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Composite Visualization Technigques

1 2 3abcdefgh4 5 6 7 8

(d) Overloaded views.

(e) Nested views.

[W. Javed and N. EImqvist, 2012]
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What is this technigue®

[VisLink, Collins and Carpendale, 2007]
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What is this technigue®

CMU- Roth et al.

L

Eedersmll et al.
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Slmeulermﬁn et al. %
Plaisant et ﬂl

INodeTrix, N. Henry et al., 2007]
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Multiple Views
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[Munzner (ill. Maguire), 2014]
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Brushing
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Multiform & Small I\/\u\t'p\es
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Partitioned Views

e Split dataset into groups and visualize each group
o Extremes: one item per group, one group for all items
e Can be a hierarchy

- Order: which splits are more "related"?

- Which attributes are used to split”? usually categorical
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Partitioned Views: Irellis Matrix Alignmen

o
20 30 40 50 60 1932 1931
l | | I |
 — | I | = -
Waseca Waseca Trebi Waseca
1932 1931 WisconsinNNo. 38 o .
Trebi 0. 457 o
Wisconsin No. 38 | Glabron 0
No. 457 Peatland
Glabron Velvet v
Pegiland i o 475 &
vV anchuria
i | pe S o
61\10. 452 Svansota 0
Svansota =
Crookston Crookston Trebi Croolcdon |
T A | R 1931 WisconsinNNo.Zng e
Trebi 0. 0
Wisconsin No. 38 - Glabron 0
g%bﬁg Pes’g?vneci e
Peatland No. 475 - 0
Velvest Manchuria o
Maﬂghﬁﬁa No. 462 o
No. 462 Svansota . o
Svansota - -
Morris " i Morris Trebi M.‘?mz sl
1832 1831 WisconsinNNo:drSS 0
Treb 0. 457 0
Wisconsin No. 38 Glabron 0
[C\Ii?a' bﬁg; Peeg?vnec’z -
Pe@'g?vng N No.h425
anchuria
No, 475 0
Manchuria SNO- 46:;2 0
SNO' 455 vansota
vanso = T — ] aur]
University Farm University Farm Trebi University Farm
1852 1931 WisconsinNNo. 28 3 0
Trebi 0. 457 o
Wisconsin No. 38 Glabron 0
&oron "“Jeive b
Pegtland No. 475 =
Velvet Manehuri '
uria
Manchura No. 462 o
No. 462 Svansota )
Svansota | - o . Soioth =
Duluth Duluth ' Trebi — vuluth AN |
1932 1931 | WisconsinNNoASS o
Trebi aedd 0
Wisconsin No. 38 Glabron o
No. 457 Peatland D
Glabron Velvet
e vanchirs °
anchuria
Manchuria No. 462 o
No. 462 Svansota
Svansota = B ] :
Grand Rapids Grand Rapids - Trebi IDGr:e:.r'u:i Rapids S
1832 1531 WisconsinNNo.Jfgg 0
Trebi o 0
Wisconsin No. 38 Glabron 0
Soron Pegtiand 0
Peatland No. 475 o
No et Manchuria o
Mswchur]a SNO' 462
0. 462 vansota 0
Svansota ! L g — S — —
) T T
20 30 40 50 60 20 30 40 50 60

Barley Yield (bushels/acre)

[Becker et al., 1996]

L. Northern Illinois University )

D. Koop, CSCI 627/490, Fall 2020




Recursive Subdivision: HIVE System

& Hillingdon
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[Slingsby et al., 2009]
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Project Design

* Feedback:
- Data Manipulation®
- Questions lead, not technique!
- Be creative! (interaction too) https://xeno.graphics
e \Vork on turning your visualization ideas Into designs
e [Urn In;
- Two Design Sketches (like sheets 2-4 from 5 Sheet Design)
- One Bad Design Sketch (like sheets 2-4: here, justity why bad)
- Progress on Implementation
e Due Friday, Nov. 13
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Assignment 5

® [0 be released soon
o Citi Bilke NYC Data

- Trips between neighborhoods
o Covers

- Multiple Views

- Filtering

- Aggregation

- Brushing

D. Koop, CSCI 627/490, Fall 2020 Northern Illinois University 12



Overview: Reducing Items & Attributes

(® Filter @ Aggregate

> ltems > |[tems
M — — — B — — - —tl—-u | | | |
———r—— —tl e | | | |

> Attributes > Attributes

===== ?* === ==SEE A =

—

[Munzner (ill. Maguire), 2014]
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~litering

e Just don't show certain elements
* [tem filtering: most common, eliminate marks for filtered items

o Attribute filtering:
- attributes often mapped to different channels

- If mapped to same channel, allows many attributes (e.qg. parallel coordinates,
star plots), can filter

e How to specify which elements”
- Pre-defined rules
- User selection
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Filter vs. Query

e Queries start with an empty set of items and add items
e [lters start with all tems and remove items
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Example: NYC Health Dept. Restaurant Ratings
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Dynamic Filters

¢ |nteraction need not be with the visualization itself
e Users interact with widgets that control which items are shown
- Sliders, Combo boxes, Text Fields
e Often tied to attribute values
® Examples:
- All restaurants with an "A" Grade
- All pizza places
- All pizza places with an "A" Grade
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Scented Widgets

Occupation
| Arkist | Ark Teacher |
Akhlete
Auckioneer
| Authar
Baggageman
N Baker
|Bank Teller
Barber | Beaukician
M Eartender |
Bill Colleckor
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Boaktrman
Eoilermaker
Eookbinder
Bookkeeper
Eookblack,
Building Manager
Bus Driver
Buwer - Farm
Buyer - Store
Zabinet Maker
| Car Washer _

B Carnenter

0.35%

0.3%

0.25%

0.2%

0.15%

0.1%

0.05%

Scale

B Total People Count \
- 1850

Bl @ o times views: Willett et al., 2007]

2000
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Scented Widgets

I!_l.ulguig_!\;!” 8. l.s - e mTm
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DatasetE 'Y Location D (@)
Dataset F =}
DatasetG |+ created by: =
size of dataset admin [ member
< visited (2) number of edits
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Option A
Option B
Option C
Option D

ordered rank

visitor

visualizations into the widget

~~wption B

Name Description Example
ol
Hue Varies the hue of the widget (or of a —
visualization embedded in it) f
Varies the saturation of the widget _:‘
) aries the saturation of the widge _ —
Saturation o of a visualization embedded init) | Ciptian B =
~
Obacit Varies the saturation of the widget —_
pacity (or of a visualization embedded init) | Ciption B -
F o . r .
Text Inserts one or more small text ot D[Zl’[llilr'lﬂ —
figures into the widget 100 Option B[
— . i .
I Inserts one or more small icons into — D[Zl’[ll:lr'lﬂ
con . . =
the widget. & OptionE |
N .‘. .
Inserts one or more small bar chart i [:]Fl’[llilr'lﬂ —
Bar Chart . . _ =
visualizations into the widget T [:]pt“jn E -
. A Dption A [
Line Chart Inserts one or more small line chart =
wr

[(Willett et al., 2007]
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Star Plots (aka Radar Charts)

Aberfeldy
Fruity
Malty
Floral
Nutty
Body
Spicy
Sweetness
Honey
Smoky
Ardmore
Fruity
Malty
Floral
Nutty
Body
Spicy
Sweetness
Honey
Smoky

Aberlour

ArranlsleOf

<)

AnCnoc

p

Auchentoshan

&

Ardbeg

no

Auchroisk

K. Schaull

D. Koop, CSCI 627/490, Fall 2020

Northern Illinois University 20


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

Star Plot / Radar Chart

Axis and Scale o |Jse:

s - Compare variables
- - Similarities/differences of items
T - Locate outliers
e Considerations:
- Order of axes

Variable C - Too many axes cause problems

Variable G

-8
-6
-4
.2

Variable F

Variable E Variable D

Data Point Polygon

[S. Ribecca]
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Attribute Filtering on Star Plots

(a) (b)

(c) (d) [Yang et al., 2003]

D. Koop, CSCI 627/490, Fall 2020 Northern Illinois University 22



Attribute Filtering

e How to choose which attributes should be filtered?
- User selection?

- Statistics: similarity measures, attributes with low variance are not as
iNnteresting when comparing items

e Can be combined with item filtering
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Aggregation
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Aggregation

e Usually involves derived attributes

e Examples: mean, median, mode, min, max,
count, sum

e Remember expressiveness principle: still
want to avoid iImplying trends or similarities
based on aggregation

D. Koop, CSCI 627/490, Fall 2020

I 1l \Y,

X y X y X Yy X y
10.0 8.04 10.0 | 9.14 | 10.0 7.46 8.0 6.58
8.0 6.95 8.0 8.14 8.0 6.77 8.0 5.76
13.0 7.58 13.0 | 874 | 13.0 | 12.74 8.0 7.71
9.0 8.81 9.0 8.77 9.0 7.1 8.0 8.84
11.0 8.33 11.0 | 9.26 | 11.0 7.81 8.0 8.47
14.0 9.96 14.0 | 8.10 | 14.0 8.84 8.0 7.04
6.0 7.24 6.0 6.13 6.0 6.08 8.0 5.25
4.0 4.26 40 | 3.10 | 4.0 5.39 19.0 | 12.50
12.0 | 10.84 | 120 | 913 | 12.0 8.15 8.0 5.56
7.0 4.82 7.0 7.26 7.0 6.42 8.0 7.91
5.0 5.68 50 | 4.74 5.0 5.73 8.0 6.89

I%I Northern Illinois University




Aggregation

e Usually involves derived attributes

, , | | Il WY

e Examples: mean, median, mode, min, max, T T T T T
COUﬂJ[, Sum 10.0 3.04 10.0 | 9.14 | 10.0 .46 3.0 6.58
e Remember expressiveness principle: still 80 | 695 | 80 | 814 | 80 | 677 | 80 | 576

want to avoid Imp‘y”’]g trends or similarities 130 | 758 | 130 | 874 | 130 | 1274 | 80 | 7.7
based on aggregati()n 00 | 881 | 90 | 877 | 90 | 711 | 80 | 884

11.0 8.33 11.0 | 9.26 | 11.0 7.81 3.0 3.47

Mean of x 9 140 | 996 | 140 | 810 | 140 | 884 | 80 | 7.04

| 6.0 7.24 6.0 | 6.13 | 6.0 6.08 8.0 5.25
Variance of x 11

4.0 4.26 40 | 310 | 4.0 539 | 19.0 | 12.50

Mean of y /.50 120 | 1084 | 120 | 913 | 120 | 815 | 80 | 556

\ariance of y 4 19D 7.0 4.82 70 | 726 | 7.0 6.42 8.0 7.91

5.0 5.68 5.0 4.74 5.0 5.73 8.0 6.89

Correlation 0.816
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Anscombe's Quartet

X2
12
10
S 8- 8
. 0
.-
— —
4 6 8 10 12 14 16 18 4 6 8 10 12 14 16 18
X3 X4 [F. J. Anscombe]
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Aggregation: Histograms

e \/ery similar to bar charts
e Often shown without space between

(continuity)
*g 15 e Choice of number of bins
2 10 - Important!
=5 . I - - Viewers may infer different trends based on
0 the layout

‘) ,\Q \% ,\9/ qf>
Weight Class (lbs)

[Munzner (ill. Maguire), 2014]
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Aggregation: Histograms

Fitness movies TwoXChromosomes

111

Documentaries philosophy

Observation Frequency

I :

Observed ranks of posts by subreddit
["The reddit Front Page is Not a Meritocracy”, T. W. Schneider]
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Common Distributions

IR = |

"4
Hy I’geometric O ‘ B r|omial € > | Geometric l\
.« ! I I ......... | l I Do e ‘ I I | | D e T T =
ative
: [t
1114,
I hoisson € > Exponential
! l I N e e e
\*
Log Normal Ny Weibull
N |
Normal i
(Gaussian) g iigHared
Student’s t « N v
Gamma
W
Beta

[Clouderal
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Binning Scatterplots

e At some point, cannot see density

¢ Blobs on top of blobs

o 2D Histogram is a histogram in 2D encoded
using color instead of height

e Fach region Is aggregated

] | o ) al |
0.0 0.2 0.4 0.6 0.8 1.0

0.0 0.2 0.4 0.6 0.8 1.0
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=][alallgle

® Hexagonal bins are more circular
e Distance to the edge Is not as variable
e More efficient aggregation around the center of the bin

5.0 2.0

1.5 1.5

1.0 1.0

0.5
0.5

0.0
0.0

—0.5

—0.5
—1.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0
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Spatial Aggregation

[Penn State, GEOG 480]
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Modaifiable Areal Unit Problem

e How you draw boundaries iImpacts the type
of aggregation you get

e Similar to bins in histograms
e (Gerrymandering

50 1. Perfect 2. Compact, 3. Neither compact
people representation but unfair nor fair

HEEEE
HEEEE
HEEEE
HEEEE
HEEEN
HEEEE
HEEEN
HEEEE
HEEENE
HEREN

60% blue, 3 blue districts, 5 blue districts, 2 blue districts,

40% red 2 red districts 0 red districts 3 red districts
BLUE WINS BLUE WINS RED WINS

[Wonkblog, Washington Post, Adapted from S. Nass]
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Drawing Different Maps: Compactness

Congressional districts drawn to be compact while trying to respect county

EEEEEEEEEEEEEEEEEEEEEEEEEE
borders

How often we'd expect a party to win each of the nation's 435 seats over the long term — not 100% 0 [N O 1005 R
specifically the 2018 midterms — based on historical patterns since 2006

[A. Bycoffe et al., 538]
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Drawing Different Maps

EXPECTED SEAT SPLIT
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209.4 225.6

203.9 231.1

202.8 232.2
200.6 234.4
171.3 263.7

[A. Bycoffe et al., 538]
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https://projects.fivethirtyeight.com/redistricting-maps/
https://projects.fivethirtyeight.com/redistricting-maps/

Boxplots

. . . ® OUTLIER More than 3/2
e Show distribution oo lmesof upper quartie
e Single value (e.g. mean, max, min, quartiles) WAXIMUM Greatest value

excluding outliers

doesn't convey everything
e Created by John Tukey
e Show spread and skew of data
e Best for unimodal data
e \/ariations like vase plot for multimodal data R

e Aggregation here involves many different data less than this value
marks

UPPER QUARTILE 25% ol
data greater than this value

——MEDIAN 50% of data is
greater than this value;
middle of dataset

MINIMUM Least value,
excluding outliers

OUTLIER Less than 3/2
times of lower quartle [Flowinq Data]
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http://flowingdata.com/2008/02/15/how-to-read-and-use-a-box-and-whisker-plot/
http://flowingdata.com/2008/02/15/how-to-read-and-use-a-box-and-whisker-plot/

Aggregation: Boxplots

SO0 S$20k $40k S60k $80k $100k $120k $140k $160k $180k $200k $220k $240k

Harvard?
UPenng
Princeton?
Columbia%

Cornell

Dartmouth =
| [Washington Post, 2015]
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https://www.washingtonpost.com/news/wonk/wp/2015/09/14/this-chart-shows-why-parents-push-their-kids-so-hard-to-get-into-ivy-league-schools/
https://www.washingtonpost.com/news/wonk/wp/2015/09/14/this-chart-shows-why-parents-push-their-kids-so-hard-to-get-into-ivy-league-schools/

Four Distributions, Same Boxplot...

Marmal
Birmodal | |
—1 | | | P —
Feaked
| [ [ [ [ [ [ [ [ 1
Skewed
L | | i [ [ I I I
Box plot
| | | | | | | |

I 2 4 b o 10 12 14 Tk 15 21
[C. Choonpradub and D. McNeil, 2005]

D. Koop, CSCI 627/490, Fall 2020 Northern Illinois University 38



Hierarchical Parallel Coordinates

Mum_Yechi Mum_Pe anSurface s 1 17s1 . e Mum

_ _ i A Mum_Fer .‘tmosphen Surfa Light Coll4isd
835 8.35 8.3 8.3 20 83 33 835

£.35 835 g.35 520 835

[ e [ s [ e

Mum_VechiNum_Pers anSurface Light Collsd Fi Mum_Per

835 835 . 5.20 835

[Fua et al., 1999]
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K-Means
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http://www.bytemuse.com/post/k-means-clustering-visualization/
http://www.bytemuse.com/post/k-means-clustering-visualization/

K-Means Issues
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Dimensionality Reduction

o Attribute Aggregation: Use fewer attributes (dimensions) to represent items

e Combine attributes in a way that is more instructive than examining each
individual attribute

o Example: Understanding the language in a collection of books
- Count the occurrence of each non-common word in each book

- Huge set of features (attributes), want to represent each with an aggregate
feature (e.qg. high use of "cowboy", lower use of "city") that allows clustering

(e.g. "western")
- Don't want to have to manually determine such rules

e [echniques: Principle Component Analysis, Multidimensional Scaling family of
techniques
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Principle Component Analysis (PCA)

original data space

component space

| PCA
—
PC 1 ) ko

i B + _ S Xé@ '
% ) : £ x i :
Q)

N Ol =

\ PC 1

M. Scholz, CC-BY-SA 2.0]
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http://phdthesis-bioinformatics-maxplanckinstitute-molecularplantphys.matthias-scholz.de/
http://phdthesis-bioinformatics-maxplanckinstitute-molecularplantphys.matthias-scholz.de/

PCA

original data set output from PCA
10 6 -
q 4
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2
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[Principle Component Analysis Explained, Explained Visually, V. Powell & L. Lehe, 2015]
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http://setosa.io/ev/principal-component-analysis/
http://setosa.io/ev/principal-component-analysis/

