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Next Week

Reading: VAD, Chapters 9

Lecture 11: Text & Documents

Lecture 12: Homework 3 Design Studio
Sections: view coordination, linking & brushing
Updates

Design Studio moved to Thursday
Project Proposal moved to HW 4



Tables & Multi-
Dimensional Data




Comparisons



Direction

Graduation rates up in most cities

Graduation rate for principal school district of the largest cities
2005 RATE

Philadeiphia
Tucson
Kansas City, Mo.
El Paso
Portland, Ore.
New York
Dallas
Columbus
Mesa

Austin

Atlama

Fort Worth
Miami
Houston
Chicago
Oakland
Virginia Beach
Balimore
Denver

Detroa

San Antonio
Phoenix
Oklahoma City
Indianapolis
Milwaukee
Sacramento
Washington, D.C.
Colorado Springs
Honoluh
Nashville
Jacksonvile

62 1%
71.6
533
60.6
68.86
50.5
508
a4.7
766
58.9
435
26.5
55.9
529
51.0
50.5
68.5
415
58.6
375
473
580
47.0
305
41.0
621
576
68.8
67.4
452
50.8

19952005 c:; ;‘f . The average high
00 7 school graduation rate
19.7 of major cities was 54.7
139 percent in 2005, Of the 62
13.1 percent that improved
12.8 since 1995, Philadelphia
127 had the highest increase.
126 The rate in Las Vegas
120 decreased the most
1.5
108 1995-2005 2005
104 CHANGE RATE
104 63.4% Louisville
9.8 689 Seattle
92 51.2 Memphis
8.2 519 Fresno
88 586 Boston
7.7 453 Minneapolis
6.9 73.3 SanJose
69 485 Tulsa
6.4 60.5 Charlotte
5.6 63.7 San Diego
5.3 444 Los Angeles
53 64.0 Long Beach
2.2 34.4 Cleveland
49 57.1 San Francisco
48 490 Albuquerque
46 60.3 Arlington, TX
3.6 496 Omaha
3.1 176 545 Wichita
0.7 23.1 445 Las Vegas

SOURCE: EPE Research Center
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https://eagereyes.org/basics/baselines

Trends Over Time

MY HOBRY: EXTRAPOLATING

AS YOU CAN SEE, BY LATE

NEXT MONTH YOU'LL HAVE

OVER FOUR DOZEN HUSBANDS,
BETTERGET A
BULK RATE ON

WEDDING CAKE.

http://xkcd.com/605/



http://xkcd.com/605/

Bars vs. Lines

Lines imply connections & = - _—
sampling from continuous - -
data. T =
Do not use for categorical o
data. - - —
L By
2 20 $20-

Zacks 1999



Baseline Problem (again)

True Baseline Clipped Baseline Plotting Change
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Linear vs. Logarithmic Scale
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http://finance.yahoo.com/echarts?s=AAPL
http://xkcd.com/1162/

Rule of Thumb:
Banking to 45°

(average line
slope: 45°)
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Aspect Ratios
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Correlations
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Scatterplots
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Overplotting
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Compositions



Stacked Bar Chart
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Comparison of bar chart types

Category 1 @ 't 3 — ' ; ;

ltem 2
tem 3
tem 4
tem 5

L IS

Category 2 @
Category 3 @
Category 4 ©
Category 5 ©

Pie Chart Stacked bar chart

15 30

9 1.5 3.0 O 1.5 3.0 O 1.5 3.0 0 1.5 3_0 O :
o |
Layered item 2
Bar halll
Chart 'tem4
ltem 5 |

Grouped

bar & —
Chart

ltem 1 ltem 2 ltem 3 ltem 4 ltem 5

Small
Multiples

Streit & Gehlenborg, PoV, Nature Methods, 2014



Stacked Area Chart

25

http://stackoverflow.com/questions/2225995/how-can-i-create-stacked-line-graph-with-matplotlib


http://stackoverflow.com/questions/2225995/how-can-i-create-stacked-line-graph-with-matplotlib

100% Stacked Area Chart

100 % stacked area chart

100
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Percent (%)

40
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http://stackoverflow.com/questions/16875546/create-a-100-stacked-area-chart-with-matplotlib


http://stackoverflow.com/questions/16875546/create-a-100-stacked-area-chart-with-matplotlib

acked Area vs. Line Graphs

Market Share
100
75
80
50
60
40
25
20
0 0 ,
Q1Y1 Q2Y1 QaY1 QaY1 Q1Y2 Q2Y2 Q1Y1 Q2Y1 Q3Y1 Q4Y1 Q1Y2 Q2y

leancrew.com &
Practically Efficient


http://www.leancrew.com/all-this/2011/11/i-hate-stacked-area-charts/
http://www.practicallyefficient.com/2011/11/25/boring-charts/?utm_source=feedburner&utm_medium=feed&utm_campaign=Feed%253A+PracticallyEfficient+%2528practically+efficient%2529

Distributions



H iStog ra m # passengers

#bins hard to predict
make Iinteractive!

. age

rule of thumb: #bins = sqrt(n) S

_# passengers

0 80 o0 a g e

20 Bins



Box Plots

aka Box-and-Whisker Plot

QR
| |
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Ql - 1.5 xIQR Q3+ 1.5 xIQR
i !
Median
—Ao —éo —éo —io dd lb zb 36 4b
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Wikipedia



Comparison

Uniform
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Poisson T
Exponential
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Streit & Gehlenborg, PoV, Nature Methods, 2014



howing Exp
ncertainty

100

Snow Expected (mm)
R (o)} oo
o o o
| | |

N
o
|

o

#City A

uail

1
City B

Margin of Error +/- 15

ected Values &

T
City A

T
City B

Margin of Error +/- 15

100

Snow Expected (mm)
S (@) o0
o o o
| | |

N
o
|

o

I
City A

|
City B

Margin of Error +/- 15

Error Bars Considered Harmful:
Exploring Alternate Encodings for Mean and Error
Michael Correll, and Michael Gleicher

100

Snow Expected (mm)
-D- (@)} o0
o o o
| | |

N
o
|

o

I
City A

1
City B

Margin of Error +/- 15



Highdimensional Data



What is High-dimensional Data?

Tabular data, containing Age _ Gender Height
| Bob 25 M 181
rows (items) Alice 22 F 185
columns (attributes or items) Chris 19 M 175

rows >> columns



High-Dimensional Data
Visualization

Homogeneity

How many dimensions? Same data type?
~50 — tractable with “just” vis Same scales?
~1000 — need analytical methods
How many records®? Age Gender Height
Bob 25 M 181
~ 1000 — “just” vis is fine Alice 29 F 185
>> 10,000 — need analytical methods Chris 19 M 175

BPM1 BPM2 BPM3

Bob 65 120 145
Alice 80 135 185
Chris 45 115 135




Analytic Component
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Geometric Methods



Parallel Coordinates (PC)

AXxes represent attributes
Lines connecting axes represent items



Parallel Coordinates

Each axis represents 7™ &7 =T

dimension S
Lines connecting axis i TN

represent records
Suitable for

all tabular data types

heterogeneous data



http://bl.ocks.org/jasondavies/1341281

PC Limitation:
Scalability to Many Dimensions

500 axes



PC Limitation:
Scalability to Many Items

Solutions:
Transparency

Bundling, Clustering
Sampling




PC Limitations

Correlations only between adjacent axes

L ]
||
S O I u t I O n . I n te raCt I O n economy (mpg) displacement (cc) power (hp) cylinders weight (Ib) 0-60 mph (s)
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Brushing .

Let user change order




Ambiguity

PC Limitation:

Solutions:
Brushing Line
Line A or B?
Curves Line B
ine A or B?
Curve A Curve A
Curve F
Curve B Curve B
Curve A

[.ine A

[ine E\
[L.ine C

e A

Curve B

[Line ?
Line ?
[Line ?
Curve A
— —~ Curve C
Curve / Curve A
Curve Curve B

Graham and Kennedy 2003



Parallel Coordinates

Shows primatrily relationships
between adjacent axis

Limited scalabllity (~50
dimensions, ~1-5k records)

Algorithmic support:
Choosing dimensions
Choosing order

Transparency of lines Clustenng & aggregatlng
Interaction is crucial records

AXIs reordering

Brushing

Filtering

http://bl.ocks.org/iasondavies/1341281


http://bl.ocks.org/jasondavies/1341281
http://bl.ocks.org/jasondavies/1341281

Star Plot

Similar to parallel coordinates

Radiate from a common origin

Star Plot of MER IDD and Automated Designs

S MER IDD Accuracy
——  Design 1
—  Design 2 Collision
—  Design 3
Design 4
Link
Deflection
Trajectory
Completion
Actuator /
Saturation \
http://starti.jpl.nasa.gov/caseStudies/autoTool.cfm T l m e
(Task Completion) h ) ®

Mass

[Coekin1969]
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http://bl.ocks.org/kevinschaul/raw/8833989/
http://bl.ocks.org/kevinschaul/raw/8833989/

Multiple Line Charts
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http://square.github.io/cubism/
http://square.github.io/cubism/

Combining Various Charts

Toggle summary Summary of all All dimensions
button dimensions shown separately

e

Context
(non-genetic)
datasets

Dimensions

_ ..—_-_ Sorted
_— = by this row

Multi-mapping
of gene family

Collapsed
incoming node

outgoing
nodes Groups of same dataset Different Datsets



Scatterplot Matrices (SPLOM)

Matrix of size d*d . g i
S |ks L KL B
/ s "8 e’ . ;t .

Each row/column is one VA il s
dimension Fooll S

Each cell plots a scatterplot of 1w / )
two dimensions ¥ ..-


http://bl.ocks.org/mbostock/4063663

Scatterplot Matrices

Limited scalability (~20
dimensions, ~500-1k
records)

Algorithmic approaches:

Clustering & aggregating
records

Brushing Is important Choosing dimensions

Often combined with “Focus
Scatterplot” as F+C
technique

Choosing order



SPLOM Aggregation - Heat Map

Interactive Binned Scatterplot Matrix Dimensions: 5 v Bins: 20 v Data Points: 100k v
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Datavore: http://vi nfor r vor lom

Powered by Datavore and D3


http://vis.stanford.edu/projects/datavore/splom/
http://vis.stanford.edu/projects/datavore/splom/

Displacement

NP CYliDis.

240

197
g

baad Lo
1 - i8>
t: 1]

UUB.&EEhhﬁ'tHf

o0 ® wee
%4 1 4 ¢

®8.0 gt
3 . =k'
- ® o

?
uy :
0 ;
o
: 20

—rs

102 128 153 179
Horsepower

204

-

SPLOM F+C, Navigation

20

'
- -

[EImqvist]


https://www.youtube.com/watch?v=2bYIRcO-gwg
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lexible Linked Axes (FLINA)

(d) Hyperbox (e) Time Wheel (f) Many-to-many PCP

Claessen & van Wijk 2011



Web-based implementation of
FLINA concept
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http://vis.pku.edu.cn/mddv/val/



http://vis.pku.edu.cn/mddv/val/
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Domino

origin  ARTISTS Australia Europe North America studio_alt_gyms (count) first album (year)
O R continent = & :
Barbados Rihanna L] L] - . : ’*
Ireland | u2 B - v, 1992
Sweden ABBA _ - ~ o * * | Whitney Houston ]
UK Elton John Va 1971
The Beatles [] _ —

. number one h|ts
Whitney Houston

The Black Eyed Peas |
Britney Spears — /

i / start of
Us Eminem | 1930 1950 | | 1971 | 19922014
Michael Jackson 4 ) S \ o _~ career (year)
Madonna ] /
Elvis Presley I _inactive actlve N\
n
2y 5.8282 |8 N R coreer status
S >0 5588 cvin® .
5 5S23CE IS |5 E COUNTRIES ~ B | BB inbusiness at first album
2 CT P2 3
< n O 2
sold albums (absolute)
I N A ooror
| VJJJJJ I JTJ 1J male group female inactive gender N inactive
I |5 Countries o | e — ] -
: : : } | | population (million) A
Artists 0 12 BB 573 106 154 203 252 310
Countries|ll 1 12 — 1

Gratzl et al. 2014


https://www.youtube.com/watch?v=bm59Y8QYbAQ

Data Reduction
Sampling Filtering

Don’t show every element, show a Define criteria to remove data, e.g.,
(random) subset minimum variability

> / < / = specific value for one dimension

Efficient for large dataset

consistency in replicates, ...

Apply only for display purposes Can be interactive, combined with
Outlier-preserving approaches sampling

[Ellis & Dix, 2006]
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Filter Example

Time of Day

0 2 4 € 8 10 12 14 18 18 20

-~

P4

1
24 -£0 -40 -20 0

Arrival Delay (min.)

llﬂ

20 40 €0 80 100120140 0 200

Distance (mi.)

400 €00

T = =

800 1000 1200 1400 1800 1800 200

Jan 07 Jan 14

March 31, 2001
10:57 PM MSY
09:33 PM BWI
09:30 PM TPA
09:29 PM BWI
09:10 PM LAS
09-:02 PM MSY

Jan 21

HOU
PVD
PBI

PVD
PHX
HOU

Jan 28

Feb 04

Feb 11

303 mi.
328 mi.
174 mi.
328 mi.
256 mi.
303 mi.

Feb 18

Feb 25

+29 min.
+64 min.
+30 min.
+20 min.
+53 min.
+26 min.

YC

Mar 04

Mar 11 Mar 18 Mar 25 April

37.336 of 231,085 flights selected.

filter


http://square.github.io/crossfilter/
http://square.github.io/crossfilter/

Pixel Based Methods



Pixel Based Displays

Each cell is a “pixel”, value
encoded In color / value

Meaning derived from ordering

If no ordering inherent, a
clustering is used

Scalable — 1 px per item
Good for homogeneous data

same scale & type

_
[Gehlenborg & Wong 2012]




3D Pitfall: Occlusion & Perspective

-

Which one is the tallest bar?
What is the pattern in the data!?

[Gehlenborg and Wong, Nature Methods, 2012]



3D Pitfall: Occlusion & Perspective

Which one is the tallest bar? P
What is the pattern in the data!? 0 1

[Gehlenborg and Wong, Nature Methods, 2012]



Heterogeneous Data?

Proneural Neural Classical Mesenchymal
I

TP53  mut m.

IDH1T  mut

ge
PDGFRA cn

mut

ge
EGFR cn

mut

ge
NF1 cn

mut

ge
CDKNZ2A

cn

WT mut

-
N

n Copy Number

Gene Expression Mutaton ~ TP53LOH  EGFRuvIII high level amplification
low level amplification

normal copy number
hemizygous deletion
homozygous deletion

[Verhaak 2012]
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Good Color Mapping




Color isrelative!




Clustering

Classification of items into “similar”  Hierarchical Algorithms

bins T ,
o Produce “similarity tree” —
Based on similarity measures

dendrogram
Euclidean distance, Pearson _ _
correlation, ... Bi-Clustering
Partitional Algorithms Clusters dimensions & records
divide data into set of bins Fuzzy Clustering
# bins either manually set (e.g., k-
means) or automatically determined allows occurrence of elements

(e.g., affinity propagation) IN multiples clusters



Clustering Applications

Clusters can be used to
order (pixel based techniques)
brush (geometric technigques)
aggregate
Aggregation
cluster more homogeneous than whole dataset
statistical measures, distributions, etc. more meaningful



Clustered Heat Map
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[Lex, PacificVis 2010]


https://www.youtube.com/watch?v=8SV3Id_lvNY

Cluster Comparison

APOAS
HSL11B1
ARHGDIB




Aggregation
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Design Critique
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Dimensionality
Reduction



Dimensionality Reduction

Reduce high dimensional to
lower dimensional space

Preserve as much of variation
as possible

Plot lower dimensional space

Principal Component Analysis
(PCA)

linear mapping, by order of variance
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PCA Example - CS 171 Project
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[Mercer & Pandian]


http://mu-8.com/
http://mu-8.com/

Multidimensional Scaling

Nonlinear, better suited for
some DS

Popular for text analysis .
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[Doerk 2011]



Can we Trust Dimensionality Reduction?

Topical distances between departments in
a 2D projection

Topical distances between the selected

Petroleum Engineering and the others.

((]‘n/n'n:l'“’
Mediof .
- ".'Qn r'
o tn =
r_,c'.‘e..
...\,Cl'l.
o

Pati@oqgy C'] -
Ge@ics
. _ PhySigle@ology E"g'
. @Pcology Medicine @n/Pharm Bio@@em. )
Microbi@a Immu. e g
nv.
MediBine sifiay Cl‘g'
Cor.Sci.
5@ —
Pdych
L G
Neu@®bio. Petrt.Eng.
Cell @logy
http:/www-nlp.stanford.ec

[Chuang et al., 2012]
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