\3&:1)\\ ~
EEPN

ﬁ’\(l m)

\x SlEVER[Ng. X ,7
(@

/\y/UNTERSIEVEk.M
L0 ‘OWERSIEVERING
L '-. ™ ) L =

it
i 3
T@\Statmn =
"-tﬁ WierBbeiobling Train Staion
‘Start point. |
> LuTrain Stauon I =
e Kroltenbadvstmﬁe Trai Staon »ff;j' il 2

J it

] ﬁ gTram Stanon AR
Nu,edor/zr Strae Train Station ¥
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® Filter
Dynamic Queries: Film Fmder > Items

Popiy S=SSS 4 SSE=5
; 9 = :-'--- ""“:-” -: = 4 - 5 1 1 J |
8 N = _-'-_ ~Eatl
X i el e TR Overview over all
N e = e films in database,
6 = S emER T =35 Actor:AlL

R e e s e color-coded by

- - . = = b L AB C DFGHJKLM PRS TWZ
s G s - TRLm_ B | Actess:AlL
Al - = - - B i ML i B P | genre
4 = i S (Il A g T2 AB C DFGHKLM PRS TWZ
L - - -7  Z:-Zx_ 43557 |Director:ALL
P e e s T —
3 s el e e .-_-_-\j'--“é" AB C DFGHIKLM PR S TWZ
- s P R T s ‘-_=-'3"_._ 0 Length 450
z oot e RIS 2
- i e e e L S T 0 450
o - =" ome =" ‘%‘;:‘T Ratings ™ G = PG
: 5 _ = L= e s Roea Rl W PG-13@ R
-l - = =% “- .. -  -*kZa- Films Shown: 1455
3 N LS e LN S S R R
o - = - - - o = ﬁ)
1920 1925 1930 1935 1940 1945 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 @
Ia] VYear of Production Copyright (C) 1983 HCIL

. TN R i | Acton | GRS e

C. Ahlberg and B. Shneiderman, Visual information seeking using the FilmFinder, 1994, doi: 10.1145/259963.260431.
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Dynamic Queries: Film Flnder

Populaﬂty
1 9 E
|
8 , Indiana Jones & the Last Crusade
Goldfinger Name of the Rose, The”  Thunderball
i rder o Gyl
nghlander
7 | Red Tent, The
L - ntouchables, The-
Longest Day, The reat Train Robbery, The
‘Outland
6
O ERSA WISt 'Rm Who Would Be King, The
! Marian
Cuba =
Offence, The
}
5| " SBword of the Valiant
Thne B
| Meteor
1960 1965 1970 1985 1990

ABCDFGHLMNPRS T WZ

Actor : Connery, Sean

afl —
AB C DFGHJKIM PRS TW2Z

Actress : ALL
L —

ABCDFGHKLM PRS TWZ
Director : ALL
A | —
AB C DFGHJKLM PRS W2
60 Length 269
[ FR— ]

0 450
Ratings W G W PG
W PG-13@ R

Films Shown: 24

Jal Year of Production

. N NS osic | _pcvon | AR S Wt

Copyright (C) 1983 HCIL

Horron

® Filter
2> |[tems

Filter by

¢ Actor

<+— |ength

C. Ahlberg and B. Shneiderman, Visual information seeking using the FilmFinder, 1994, doi: 10.1145/259963.260431.
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Popularlty

=l

ALL

Dynamic Queries: Film Flnder > Items

Indiana Jones & the Last Crusade

8
Goldfinger =, Name of the Rose, The  Thunderball
‘ urder o
R R g
1 nghlander
7 Red Tent, The
\ = ntouchables, The
3 Longest Day, The at Train Robbery, The
: nest
Murder on the Orient Expre:
6 | Director: Lumet, Sidney  Year 1974
Country: USA Language: English
| Actors: Actresses:
Balsam, Martin Bacall, Lauren
5 Cassel, Jean-Pierre  Bergman, Ingrid Jiant
Perkins, Anthony Bisset, Jacquelin
Connery, Sean Hiller, Wendy
Gielaud, John
4 F—— - — —— — - o - - — - — = — = -
1960 1965 1970 1975 1980 1985 1990

® Filter

e D e e e

il
e Select single item

Actor : Connery, Sean
|l —

AB C DFGHJKLM PRS TWZ

Actress : ALL
o f—

AB C DFGHKLM PRS TW2Z

Director : ALL
A | —
AB C DFGHJKLM PRS TW2Z
60 Lengh 269
[ JR—
0 450
Ratings W G W PG
W PG-13® R

Films Shown: 24

S @

Jal Year of Production Copyright (C) 1233 HCIL

-- Musnc | Action | War | Sci-Fi | Westem

C. Ahlberg and B. Shneiderman, Visual information seeking using the FilmFinder, 1994, doi: 10.1145/259963.260431.
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Dynamic Queries: Film Finder

Shneiderman’s Mantra: -

® Filter

Shneiderman, The Eyes Have It: A Task by Data o -
Type Taxonomy for Information Visualizations, 2 - T
: P ‘ |
doi: 10.1109/VL.1996.545307. e T e
=]
Actress :ALL
Overview first | e o —
Dokifue e ie ee e Director : ALL
’ ﬁmduomﬁmﬂn&w" ABCDFGHLMNPRS T WZ £ || —
Actor : Connery, Sean - AB C DFGHIKLM PAS TWZ
7 Red Tent, The E =]
AB C DFGHJKLM PRS TWZ
“Longest Day, The mﬁblne:i,:eh;, The Af”l;ILL— 2
“Outland 2 AB C DFGHKLM PRS TWZ _-
Zoom and filter § el ey
V4
5 Copyright (C) 1993 HCIL
5 8 Indiana Jones &Ihel.utCrunde ﬁle: =
Goldfinger Nnmeoﬂhe Rose, The” Thunderball ALL —
AL ,—
wduomwmmqm u ABCDFGHLMNPAS T W2
Highlander Actor : Connery, Sean
D t : | d d Cy Al MRS AT P Red Tent, The o = ]
1960 1965 1970 o AB C DFGHIKLM PRS TW2Z
e a | S O n e I I I a n = “Longest Day, The .,f,:,’:::b::,;m Actress :ALL
* Murder on the Orient Expre: ; Divector : ALL
6 || Director: Lumet, Sidney  Year: 1974 =]
Country: USA Language: English AB C DFGHIKLM PAS TWZ
Actors: Actresses: 60 Length 269
Balsam, Martin Bacall, Lauren n:l;l:
5 ' . 5
rorapching oyt Retings WG W pQ
Connery, Sean Hiller, Wendy W PG-13® R
Gielaud. John Films Shown: 24

> Facet into Multiple Views B S |

N OB i | s | W S st I

C. Ahlberg and B. Shneiderman, Visual information seeking using the FilmFinder, 1994, doi: 10.1145/259963.260431.
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® Filter
> Items

Dynamic Queries: Map of Science

MAP VIEW  LIST VIEW SUMMARY VIEW © Most common subject category: @ M BIOLOGY M CHEMISTRY M COMPUTER SCIENCE ~MIEARTH SCIENCE ™ ENGINEERING B HUMANITIES B MATERIALS SCIENCE B MATHEMATICS Summary of 116,793 visible
clusters @
CLEAR FILTERS APPLY FILTERS M MEDICINE ~ EPHYSICS SOCIAL SCIENCE
G | 4 i BEx4a @ Articles in last five
v Vital signs years: 28,697,205

Average paper age: 11.73

Display unselected clusters Al relevant: 4.49%

Off . On Industry-affiliated (beta): 1.14%
U.S.-affiliated: 14.93%

Or ' And China-affiliated: 39.34%
Subjects @
MORE DETAILS
v
S— Cluster ID: 74122
uster size
. General subject: mathematics

1 ® ® 13737 ;
Key concepts: Kendeng Thrust
Active, Thrust Active Fault,

Growth rating @ . Hierarchical Genetic Strategy, East

0 @ ® 100 Java, inverse problems
Articles in last five years: 38

Citation rating @ Average paper age: 11.87 years
Growth rating: 84.13

9 . ® o - Citation rating: 33.73

i . Al relevant: 6.06%

verage/papsriags; ‘@ Industry-affiliated (beta): 0%

0 ® ® 112 U.S.-affiliated: 10.53%
China-affiliated: 7.89%

[ Extreme growth predicted @ Click on the cluster to see more
details

> Countries and languages

> Hot topics
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Scented widgets

® Filter

2> |[tems
EEEEE .

Provide information to user about the impact of filtering:

DatasetA [/
DatasetB =
« DatasetC
] Option 4 ' DatasetD
. v] Option B DatasetE
!l!u!.;l-l_h_l._.__‘__._. lv] Option C e
™ __DatagetG ||
¥l Option D size of dataser
llll. #ofvisits BB recency rating  ordered rank < visited

¢ [C] LocationA (22)
¢ [JLocation B ®&
[} Location ¢ &
D LocationD @

created by:
admin | member visitor
(8) number of edits

W. Willett et al., Scented Widgets: Improving Navigation Cues with Embedded Visualizations, 2007, doi: 10.1109/TVCG.2007.70589.
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. . (® Filter
Cross Filtering > Items

5 1 1 J | . 5 1 § 1 |
5 1 1 J | . 5 1 § 1 |
I I N » 3 1 1 ] |
L1 ' 1 1 |
L1 5 1 J |
Coordinated views/filter controls combined:
Time of Day Arrival Delay (min.) Distance (mi.)
._V_V_V_FllIIIVIIIIIIIIIk 1 | — T | =
8 10 12 14 16 18 20 22 24 -60 -40 -20 20 40 60 80 100120 140 0 1000 1200 1400 1600 1800 2.00¢
Date
Jan 07 Jan 14 Jan 21 Jan 28 Feb 04 Feb 11 Feb 18 Feb 25 Mar 04 Mar 11 Mar 18 Mar 25 April
http://square.github.io/crossfilter/ - Facet Into MU|t|p|e Vlews
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Filtering

Attributes

Attribute Filtering
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(® Filter

Attribute Filtering

e Eliminate attributes rather than items > Attributes
e Often combined with attribute ordering SS=== 4 S=5

— Similarity/Importance metric for attribute (e.g. variance)

e Dimensional Ordering, Spacing, and Filtering Approach (DOSFA)

Numerous attributes Reduced attributes

I 1 I 1
i

N WA . BERe RS EF RE R MRS R Mmemew g [

1)

Scatterplot Matrix Parallel Coordinates Star Glyphs
J. Yang et al,, Interactive hierarchical dimension ordering, spacing and filtering for exploration of high dimensional datasets, 2003, doi: 10.1109/INFVIS.2003.1249015.

Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al. 20


https://doi.org/10.1109/INFVIS.2003.1249015

Scatterplot Matrix

Unfiltered Filtered

> Filter

> Attributes

N

il i N &
L SR 3 o

"

Lt didk i

b S

P R T\ (Y %

bk e s e e N i e i i e et B i
SEEEEGENR LI ZEINL 23

Ll Kk R K Sh YN Gl R AR LY SR

3 {2 N
wer] S v e e e e | e

FEFREREAERM RN ®
LGNSR IR 2

T eIt et

dbibibitadbilaidikit diakas

ik

<0 00 O OV @ VO ol T
ik iE 2 ‘F”’”f’?’—"?]‘??‘?

P EN I eI 2
el o\ ] e il ] b | W

vel N\ ] e e el e b | W e B
e~

] @\ e Wil b o lp o ohe | 86 b

-

J. Yang et al,, Interactive hierarchical dimension ordering, spacing and filtering for exploration of high dimensional datasets, 2003, doi: 10.1109/INFVIS.2003.1249015.
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> Filter

Parallel Coordinates 5 Attributes

==ZES » E55
Unordered Ordered + Spaced ————— ==

tria
IS I

lw J’ [ “ ‘

Unfiltered

1\\

I"l | | 11 " ]‘\ ' m L “
w ‘l f ?!L ’ “ il }r u "‘ IIH| J \.um} ]\H il ' 1} ’\H\H\

le transplantat female insuli lucose
35155 " Beaso 123480 Boz2o  5e7s i X Aos50 SN galo  paR BUes SRRt ia BE 35165 40950

-18. 62,

Filtered

-41.85 -18.65 . -58.80 -38.20 -26.55 -24.85

J. Yang et al,, Interactive hierarchical dimension ordering, spacing and filtering for exploration of high dimensional datasets, 2003, doi: 10.1109/INFVIS.2003.1249015.
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Star Glyphs

Unordered Ordered

Unfiltered

Filtered

® Filter
2> Attributes

-

> Arrange Tables
+ Spatial Data

J. Yang et al,, Interactive hierarchical dimension ordering, spacing and filtering for exploration of high dimensional datasets, 2003, doi: 10.1109/INFVIS.2003.1249015.
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Aggregation
ltems
Attributes - Dimensionality Reduction
Linear
Non-linear

(® Aggregate

2 [tems

Aggregation
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Aggregat|0n (® Aggregate

2> |[tems

—t1t>a | |||

Group of elements represented by new derived element = Attributes

e Pros: —

v
— Potentially safer than filter from cognitive point of view, as it...

— ...conveys (some) information about entire set it replaces
e Cons:

— Cannot convey all information

— Challenge: Design/Implementation:
How/What to summarize? Needs to match task!
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Aggregation

ltems

ltem Aggregation
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(® Aggregate

2 [tems




(® Aggregate

ltem Aggregation > Items

=====) HEEEEE
e Basic aggregation operators:
— Average (arithmetic, geometric, mode, median, ...)
— Count, Sum
— Minimum, Maximum

e Other grouping operations: binning, hierarchical clustering, ...

e Challenge:
Avoid eliminating interesting signals
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Iltem Aggregation

Question: How to implement?

country happiness_rank
Norway
Denmark
Iceland
Example Task:
Finland

. . . . Netherlands
Distribution of happiness score
New Zealand
Sweden
Australia
Israel
Costa Rica
Austria
United States
Ireland
Germany

Belgium

Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al.

10

11

12

13

14

15

16

17

(® Aggregate

2> [tems

happiness_score
7,53700
7,52200
7,50400
7,49400
7,46900
7,37700
7,31600
7,31400
7.28400
7,28400
7.,21300
7,07200
7,00600
6,99300
6,97700
6,95100

6,89100

e
> AEEEE
economy family health
1,61646 1,53352 0,796667
1,48238 1,55112 0,792566
1,48063 1,61057 0,833552
1,56498 1,51691 0,858131
1,44357 1,54025 0,809158
1,50394 1,42894 0,810696
1,47920 1,48135 0,834558
1,40571 1,54820 0,816760
1,49439 1,47816 0,830875
1,48441 1,51004 0,843887
1,37538 1.37629 0,838404
1,10971 1.41640 0,759509
1,48710 1.,45994 0,815328
1,54626 1,41992 0,774287
1,53571 1,55823 0,809783
1,48792 1,47252 0,798951
1,46378 1,46231 0,818092
28



Histogram

Task: Find distribution
Derived data — new table:
 Keys are bins (ranges)

* Values are counts
(how many values fall into the
respective range)

Note:

e Does not show data directly,
instead shows its distribution

e Bin size crucial!

Count of happiness_score

M
(==

[
co

=
(s}

[
s

[y
MJ

[N
(=]

oo

an

S

(s NS

(® Aggregate

2> [tems
————> | | | |
o o ot ot 9 .

—1r>a | |||

25 30 35 40 45 50 55 60 65 7.0 7.5

happiness_score (bin)
using suggested bin size —0.258

Tableau Software
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Histogram

Bin size:
e Can affect pattern
drastically

e Opportunity for
interaction:
Control bin size

(® Aggregate

> |[tems
SSSSo>, EEEEE

—1r>a | |||

10

nt of happiness_score

o

3
(=}

C

25 30 35 40 45 50 55 60 65 70 75 25 30 35 40 45 50 55 60 65 70 75 25 30 35 40 45 50 55 60 65 70 75
happiness_score, bin width=0.025 happiness_score, bin width=0.05 happiness_score, bin width=0.1

0
5
0
 whiteiles __sEEEEEREE B
0---"' l II IIIIII —— —
3 4 5 6 7 3 4 5 6 7 3 4 5 6 7 38

happiness_score, bin width=0.2 happiness_score, bin width=0.4 happiness_score, bin width=0.8

8
6
4
2
0

= = [ [\ w w
(O] [=) w

Count of happiness_score

Tableau Software
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Box Plots

120
o)
o
8 95
— — o
l o
i : o
' ' i ' 70
| | ' 45
! o
(o]
| T | I
n s k mm
20

(® Aggregate

- t

N ' Qutside Points

1 ]

] L < Upper Adjacent

) Value

] < Third Quartile

] < Median

) « First Quartile

< Lower Adjacent
Value
Box Plot

> |[tems
m=m==> HEEEE

—1r>a | |||

J. L. Hintze and R.D. Nelson, Violin Plots: A Box Plot-Density Trace Synergism, 1998, doi: 10.1080/00031305.1998.10480559.
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https://towardsdatascience.com/understanding-boxplots-5e2df7bcbd51
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Anscombe’s Quartet > lterms
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All four datasets have same mean, standard deviation and correlation:

. -l.q " E '--.i*i. E --.-" . ; !
" I | m mr - A%

F.J. Anscombe, Graphs in Statistical Analysis, 1973, doi: 10.1080/00031305.1973.10478966.

Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al.


https://doi.org/10.1080/00031305.1973.10478966

(® Aggregate

Same Stats, Different Graphs
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————1—3" | | [ |
A o

. _ _ —————
Algorithm to create any arbitrary dataset with

the summary statistics of a given dataset
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J. Matejka and G. Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied Appearance and Identical Statistics through Simulated Annealing,
2017, doi: 10.1145/3025453.3025912.
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J. Matejka and G. Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied Appearance and Identical Statistics through Simulated Annealing,
2017, doi: 10.1145/3025453.3025912.
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Same Stats, Different Graphs
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J. Matejka and G. Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied Appearance and Identical Statistics through Simulated Annealing,

2017, doi: 10.1145/3025453.3025912.
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Violin Plot
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Box Plot Violin Plot

J. L. Hintze and R.D. Nelson, Violin Plots: A Box Plot-Density Trace Synergism, 1998, doi: 10.1080/00031305.1998.10480559.
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Histogram + Scatterplot

H1 sideways

(® Aggregate
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H2 reversed
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Overplotting in Scatterplots
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(® Aggregate

Overplotting in Scatterplots
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Overplotting in Scatterplots
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Overplotting in Scatterplots
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(® Aggregate

Continuous scatterplots

Derived data -
new table:

e Quant. attribute:
Overplot density

e Dense, space-filling,
2D matrix

e Color encodes
overplot density

S. Bachthaler and D. Weiskopf, Continuous Scatterplots, 2008, doi: 10.1109/TVCG.2008.119.
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Hierarchical Parallel Coordinates
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Y.-H. Fua et al., Hierarchical Parallel Coordinates for Exploration of Large Datasets, 1999, doi: 10.1109/VISUAL.1999.809866.
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Spatial Aggregation

Modifiable Areal Unit Problem

Question: Can you think of
implications this might have?

Gerrymandering & its influence on
electoral results in a
non-proportional system:

CC BY-SA 3.0 Cmglee (wikipedia)
Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al.
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https://en.wikipedia.org/wiki/User:Andresswift
https://en.wikipedia.org/wiki/User:Cmglee

Aggregation

Attributes - Dimensionality Reduction
Linear
Non-linear

(® Aggregate

Attribute Aggregation —
Dimensionality Reduction [

»-

'
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Dimensionality vs. attribute ® Aggregate

> Attributes

I .. I .. »

e Vocabulary used in field not consistent =====

— Dimension/Attribute
— Attribute aggregation ~ attribute synthesis ~ Dimensionality Reduction (DR)

e Create smaller set of new dimensions:

— Set size is smaller than original
— New dimensions completely synthetic
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When to use DR © Aggregate

> Attributes

T T T Nad

e Uncovering Hidden Structure =

e Measurements made in sprawling space
— Documents, images
e DR only suitable if (almost) all

information could be conveyed with
fewer dimensions

— How do you know?

—>Need to estimate true dimensionality
to check if different than original

3 dimensions:
- 1000 positions!

https://www.pinecone.io/learn/dimensionality-reduction/
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Dimensionality Reduction (DR)

e Mapping multidimensional space into space of fewer
— Typically 2D for clarity
— 1D/3D/higher-D possible
— Keep/explain as much variance as possible
— Show underlying dataset structure
 Motivation:

— True/intrinsic dimension of dataset
is much lower than measured dim

e Linear vs. non-linear approaches

https://www.pinecone.io/learn/dimensionality-reduction/
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3 dimensions:
- 1000 positions!




Estimating True Dimensionality ® Aggregate

> Attributes

e Error for low-dim projection vs. high-dim original =====
e No single correct answer; many metrics proposed
— Cumulative variance that is not accounted for

— Match variations in distance (vs. actual distance values)

— Difference between inter-point distances in high and low dimensions

Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al.
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Showing Dimensionality Estimates ®Asresete

> Attributes

e Scree plots as simple way: error against # dims =522
— Original dataset: 294 dims

— Estimate: almost all variance preserved with < 20 dims

a Use Log Scale

S. Ingram et al., DimStiller: Workflows for dimensional analysis and reduction, 2010, doi: 10.1109/VAST.2010.5652392.
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Linear Dimensionality Reduction @ Asgregate

> Attributes

I .. I .. »

e Based on linear projections S==2S
e Given dimensions have a strong meaning PCA 1
e Want to preserve linearity in layout PCZQ/fCi
e Examples: RS
— Principal Component Analysis (PCA)

— Linear Discriminant Analysis (LDA)

LDA |
— Some variants of Multi-Dimensional Scaling J| A LF
(I\/IDS) (//LDZ xzx:;xx o. :.O. .o
- etC. \\\ e » X x
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Problem for linear DR

(® Aggregate
> Attributes

-

J. B. Tenenbaum et al., A Global Geometric Framework for Nonlinear Dimensionality Reduction, 2000, doi: 10.1126/science.290.5500.2319.
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Nonlinear DR

e No inherent meaning to given dimensions

e Minimize differences between
interpoint distances in high and low dimensions

e Examples:

Some variants of Multi-Dimensional Scaling (MDS)

Isomap

Local Linear Embedding (LLE)
t-Distributed Stochastic Neighbor Embedding

(t-SNE)

Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al.
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https://tinyurl.com/3kjmbjyn

DR: Isomap ® Aggregate

> Attributes

e Head poses, 4096 D vector
e Reducedto 2D

e Dimensions correlate highly
with one degree of freedom
of underlying original data:

>

>

g oEE

1 1

Up-down pose

— Up-down pose
— Left-right pose

O TP E B

T ET P &
e B L2 Pt g e
® . ' O . G o o 5, ’

Lighting direction SIS

J. B. Tenenbaum et al., A Global Geometric Framework for Nonlinear Dimensionality Reduction, 2000, doi: 10.1126/science.290.5500.2319.
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DR: Goals / Tasks ® Aggregate

> Attributes

e Interpret new synthetic dimensions ===

— Keep/explain as much variance as possible

e Find clusters

— Or compare / evaluate with previous clustering

e Understand structure
— Absolute position not reliable
— Fine grained structure not reliable

M. Brehmer et al., Visualizing Dimensionally-Reduced Data: Interviews with Analysts and a Characterization of Task Sequences,2014, doi: 10.1145/2669557.2669559.

Reduce Items & Attributes | Vis. 23S | Timothée Schmude | © Munzner/Mbller et al.


https://doi.org/10.1145/2669557.2669559

DR: MDS — Iterative Spring Model @ Aggregate

> Attributes

Naive Spring Model R —
e Repeat for all points

— Compute spring force to all other points
e Difference between high dim vs. low dim distance (stress)

— Move to better location using computed forces
e Compute distances between all points
— O(n2) iteration, O(n3) algorithm
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Multi-Dimensional Scaling (MDS)

e Many different algorithms exist

e Example implementation:

Glimmer

S. Ingram et al., Glimmer: Multilevel MDS on the GPU,
2009, doi: 10.1109/TVCG.2008.85.
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https://www.youtube.com/watch?v=PLaBAPM6qLI

Showing DR data

e Scatterplot showing points

— Only works if true dimensionality is 2 (...

or 3)

— Need to drill down to see what points represent

e Scatterplot matrix "\ ,-::‘..f."'

— Safe choice
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(® Aggregate

> Attributes

~—

—

M. SedImair et al., Empirical Guidance on Scatterplot and Dimension Reduction Technique
Choices, 2013, doi: 10.1109/TVCG.2013.153.
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How not to show DR data ® Aggregate

> Attributes

e 3D scatterplots? SSSSS ==
'

— Avoid! studies show many perceptual drawbacks, little benefits for DR
data (clustering tasks)

M. SedImair et al., Empirical Guidance on Scatterplot and Dimension Reduction Technique Choices,
2013, doi: 10.1109/TVCG.2013.153.

e |andscapes?

— Avoid! studies show worse than
just using points

M. Tory et al., Spatialization Design: Comparing Points and Landscapes, 2007, doi: 10.1109/TVCG.2007.70596.
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I N CONC I us I on Reducing Items and Attributes

(® Filter
: : . 2> [tems
e Reduction can be achieved via ===== , =====
Filtering or Aggregation =====
: : : > Attributes
e Both filtering and aggregation can be ===== , ===
done for s ——1—
— |tems (Statistical / derived measures), or (® Aggregate
— Attributes (Dimensionality Reduction) > Items
. . . . ||
e Consider filter & aggregation pitfalls, === SRR
tasks and usability! > Attributes

S —

Questions? -
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