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Overview: Reducing Items & Attributes

(® Filter > Aggregate

> |tems > Items
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> Attributes > Attributes
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[Munzner (ill. Maguire), 2014]
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'tem Filtering on Maps

FIND A RESTAURANT FIND A LOCATION FILTER
Q e Allgrades v ! All violations v A Al cuisines v
"
Yos o a s o o =
S L~ ® @
o L o 0
(.. .’ o ® ) < g'r'. > .q‘ ®
°® o? e o0 o % o E
Sevy e ® : P
It “g’ ~ Gracie's Cafe
. o .
5 e O 022 e | Grade Grade pending .
: - o . . . >
e o % . ~ e#® | Violation points 27 |
o o > . .
s ’. .9 8| Click for details
2 °%, o ‘o T e o
* o o FL re.o & v,
o o e® o O o®
¢a 5] e g o L - o G‘L
~ ) o .. o o o ®
E o ° < 3 o
..: .6 » 9 e. e .;.
® o e g0 . ¢ We e L
-~ 'S . - @& b -~
® o o e®
% e o o % o v °
" be) ‘s, * L Y é L
o . -~ o e e e o
2 ® - ., S * . e o
g ~ o e o ° o ® 0® 3] g bt
@ & o . % o e & A - o
e®e oo L 0, o0 P 0. 0e™® o
o - e _ %4 *°® o e g™ ® o e 2 o r
' o Se *s eh - » ©
e o ¥ % . W% & 0 S0 % e <
o ° o . 0" ey 9 o .. ) (Y o,
* o % s Yo s e, " ‘o o o o % a
® o of 0 o gy o), e a 9 o ®e
o o y g0 Qg * %L .2 e o ® ¢ % @ a
o o e o o8 “ 9 o o O ®
o. ©® K e % * 0 o &
& L 0,.% o0 v % %o % oG ®, * 9 i @
E I oo o8 0g'® O R ® o
o oS o fH’ ° o .70 %, N
® of 4 9° o, ¢y @ 2 %% 0 g, 50 2 o o o
o o 06 %" T Le0 _Se o %0%% o6 o %
© a o o
@ & 0%, 0 o, & "00% 7.0 o2 2% ,¢ Lo -
o - ® o8, Bse o "¢ *. v ® £ e S0 ®
S o o 2ot o'® o o e % e. ©
o v e 0% 9, o e " f “
o oy g 000 Y e o0 Or 5 °® o0, 5™ 9
e s P & ¢p 0 %%, N B
o o ® 9o & “Feo o o ey [ °
& LA ® A cu » = > ®e
. KA oo 2°° %, 0% o F § e »
®e o L 2 ® o 9 I o_° i
D Ogry T EE ® ® o 0® 4 5] &0 o
or C) @ o
o) v o o 9,7 ¢ P ®* % o0 e ®
®nd %% o 0 *° Q. 0% o .
a - ) 0, % e~ g s 9e® o ne oe ®
a ® % 9 o, @ o, ® ‘e ® e ) ®
@ o ‘o 8 ‘
° 9 * o * " 0 9.% w0 ¢ 02 B "G Y .
e, a o o 0 v 0* ¢ - o
o K 4 o Io3 - > ® 8,0 ® 9 o a a
s o ® 5, °* @ o0 (T oM ) p o o
6 o ¢ ® %o s, ¢ 8 oY e Py o
a) & D e o ® 4 = ‘ ® o
o .9 LR ®ry . - o 2 - 9 .O ® o o o
e " 9 5 48 3 ) o ] ]
o a of ® e & _ ¢ .9, Yaavee - a J Wh 'I: N Y k T
: e, NeW YOr mes

I%I Northern Illinois University 3

D. Koop, CSCI 627/490, Fall 2024



http://archive.nytimes.com/www.nytimes.com/interactive/dining/new-york-health-department-restaurant-ratings-map.html

Star Plots (aka Radar Charts)
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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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https://datavizcatalogue.com/methods/radar_chart.html

Attribute Filtering on Star Plots

(a) (b)

(c) (d) [Yang et al., 2003]
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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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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
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https://xeno.graphics

Assignment 5

e Focus on Multiple Views and Interaction
® S00N...
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Vionday

e | am at a workshop so no in-person lecture

* \/ideo lecture
e Assignment 5 will have been released
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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 2024

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
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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

personalfinance Showerthoughts nosleep

]

mildlyinteresting explainlikeimfive

i

Fitness movies TwoXChromosomes

Observation Frequency

Observed ranks of posts by subreddit
["The reddit Front Page is Not a Meritocracy”, T. W. Schneider]
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http://toddwschneider.com/posts/the-reddit-front-page-is-not-a-meritocracy/

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 =
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[Clouderal
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https://blog.cloudera.com/blog/2015/12/common-probability-distributions-the-data-scientists-crib-sheet/

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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http://www.washingtonpost.com/blogs/wonkblog/wp/2015/03/01/this-is-the-best-explanation-of-gerrymandering-you-will-ever-see/

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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https://projects.fivethirtyeight.com/redistricting-maps/

Drawing Different Maps

EXPECTED SEAT SPLIT
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209.8 225.2

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/

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/

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/

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]
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Attribute Aggregation
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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

D. Koop, CSCI 627/490, Fall 2024 Northern Illinois University =~ 29




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/

PCA

original data set output from PCA
10 6 -
q 4
o
2
6 @
y \/ pC2 O ® o L. ®
a4 ©
o -2
2 -4
O 6 |
O 2 4 6 8 10 -6 -4 2 O 2 4 6
X pcl

[Principle Component Analysis Explained, Explained Visually, V. Powell & L. Lehe, 2015]

D. Koop, CSCI 627/490, Fall 2024 Northern Illinois University 31



http://setosa.io/ev/principal-component-analysis/

1/ dimensions to 2

Alcoholic drinks
Beverages
Carcase meat
Cereals

Cheese
Confectionery
Fats and oils
Fish

Fresh fruit
Fresh potatoes
Fresh Veg
Other meat
Other Veg
Processed potatoes
Processed Veg
Soft drinks
sugars

England
375
5/
245
1472
105
54
193
147
1102
/720
253
685
488
198
360
1374
156
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N Ireland
135
47
267
1494
66
41
209
93
6/4
1033
143
586
355
187
334
1506
139

Scotland
458
53
2472
1462
103
62
184
122
957
566
171
/50
418
220
337
1572
147

Wales
475
/3
227
1582
103
64
235
160
1137
374
265
803
570
203
365
1256
175

400 —
300 -
200 —
100 =
e 0=
-100 -
-200 -

-300 -

Wales

England

4

Scotland

4

N Ireland

4

-400

-300

|
-200

|
-100

I I I I I
O 100 200 300 400 500
pcl

[Principle Component Analysis Explained, Explained Visually, V. Powell & L. Lehe, 2015]
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http://setosa.io/ev/principal-component-analysis/

Non-linear Dimensionality Reduction

original data space A component space 2

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

Dimensionality Reduction in Visualization

cancer N=683 H=9 | shuttle.big N=43, 500 H=9 | grid N=10, 000 H=8 | docs N=28,433 H=28, 374
Glimmer R i :
2ibdey = = :
':'.‘1-.-#': + : u......:
j Hﬂﬁ-‘:_ S - i
*.‘_‘.‘ "' * ;:—%_ - S e e
. = : = = =
0.22 s stress=0.027 | 1.99 s stress=0.00675 | 059s stress:l.ﬁﬂ'.ie—rl 2.11 s stress=().157
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[Glimmer, Ingram et al., 2009]

@ Northern Illinois University 34




lasks In Understanding High-Dim. Data

Task 1 Task 2 Task 3
— : C — N — N
£ £ E = £ E
o A a alla A O
tem 1 tem 1 tem 1
tem ... tem ... tem ...
temn temn temn
n Out In Out In Out
HD data =» 2D data =) 2Ddata =) Scatterplot =)  Scatterplot =) Labels for
Clusters & points Clusters & points clusters
What? What? How? What?
(® In High- (® Produce (®In 2D data () Discover (@) Encode () In Scatterplot (® Produce
dimensional data (3)Derive (®Out Scatterplot (®Explore (2 Navigate (® In Clusters & points (@) Annotate
(® Out 2D data (® Out Clusters & (@ Identify (3 Select (® Out Labels for
points clusters

[Munzner (ill. Maguire), 2014]
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Probing Projection

® Denmark

@ Czech Republic

® Sweden ® Finland
® |celand
® Netherlands
® Norway .
® Australia ® Belgium
® Switzerland
® Canada
® New Zealand ® Germany
® |reland
® Austria
®United States
® United Kingdom
® France
®|srael
1sample

® | uxembourg

® Brazil

® Mexico

D. Koop, CSCI 627/490, Fall 2024

Cluster 1 10 samples
Cluster 3 4samples

Educational attainment

Employees working ve...

®Chile Life expectancy
Life satisfaction
Self-reported health
Student skills

Time devoted to leisur...

Years in education

® Turkey

® Slovenia

® Poland
® Estonia
lungary

46 —
25 <A
75 - o
6.5 =peadSlN
65 all.
430 - <
14 | .

16 A

® Korea

® Japan

® Russian Federatic

PROJECTION

Edit projection ...

SELECTIONS
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http://julianstahnke.com/probing-projections/

Probing Projection Goals

e Examining the Projection
e Exploring the Data
e Design Goals:
- Show and correct approximation errors
- Allow for multi-level comparisons
- Spatial orientation
- Consistent design
e Allow grouping of samples
- Selections
- Classes
- Clusters

[J. Stahnke et al., 2015]
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looltips with statistics

. ® Austria
® United States

. O
® United Kingdom ® Slovenia FHelkike
® |srael
o Portugal
® Luxembourg Educational attainment 35 -240 .
Employees working ve... 9.31 -0.0340 .

Life expectancy 80.8 +0.39¢
Life satisfaction 5.2 -160 e ——
Self-reported health 50 -130
Student skills 488 -0.200
Time devoted to leisur... 14.95 +013 0

» . . .
Years in education 17.8 +0.310 : Russian

correct distances

® Portugal

® Brazil
razi [J. Stahnke et al., 2015]
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Comparing Two Groups

® Finland
South America 3 samples
Northern Europe 9 samples pds
IE / gium
Educational attainment 50 77 AR
Employees workingve... 18 6.2 Elisin Germany
_ife expectancy 75 81 -
_ife satisfaction 71 74 VS ® Crech
Self-reported health 65 77 VN
Student skills 420 500
Time devoted to leisur... 14 15 <l ool

Years in education 16 19 4

[J. Stahnke et al., 2015]
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Heatmap from Dimension Hover
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Showing Error via Sample-centric Halos

PROJECTION
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Showing Projection Errors
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White: higher levels of similarity
Gray: lower levels of similarity
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User Study & Results

¢ [ypes of Questions:
- How would you try to characterize the type X?
- In what way are X and Y different in their properties?

- Are the projections of X and Y correct or do they deviate” How do you
interpret this®

- Can you discover which parts of the cluster combinations are A, B, and C?
e Discussion:

- Learnabllity: need more effective mechanisms for grasping the concepts
behind dimensionality reduction

- Manipulation: What happens with results®?
- Large data: What about text corpora’?

[J. Stahnke et al., 2015]
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