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E’ SHOP | ROASTING | FRESHNESS | TASTING | ABOUT US
"~

Spatial [ayouts CoNnt. e e rmmmelmsmme

COFFEE SELECTOR

Space-filling display CLICKHEREFORHELD.
 total area used by the --
layout is equal to the total
area available in the view
« Affords powerful use of ..

colour
* No white space

Multidimensional Vis | IAT 355 2



Spatial Layouts cont from last week

Pixel —oriented displays
« Also called “dense” displays

« Basic idea: use tightly packed tiny marks,
often a single pixel in size

* Only 2d position and colour useful

diom Dense Layouts

What: Data ;Fex)t with numbesd lines (source code, fest results
og).

What: Derived Two quantitative attributes (test exacution resuits).
How: Encode Dense layout. Spatial position and line length from
text ordering. Color channels of hue and brightness.
Why: Task Locate faulls, summarize results and coverage.

‘ Lines of text: on thousand.

J.A.. Jones, M.J. Harrold, and J. Stasko. “Visualization of Test Information to Assist Fault Localization.” Proceedings of
the International Conference on Software Engineering (ICSE), pp. 467—-477. ACM, 2002.

S F U Multidimensional Vis | IAT 355 3



VisDB

* Pixels are colored according to 5 attributes and

relevance
« 06 attribute glyph

relevance
factor dim. 1 dim. 2

~ | -

« Local ordering e N
dim. 3 dim. 4 dim. S

« Spiral path

VisDB: Database Exploration using Multidimensional Visualization, Keim and Kriegel, IEEE CG&A, 1994

Multidimensional Vis | IAT 355



VisDB:

One view per attribute, coloured by relevance ——— Aggregate view using multi-attribute glyph —

S F U Multidimensional Vis | IAT 355 5



Glyphs

« VisDB uses multi-dimensional glyphs

relevance

factor  dim. 1 dim.2
~ !
P

dim. 3 dim. 4 dim. S

« Stacked bars are simple glyphs

300

250

200 -

150

100 -

50

0

1 2 3 4 5 6 7 8 9 10 11 12 13

M Actual Misc Cost

H Actual Materials Cost

M Actual Labour Cost

W Forecas t Misc Cost

B Forecast Materials Cost

M Forecast Labour Cost
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§

A
B

»Q F

o) DD DD
0 g8 & é
0 4: 5 & T

Glyphs

Mo —O O
o O G
2 wa ©

Frcure 11, Top; variables A and B are coded in values from 1 to 10 each. Lower left: the
records of five individuals with respect to A and B. Lower right: the corresponding metro-
glyphs for each of the five individuals.

&

» Glyphs are graphical entities which convey one or more
data values via attributes such as shape, size, color,
and position

« geometric attributes: shape, size, orientation, position,
direction/magnitude of motion

e appearance attributes: color, texture, and transparency

Multidimensional Vis | IAT 355 7




Examples

Al ol
Ak SRS

Variations on Profile glyphs Stars and Anderson/metroglyphs Sticks and Trees
Autoglyph and box glyph Face glyphs Arrows and Weathervanes

S F U Multidimensional Vis | IAT 355 8



Macro (icons) vs micro (texture

] e OF |

Fila

m - “""'_—JID
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TA B0v*30c)

lcon plots

Faverite Carbbean klangs
Average Ratings on 6 Dimensicns (clockeise)
(5un Rays Plot)
WA
N A >
o St Jamns St. Kits Barbad
<%

« Each icon represents a singular .
multivariate case :emergent visual
appearance as a unique “visual
identity”

ol
CI rCu Ia r St Maarten Jamaica St Crox
A
\ -~

Ayverage Rangs o0 6 Dimensions (COtwse)
(Column lcons Plot)

Sequential NI T
: bl bl o

« Useful for small data sets with up to
10 or so variables .

St. Maartan Jamaka St Crox Cocomo

 Limitations? -
« Small data sets, small dimensions

s oat e
«  Ordering of variables may affect 5 mz‘m}f?é‘}m’ iy
erception & er ALk L
o  Faces 5 2 & O
TP Loy WF «Lr

Multidimensional Vis | IAT 355
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1979 AUTOMOBILE ANALYSIS

4 .3 2 " ,
1 Price 758 S A S
2 Mileage (MPG) AMC CONCORD AMC PACER AMC SPIRIT AUDI 000
3 1978 Repair Record (1 = Worst, 5 = Best . ' . .
4 1977 Repair Record (1 = Worst, 5 = Best; ‘ ‘@ .:_
5 Headroom B w PR
6 Rear Seat Room
ALIDI FOX BMW xzal BUKCK CENTURY BUKK ELECTRA
7 Trunk Space
8 Weight , - o f - N I
e sk 3k 4k
9 Length o S A L i S
BUICK LE SABRE BUICK OPEL BUKCK REGAL BUKCK RIVIERA
BUKCK $KY LARK CAD.DEVILLE CAD. ELDORADO CAD.SEVILLE
Multidimensional Vis | IAT 355 1




Star Plots

« Space out the n variables at equal
angles around a circle

« Each “spoke” encodes a variable’s
value

« Data point is now a “shape”

Var 1

Var 5 Var 2

 Limitations
« Small data sets, small dimensions

» Qrdering of variables may affect
interpretation

Multidimensional Vis | IAT 355 12
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Star Plot Examples

Dimensional Reorganization

—4—Physics
—#—Chemistry
Biology

m Multidimensional Vis | IAT 355
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Chernoff faces

Ten parameters: head eccentricity, eye eccentricity,
pupil size, eyebrow slant, nose size, mouth shape, eye
spacing, eye size, mouth length and degree of mouth

opening
8,8 ®® o
— O <<

—— 7~
0&8 vo
—_— I R
C [oXo) g8 [X)
A fa) Fa) P
— AN < N

Gonick, L. and Smith, W. The Cartoon Guide to
Statistics. New York: Harper Perennial, p. 212,
1993

@,

Chernoff faces applet

In use

&

&

G. Wills. Funny Faces: Visualizing Many Variables.

IBM AnalyticsZone blog, 2013.

Multidimensional Vis | IAT 355
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Infographics and glyphs: are they the
same?

IRREXEF FRAR ROFEF X ROY o ‘ Lo

......

HC L T L
AN it ' b (W
¥ ¥ FEEEXX tt u'_ “ | .. G G- G
RARIEE A, . ‘
rtmi x m "“

rnttttv *\-—- ,
LLLE . T R0EE 18

prnt e AR S
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Glyph Placement Issues

7)

data-driven (e.g., based on two data dimensions) vs.
structure-driven (e.g., based on an order (explicit or
implicit) or other relationship between data points)

Overlaps vs. non-overlaps

optimized screen utilization (e.g., space-filling
algorithms) vs. use of white space to reinforce
distances

Distortion vs. precision

SFU



Glyph placement is an issue

Multidimensional Vis | IAT 355
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Data-driven placement

* One, two or three of the
data dimensions are
used as positional
components

e (Subsetting!)

« DDGP — Data driven
glyph placement

Sy

http.://davis.wpi.edu/~matt/courses/qlyphs/node6.html

SFU




Data-driven placement.

« Conveys detailed relationships between dimensions selected

* |neffective mapping => substantial cluttering and poor screen
utilization.

« Some mappings may be more meaningful than others (But, which
one?).

« Bias given to dimensions involved in mapping. Thus, conveys only

pairwise (or three-way, for 3-D) relations between the selected
dimensions.

« Most useful when two or more of the data dimensions are spatial in
nature.




Data-Driven Placement Cont.

* |ssues: reduce clutter and overlap

e Solution: Distortion

 Random Jitter
« Shift positions to minimize or avoid overlaps.

 But, how much distortion allowed?

« Selectively vary the level of detail shown in the
visualization

SFU



Structure-Driven Glyph Placement

« Structure implies relationships or connectivity

» Explicit structure (one or more data dimensions drive
structure)

 Implicit structure (structure derived from analyzing data)

« Common structures: ordered, hierarchical, network/
graph




Ordered Structure

« May be linear (1-D)
or grid-based (N-D)

 (Good for detection of

changes in the
dimensions used in

the sorting

111

relevance
factor dim. 1 dim.2
~ | e
]

P
dim. 3 dim. 4 dim.§




SDGP — Ordered Structure Cont.

« Common linear ordering
iInclude raster scan, circular,
and recursive space-filling

patterns

Dimensions (from left to right): Dow Jones
average, Standard and Poors 500 index,
retail sales, and unemployment.

Data for December radiate straight up (the 12
o'clock orientation). Low unemployment, High
Sales

Note distance and size are not constant
between years, just months




SDGP — Hierarchical Structure

 Treemaps W@”@ - I Y &
IR A REEEEEREEEE
A A A I A A I A A
- -
-m = = s |
- = - s - - -
- 4 = =
- = = 4 d@
- A w4 W g e ] o w w I
- = a4 ] 4 - 4 = A 4 ] =




The Core Problem Statement

e How to effectively present more than 3 dimensions of
information in a visual display with 2 (to 3) dimensions?

« very large, multivariate data sets?

e NoO loss of information [Inselberg]
« Minimal complexity
« Any number of dimensions
« Variables treated uniformly
« Objects remain recognizable across transformations
« Easy / intuitive conveyance of information
« Mathematically / algorithmically rigorous

Multidimensional Vis | IAT 355 26



Characteristics

e “Data-dense displays” (large
number of dimensions and/
or values)

« Often combine color with
position / proximity
representing relevance
“distance”

e Often provide multiple views

« Retinal properties of marks

« Gestalt concepts, e.qg.,
grouping

Filo Edit Misc Base "' Holp

] Data Sats Ll El

- : , T
Multidimensional Vis | IAT 355



Network Visualization by Semantic Substrates

[ Shneiderman & Aris, IEEE TVCG 2006]

http://hcil.cs.umd.edu/video/2006/substrates.mpg

SFU
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Improvise [Weaver]

. . File Edit Base ''-» Grab Misc Help
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PaperlLens

e Understanding research trends in conferences using PaperLens
Lee et al., CHI'05 extended abstracts

e http://www.cs.umd.edu/hcil/paperlens/PaperlLens-Video.mov
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MIDAVisT

« 5 categorical and 6 quantitative variables
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Multivariate Visualization

2 variables: scatter plots, etc
3 variables:
» 3-dimensional plots (Look impressive, but often not used well)
« Can be cognitively challenging to interpret
« Alternatives: overlay color-coding (e.g., categorical data) on 2d scatter plot

4 variables:

» 3d with color or time
« Can be effective in certain situations, but tricky

Higher dimensions
« Generally difficult
» Scatter plots, icon plots, parallel coordinates: all have weaknesses
« Complexity, coordination and visual fragmentation all problematic

S F U Multidimensional Vis | IAT 355
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Much More than 3D

 Fundamentally, we have 2 display dimensions

* For data sets with >2 variables, we must project data
down to 2D

« Come up with visual mapping that locates each
dimension into 2D plane

« Computer graphics 3D->2D projections

Multidimensional Vis | IAT 355
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Methods for Visualizing Multivariate Data

 Univariate splitting (small multiples)
« Dimensional Subsetting (bivariate)
« Dimensional Embedding

* Dimensional Reorganization

« Coordinated multiple views

Adapted f M. Ward

34



Multiple view methods

* view choices
« encoding: same or multiform
« dataset: same or small multiple
« data: all or subset (overview/detail)
 spatial ordering of views

* many combinations possible

S F U Multidimensional Vis | IAT 355
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Why doesn't this work?

Agriculture

Business services

Construction

Educaton and Heath

Finance
Government
Information

Leisure and hospiaity

Manutacturing
Mining and Extraction
Other

Set-employed
Transportation and Utiities

Wholesale and Retall Trade

' ' ' ' ' ' ' 1 ' '
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

J. Heer, M. Bostock and V. Ogievetsky, A Tour Through the Visualization Zoo.
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Small multiples

MM

Agriculture Business services
M
Construction Education and Health
._LM
Finance Government
M
Information Leisure and hospitality
M‘“““
Manufacturing Mining and Extraction
M-M—A .A—;M-A.J
Other Sen-AermloLy;d
M M
Transportation and Utilities Wholesale and Retall Trade

J. Heer, M. Bostock and V. Ogievetsky, A Tour Through the Visualization Zoo.
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Horizon graphs

ma AA a .. .‘

g™ W

... .. M“

e, .. - .assee. 2B

L md
ra. o -

SFU
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Dimensional Subsetting

* In a n-dimensional data set
subset the data into
categories in order to
compare the patterns of
data between the resulting
subsets

« Lay out the resulting small
multiples in sequential or 2d
ordered grid

MPG

Displacement Acceleration

Horsepower  Weight

2000

150 | i

Sl

100
50

4000

s .
B .
e

U

-'-'iﬁ:‘.';‘.‘, i

20 40 10 20

Acceleration

200 4002000 4000

Displacement

Weight

50 100150200

Horsepowver

Adapted from M. Ward
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Simple subsetting

« Breaks large number of
attributes into smaller
groups

« a series or grid of small
similar graphics or charts
allows easy comparison.

e can be ordered along one
or two categorical axes

B8 Tableau - Catherine demo

Ble Edt Yiew Fomst Dets @nslysis Jsble Qookmerk Colsborste Window Hep

e W0 L& e B G Iy B4 F

Sample - Superstore Sales (€... v
Find: v
Dimensions v | Fiers

c Contaner P

e« Customer Name
#oc Customer Segment
@ Customer Sate
*# LastNdays Marks
[ Order Date
# Ovder 1D Automatic

# Discount: ~
# Order Quantity
# Product Base Margin

# Proft Product | - Category o *

“# Proft Ratio

# Sales

# Shipping Cost

“# Time to Shp

# Unk Price

@ Lattude (penerated)

W Funture
I Office Supphes
B Technology

© Longtude (generated]

“# Mumber of Records

2 Messmn Vabis ¥
Sets

@ Top 25 Customers by Profk

\Sheet1/

189 marks  3rows by 21 cohaws _ SUM(Sales): 3,947,818

NI HIEHg

IAT 355 | View transformations

SFU
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Scatterplot Matrix (SPLOM)

« Scatterplot matrix displays
all pairwise plots

« Selection allows linkage
between views

o Clusters, trends, and
correlations readily
discerned between pairs of
dimensions

« |Important for statistical
distributions

Cylinders  HorsepowerWeight

AccelerationYear

Origin

' I
i

=AD" DTIOO ~T T TON=OT Q:!__‘Cf\

SR TN

Adapted from M. Ward
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SPLOM ‘)ooo 0000 s%0 6\00 o B v % eoo “bo kN

~ f'. 200
horsepower L :‘.-' i.';'. 150
« More elegant layout A o
sacrifices alignment ., -
but improves indexing > e 200
20 . 3. .t. L.
15t . acceleration “‘ ’ .
B o 3 T
10 %3 i ¥10
-

& F/ 7 <
J. Heer, M. Bostock and V. Ogievetsky, % %
A Tour Through the Visualization Zoo.  United States ® European Union  + Japan
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Trellis Plot

Trellised visualizations enable you to quickly recognize similarities or differences
between different categories in the data

Older

Count 7

Younger

042 8
T

0

(o}
40 20 30 40
Male

1 FEMAale
Multidimensional Vis | IAT 355
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Trellis plots

e Can be sorted s
on direct or
derived ﬁ

. vpane
attributes ——.—

T T T T T T T T T T T T T T T
2 30 (0] 0 & aN @ 40 Bl €

[The Visual Design and Control of Trellis Display. Becker, Cleveland, and Shyu. JCSG 5:123-155 1996]
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Trellis plots

 conditioning/trellising: choose structure
« pick how to subdivide into panels
* pick x/y axes for panels
« explore space with different choices
* multiple conditioning

» ordering
 large-scale: between panels
« small-scale: within panels
* main effects: sort by group median
 derived space, from categorical to ordered

Multidimensional Vis | IAT 355
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Dimensional Subsetting (2)

« Records are ordered

* Pixel-oriented techniques lay
out a series of univariate
displays

* Values are conveyed via
color

temporally, by value, or by a
user query

461
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Dimensional Embedding

* Dimensional stacking divides
data space into bins

« Each N-D bin has a unique 2-
D screen bin

e Screen space recursively
divided based on bin count for
each dimension

* Clusters and trends
manifested as repeated
patterns

w | =
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imensinnal emheddinn

Passing yards vs. Completions

420 *
400
*
*
380
Rank .
. 360 *
Points ¢
*
340 * .
*
Yards g . d
)_% 320 -
Plays H o o . M
300 . i . .
Yards per pl. .
H 280 *
Total firs . ® .
260 * .
Com .

2400 2600 2800 3000 3200 3400 3600 3800 4000 4200 4400 4600 4800
Passing yards

5000

jalizing NFL 2008

Interceptions
Met vards per passing attermpt
Passing first downs

Rushing attermpts

Rushing yards

Rushing touchdowns

Rushing yards per attermnpt

Rushing first downs

Turnovers

Fumbles lost

First downs by penalty
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Dimensional Reorganization

« Parallel Coordinates
creates parallel, rather
than orthogonal,
dimensions.

« Data point corresponds
to polyline across axes

e Clusters, trends, and
anomalies discernable
as groupings or outliers,
based on intercepts and
slopes

linders  HorsepowerWeight
:% 260.50p 570(?.00

2.3 29.50 1300.00

AccelerationYear
31.25 83.15

3.75

68.85

é)ggin

0.68



Data Table Idiom

D

i | CaseT Case2 Case3
Variablel | Valuett Value21 Value31
Variable2 ¢ | Valuel2 Value22 Value32
Variable3 | Value13 Value23 Value33

n

S

 Think of as a function

* f(casel) =<Vall11, Val12,...>

Multidimensional Vis | IAT 355
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Spreadsheets

« Tables allocate a unique space per value
« Case + Variable
« 1 case per row
« 1 variable per column

1 9 6 7 3 5

2 7 8 9 7 3
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Parallel Coordinates (Inselberg 1997)

Vi V2 V3 V4 V5

RN
o

1 9 6 7 3 3}

2 7 8 9 7 3

- N WO & OO0 O N 00 ©
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Parallel Coordinates

Vi V2 V3 V4 V5

()

1 9 6 7 3 3}

2 7 8 9 7 3

- N WO & OO0 O N 00 © =
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Parallel Coordinates

« Each column of space is assigned a variable
« Vertical Scale to left

« Each data case is a polyline that puts a vertex on each
column at its corresponding data value

Multidimensional Vis | IAT 355
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Example Problem

* VLSI chip manufacture

Want high quality chips (high speed) and a high
yield batch (% of useful chips)

* Able to track defects

* Hypothesis: No defects gives desired chip types

473 batches of data

* A Inselberg, “Multidimensional Detective” InfoVis 1997.
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The Data

« 16 variables
« X1 -vyield
« X2 - quality
« X3-X12 - # defects (inverted)
« X13-X16 - physical parameters

S F U Multidimensional Vis | IAT 355
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Yield
?

I VP H (Y D
Quatity D Parameters—
l I [ @ L]
Y _
Distributions \/
Yield: Normal
Quality: Bimodal
M X1 X2 X3 X4 X5 Xé X7 X8 X9 X10 X11 X12 X13 X14 XI1s X16

473 Points



Top Yield & Quality

e Split in parameters

Al XE X9 X100 X1l X2 X |l 1 1e
18 Pointe

Figure 2: The batches high in Yield, X1, and
Quality, X2,

SFU
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Minimal Defects

* Not best yield &
quality

X4 Xi x 34 Xs Xé X7 X8 X Xie Xl X12 X13 Xi4 X3 Xia
9Punts

Figure 3: The batches with zero in 9 out of the ten
defect types.
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Best Yields

Y 4

Parameters that give
best yields cause 2
types of defects

x1 x2 X3 xXa Xs X6 xX7 xa X9 X10 X111 Xi2 X13 Xl1a4a Xi1s X6
S Poinia

Figure 6: Batches with the highest Yields do not
have the lowest defects in X3 and X6.
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Go back to first diagram,
looking at defect
categories.

Notice that X6 behaves
differently than the rest.

Allow two defects, where
one defect in X6.

This results in the very
best batch appearing.

xi X2 x3 X4 Xs X6 x? X3 Xy X110 xn X1z X X4 x5 X1s

471 Painis

Figure 1: The full dataset consisting of 473 batches




Multidimensional Detective
o .
SN \/ \

e Fig 5 and 6 show that

high yield batches don’t \ .
have non-zero values for T -
defects of type X3 and X ™

« Don’t believe your
assumptions ...

° Looking NOW at X15 we WM N RSN A RARIRS 2 m o ou o uw nom oo omom omomom
. . Figure 5: The best batch. Highest in Yield, X1, Figure 7: Upper range of splitin X15
see the separation is and very high in Quality, X2.
important " B
« Lower values of this %X '; E? §
property end up in the [
better yield batches /

i XX X)) Xa X3 Xe X7 X& Xe X100 Xi1 XiX X313 Xia Xi3 Xee
51 Polnis
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XmdvTool

File ‘iew Brushes Tools Backend Help

"

= A xzoom [0 x|--| - |R| |+ vZoom 58 % | -|n|+|++|[0:
« Matt Ward, WPI Wi P B Mol e gy oren 1
* Does Parallel Coords

@ [+¥]

X

@i+

=l |

4

MPG=6.16

L |
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Dimensional Reordering

« Sort dimensions according to similarity

Which Dimensions are most alike?

ana) RECTRALE MERTUER RN R RN Bl amennaet @ tes vemspisenn may et seperacrgesrtl gt ea) = [
‘ ‘ . mmaar " s Svm il AW B BATAA A
‘ .
| | | . é
! ? | -
i ) | l i ¢ |
| 4 | ; 5 E
1 | [ | ' !
! - ; S i1
| | Fo )
| i
f :
E l x rrey
e v | =
| H ! . ! {
| | ' | i
B
1R Y s nw e nm S LR ram " - L) - " an e P " " " " L F ] nW N
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Advanced Graphics

 Johanson et al InfoVis 2005

N/ \

\

(a) A linear transfer function has been applied to the high-precision texture (b) A logarithmic transfer function is applied to a selected cluster. The
in order to prevent cluttering and to provide overview of the data.

AN

(c) Local cluster outliers are enhanced. A square root transfer function is (d) A complementary view of the clusters with uniform bands. ‘Feature

used and the outliers are visible even through high-density regions. animation’ presents statistics about the clusters and acts as a guidance.
ETA N T4 o

structure is preserved and emphasis is put on the low density regions.

?'

7

W
i




Use texture mapping

* Pre-process data into categories
* Render each category to texture
* Blend textures

1

0 Pi

(b) A square TF is used and only dense regions become visible. This facilitates analysis of many clusters simultaneously.

o | NS

(d) Using a logarithmic TF puts even more emphasize on the lower density regions.
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Further elaboration

« Brush individual ranges
» Display histogram per dimension

lodel: Cheviolst Citation
\' I

Displacement=

46.0 248 90 ' 1613.0 68.0 3.0 70.0
Horsepower Accel, MPG Weight Displacement Cylinders Year

1.0

YN Origin

1.0

Figure 2. Extended parallel coordinates, a sample view of the cars data-set: cars with six cylinders were
emphasized through brushing, histograms are laid over axes, and one data-point is shown with all details.



Visualizing Categories

- Titanic Disaster e S
emale male
* Bendix et al InfoVis 2005 first || 145 a46% | 180 5549 | 325
30.8% 6.6% | 10.4% 8.2% 14.8%
second || 106 37.2% | 179 e28% | 285
22.6% 1.8% | 104% 8.1% 12.9%
third 196 2789 | 510 7229 | T06
a1.7% 8.9% | 20.5% 23.2% 32.1%
crew 23 2.6% | 862  97.4% | 885
a.9% 1.1% | 49.8% 39.1% 40.2%
470 1731 2201
21.4% 78.6% 100%,
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Parallel sets

» Parallel coordinates layout
« Continuous axes replaced with boxes

« Uses frequency based representation

[Sparset =10 x|
File View
il User Defined .. [ 100.000 X out of 2201 ] Titanic
B 0 newDimension1: User_Dim_1 Class Class [3-0 Age: 39;3
-8 newSelectionl I, adult
: g ' AND |Qilst |2nd| [3xd | [cxew | °| g child
: &) ref > Class : Crew =« Class: Class
L@ remaining ‘ 2y tower
R crew
@ 3d
Sex Sex - B4y upper
‘)lfemale] Imale | 9 : ﬂ st
: il 2nd
@ Sex Sex
[+« Survived: Survived
IDirnension added.

SFU
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100.000 % out of 2201

Pa ra I Iel SetS Clss Class

] first | [secon|

e (Continuous axes
replaced with

boxes cols //

« Makes use of O == °
layering and
transparency

 (Good for
categorical i e — .
visualization? a

Survived: Survived
Yes: ves [ 711 (32%) ]
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Parallel Coordinatg¢ *"

(epileptic seizure data from text)

dimensions
(possibly all p of them!)

often (re)ordered
to better distinguish
among interesting

subsets of n total cases| ¢,

interactive
“brushing” is useful
for seeing such

@linctions N\ Cou
S F U Multidimensional Vis

unt 2

nt 1

1 (of n)
cases

(this case is
a “brushed”
one, with a
darker line,
to standout
from the n-1
other cases)
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More elaborate parallel coordinates example (from E. Wegman, 1999).

12,000 bank customers with 8 variables

Additional “dependent” variable is profit (green for positive, red for negative)

free

sy

sTNS

Multidimensional Vis | IAT 355

e

sy

TS

i
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Issues

« The range of each variable can be different:
* Must rescale to the vertical space available
» Each variable rescales independently

* Hard to read parallel coord plot as a static picture
* Interaction required

S F U Multidimensional Vis | IAT 355
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What else is going on here?

S F U Multidimensional Vis | IAT 355
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Problems with Large Data Sets

* Most techniques are effective with small to moderate
sized data sets
« Large sets (> 50K records) are increasingly common

 When traditional visualizations used, occlusion and
clutter make interpretation difficult

75



Examples of Scale Problem

SFU 76



Multiple view methods

* view choices
« encoding: same or multiform
« dataset: same or small multiple
« data: all or subset (overview/detail)
 spatial ordering of views

* many combinations possible

S F U Multidimensional Vis | IAT 355
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Same dataset, different encoding

e
Wl gt d
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Different subsets, different encoding

Product Sales Compared to Budget
Columbian
B ——
Lemon

Decal Esprosso
Docaf Insh Craam A—

e e ——
Danesing
Earl Groy I —
Caffa Latte ne—
Mint e—
Amaretto E—
Green Toa IE—
Regular Espresso mmmmmm—)
o 106 2K £ 40 5K 80
Sales (size) and Profit (color)
®
= ®
® e
) ® ®
2 :
®
®
Sales by Month
10K
%
8K
™
23
January Febru.  March Apr May June July August Septe. October Nove

Dece.

Product Type

1 Coffes

Espresso
Herbal Tea
Tea

Sales
7291
20000
30,000
40.000
araa

Profit

3%

Market
(AN)
[¥] Central
[¥] East
South
[¥] west

Profit by Product

Columbian

Lamon

Decaf Espressa
Darjecling
Chamomile

Earl Grey

Caffe Mocha
Decaf Insh Cream
Caffe Latte
Regular Espresso
Mt

Amaretto

Green Tea

0K 13 10K 18K 20%

5K
4K
3K

2K

Profit

0K

1K

K K K K 4K 5K 6K [L3 & 9K

Sales
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same encoding, different subsets

25

2.0

Petal Width
-
o

-
o

0.5

0.0
4.5

4.0

Sepal Width
w
o

@
=)

nd
2]

2.0

SFU

O
-

®
% 0
ch ® o %o
@S0 o 00000@08 oo
o B o)
o%-(-)-(-’» ) O ° %o 08§ooo 88000
ooocg&g‘)” oo 0 0
O,.
wofB ©
OO(I& 0111) (@)
o)
o)
oo 5
8o © 00

Petal Length

Multidimensional Vis | IAT 355

O o O
o} (0] o oO
O
4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0
Sepal Length



Replace, Replicate, Overlay? munzner

 when to do which

* design tradeoffs
« always replace: too much reliance on memory

« always replicate: too many windows
« always overlay: too much clutter in single window

Multidimensional Vis | IAT 355
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Multiple Views

Visualization”
« Baldonado, Woodruff and Kichinsky AVI 00

T Mocal - Chack Paint SmartView Mosisr

U Qury Yew I Dok ynow o

T Coremar Cenes Mstory
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Multiple Views: 8 Guidelines

Rule of Diversity:
« Use multiple views when there is a diversity of attributes

Rule of Complementarity:

« Multiple views should bring out correlations and/or disparities
Rule of Decomposition: “Divide and conquer”.

* Help users visualize relevant chunks of complex data

Rule of Parsimony:
* Use multiple views minimally

IAT 355 | View transformations
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8 Guidelines Cont'd

Rule of Space/Time Resource

« Optimization: Balance spatial and temporal benefits of
presenting and using the views

Rule of Self Evidence:
* Use cues to make relationships apparent.

Rule of Consistency:
« Keep views and state of multiple views consistent

Rule of attention management:
» Use perceptual techniques to focus user attention

IAT 355 | View transformations
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SFU
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Interactive “Grand Tour” Techniques

“Grand Tour” idea
« Cycle continuously through multiple projections of the data

« Cycles through all possible projections (depending on time
constraints)

* Projects can be 1, 2, or 3d typically (often 2d)
« Can link with scatter plot matrices (see following example)
« e.g. XGOBI visualization package (available on the Web)
« http://public.research.att.com/~stat/xgobi/
« Example on following 2 slides
« 7/dimensional physics data, color-coded by group, shown with
(a)Standard scatter matrix
(b)static snapshot of grand tour

S F U Multidimensional Vis | IAT 355 87
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Summary of 189k newsgroups and 257M postings
Green = increase in postings in 2004 over 2003, red = decrease

Uses “treemap” technique. Details at http://jcmc.indiana.edu/vol10/issue4/turner.html
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Time-line Visualization of Research Fronts
(Morris et al, JASIST, 2003)
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Interactive MultiTile Visualization
(Falko Kuester’ s HIPerWall system, Calit2, UCI)
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Common Approaches to the Problem of
Scale

« Sampling
* Filtering
« Aggregation and Summarization

* Dimensionality Reduction (e.g., PCA, MDS)
* Binning

* Multiresolution Methods

**k%*
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Multiple Resolutions in Visual analytics

* For each target (number of records,
dimensions, distinct nominal values)

* Apply hierarchical clustering algorithm

|dentify representative value for each non-terminal
cluster

Compute cluster descriptors to convey contents

Visualize representative values using traditional
tools, augmented with descriptors

Provide interactive tools to navigate, modify, and
filter the hierarchical structure

.



Visualizing Large Numbers of Records:
Mean-Band Method

« User specifies focus region in data space and level of
detail for focused/unfocused areas

* Mean (or other derived ) value for each cluster
displayed in color based on its location in hierarchy

* Opacity bands around data points show population and
extent of clusters
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Hierarchical Parallel Coordinates

* Bands show cluster e
extents in each
dimension
* Opacity conveys cluster
population —
* Color similarity indicates \
proximity in hierarchy



Hierarchical Scatterplots

sepal_length sepal_width petal_length petal_width

* Clusters displayed as
rectangles, showing
extents in 2
dimensions

» Color/opacity
consistently used for
relational and 2

TG TRIOMG A0SO TIHIOmN

population info




The Role of Interaction

« User needs to interact with display, examine interesting
patterns or anomalies, validate hypotheses

 Selection allows isolation of subset of data for
highlighting, deleting, focussed analysis

* Navigation allows alternate views, drill-down for details
» Direct (clicking on displayed items ) vs. indirect (range
sliders, text queries)

* Screen space (2-D) , data space (N-D), structure space
(spatio-temporal, grids, hierarchies)
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Navigating Hierarchies

* Drill-down, roll-up operations for more or less detail
* Need selection operation to identify subtrees for:

* Exploration
* Manipulation
* Pruning

e (Can be user-driven, data-driven, structure-driven
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