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Overview of Academia Sinica

Founded in 1928
A staff of about 9,000, including approx. 900 Pls
24 research institutes and 9 research centers

Missions:

To undertake in-depth research in sciences and humanities

To nurture young talents

To direct, coordinate and promote research activities to raise the
academic standard in Taiwan
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Academia Sinica



The Institute of Statistical Science was formally
founded on August 3, 1987. The Institute currently
has 31 research fellows, 26 postdoctoral fellows, 50

research assistants, and approximately 26 supporting
staff members in administration and computing.
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OUTLINE

Exploratory Data Analysis (EDA)
Matrix Visualization (MYV)
Generalized Association Plots (GAP)

Future Works?

Continuous
Binary
Categorical
Symbolic
Cartography
Big

11



Exploratory Data Analysis
EDA, John Tukey (1977)

It is important to understand what you
CAN DO before you learn to measure
how WELL you seem to have DONE it.

allow the data to speak for themselves
before standard assumptions or formal modeling

The greatest value of a picture is when it
forces us to notice what we never expected to see.

4 I
Matrix Visualization as an EDA tool for

assisting formal mathematical modeling
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International Statistical Review (2008) Short Book Reviews

Editor: Simo Puntanen
Readership: Researchers and practitioners of almost any field.This

handbook shows hundreds of ways to visualize data by using modern, high-
quality statistical graphics. The articles of 66 authors reveal basics and
backgrounds as well as details and dynamics of this fascinating area, which
should be an essential part of any data analysis or statistical modelling.

The book includes over 500 examples of different graphs, such as
parallel coordinate plots, grand tours, mosaic plots, matrix diagrams,
micromap plots, and linked views. The interplay between multivariate
statistical methods and various graphics is evident in several articles. In
visualizing huge data sets efficiently, the advances in computer hardware
and software have made totally new possibilities available. It is most
enjoyable to see such a large number of specialists sharing their insights of
these methods within one volume. This book really feeds the imagination of
the reader. High-dimensionally recommended!



Handbook of Data Visualization

2 nd ediflon ?

R %4
Han-Ming Wu (Hank)
Tamkang University
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https://maokao.qgithub.io/GAPOnline/
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https://maokao.github.io/GAPOnline/

Topics : Statistical graphics and data visualization

Partl: Data Desk for Interactive Statistical graphics
Partl: GAP for high-dimensional data visualization

Preparation for the lecture @ - -
1. Install Data Desk: Please visit the following website and install Data Desk 30 Day Trial
https://datadescription.com/trial/

2. Install GAP (Generalized Association Plots) GAP 64bit version
http://gap.stat.sinica.edu.tw/Software/download.htm (click the link with mouse right-button)
With the iGAP (interval generalized association plots) software at:
http://gap.stat.sinica.edu.tw/Software/iGAP/index.htm (click the link with mouse right-button)
And here is the link to online version of GAP (for small size data demonstration):
https://maokao.github.io/GAPOnline/

3. Download demo files for Data Desk and GAP at:
http://gap.stat.sinica.edu.tw/Software/download.htm (click the link with mouse right-button)

4. download this handbook as your statistical graphics/visualization reference:
https://link.springer.com/book/10.1007%2F978-3-540-33037-0 19



https://datadescription.com/trial/
http://gap.stat.sinica.edu.tw/Software/download.htm
http://gap.stat.sinica.edu.tw/Software/iGAP/index.htm
https://maokao.github.io/GAPOnline/
http://gap.stat.sinica.edu.tw/Software/download.htm
https://link.springer.com/book/10.1007%2F978-3-540-33037-0

Why Matrix Visualization?

a Taiwan PM2.5 example:

73 Environmental Protection Administration Stations
VS.
8000+ Airboxes

2019.Sep.01(Sun):00 ~ 2019.Sep.24(Tue):16 (519 hours)

20



24-Hour
Average
ug/m3
0.0-12.0
12.1-35.4
35.5-55.4
55.5 - 150.4
150.5 - 250.4
250.5 - 350.4

350.5 - 500

Index
Values

0-50

51-100

101 - 150

151 - 200

201 - 300

301 - 400

401 - 500

AQI Category

Good

Moderate

Unhealthy for
Sesitive Groups

Unhealthy

Very Unhealthy

Hazardous

Time series line-plots vs matrix visualization (Airbox PM2.5)

1 airbox

2019-09-01_00

10 airboxes

100 airboxes

=3

Zoomed in 0~50

3592 airboxes
=3

Zoomed in 0~100

2019-09-01_00

519 hours

519 hours

2019-09-24_16

2019-09-24_16



Matrix visualization (MV)
for
Exploratory Data Analysis (EDA)




Continuous X

(CSDA 2010)

<=

<=

Categorical X /

F

Modules of GAP

Matrix Visualization

for

PV

pxp

X

nxp

PS

nxn

Cartographical X

l

Symbolic X
(CSDA 2014)
—
Covariate Adjusted X
—)
2?7?77 X
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Generalized Association Plots (GAP)

ERCRE

n (1899) samples

(58) variables
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A. Rank

Data Matrix

Continuous

Ordina
Binary
Nomina

Symbolic

1899

1

large

small

B. Correlation C. Distance
Sy . 1 O - . 95
negative positive small large

10626

1.Presentation £# 4.Summary

» GAP ﬁ

2. Permutation k4 3- Pa"'*”'°




Some essential elements in a GAP MYV procedure

—& RRMHE ERATIL HERAER

3. Proximity
(Variable p * p)
% B MR JE R
Contin, Ordinal,
Binary, Nominal

4. Permutation 3t 5
(variable)

5

S

1. Data Matrix
ErlsEfE
(n* p)

(w/ Color coding)
Continuous
Ordinal
Binary
Nominal

(N Bl

2. Proximity Matrix for Subject
ZNHES R
(n* n)

1% %% A Continuous
A & Ordinal
— ;A Binary

4% B A Nominal




Results on different seriation methods on rows and columns

Treat the Original orders
La Gioconda |
as a data matrix

Purpose of Permutation:

« present data structure

« allow the data to
speak for themselves

* notice what we never
expected to see

» place columns/rows
with close proximity
together with each
other (relativity of a
statistical graph, Chen
2002)

Randomize
Permutations

We shall call this concept of placing similar (distinct) objects at positions 26
close to (far away from) each other in a plot for representing the association
structure the concept of relativity of a statistical graph.



-1 +1
| . -l
Pearson Correlation

Original Orders

8
N

Grey Level

196

0 max
e -
Euclidean Distance
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-1 +1
m |
Pearson Correlation

Rank 2 Elliptical Seriation col

8 196
E

Grey Level

0 max
m -
Euclidean Distance

28



-1 +1
m |
Pearson Correlation

Rank 2 Elliptical Seriation row

8 196
E

Grey Level

0 max
m -
Euclidean Distance

29



-1 +1
m |
Pearson Correlation

Rank 2 Elliptical Seriation row/col

8 196
E

Grey Level

0 max
m -
Euclidean Distance
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Single Linkage by Uncle

8
N

Grey Level

196

max
|
Euclidean Distance
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r max
) il "'m IA11 Ll b el L i . - .
i Euclidean Distance

8 196
Centroid Linkage by R2E E
Grey Level



Statistical Approach

Identify Global Trend: Singular Value Decomposition

Chen 2002,
SVD Alter O.etal | o 1 tica Sinica

2000, PNAS | pank 2 Elliptical

N

% T

T AN . . ’ Ly
t-'..-." t . LR
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Statistical Approach: | Tree seriation & flipping
Identify Local Clusters of intermediate nodes

(a)
Different Seriations (Ordering of Terminal Nodes or
Leaves) Generated from Identical Tree Structure

ABCDE

(b)

f
g

ideal . . . many
m model 1 flip 3 ﬁlps 5 flips flips

external and internal references
2n-1=25-1=16 for guiding flipping mechanism

Eisen et al. (1998)




Approaching Statistics & Statistical Approach

HCTRroe

-1 0 +1
(c) Correlation

-8 I:1 48 -1 0

+1 8 L1_+8 +1

(a) Expression (b) Correlation (a) Expression (b) Correlation

Hierarchical Tree Seriation GAP Elliptical (R2E) Seriation Tree guided by (R2E)
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GAP for Heritable (Genetic) Disease: Schizophrenia (National Taiwan University)

Psychiatry Research (1998) Lin, Chen et al.
Psychopathological Dimensions in
Schizophrenia: A Correlational Approach

to Items of the SANS and SAPS

Admission

Correlation Coefficient

050 05 1
Average Correlation

Negative Disorg.  Host!

6 month

Correlation Coefficient

105 0 0s 1

Host/ Del "

Average Correlation ’
Excit._Hall. AT

Negtive
Symptoms

Disorganized

Corr.

Thought

Hostility /
1 Excitement

Delusion
Hallucinati

15 10
Average Euc lidean Distance

PANSS Score

123 4567

PDHG1
(n=14)

MBG
(n=50)

PANSS Score

123 4567

Admission Hwu et al.
Schizophrenia Research (2002)
Symptom Patterns and Subgrouping
of Schizophrenic Patients:
Significance of Negative Symptoms
Assessed on Admission

6 month Liu et al.

J. of the Formosan Med. Ass.
Validity of a 3-Subtype Model of
Schizophrenia: Symptomatology,
Social Function, and
Neuropsychological Impairment

Schizophrenia Research
(2013) Liu et al.
Development of a brief

J. of the Formosan Med.
Ass.(2008) Yeh et al. Factors
Related to Perceived Needs of
Chief Caregivers of Patients

Genes, Brain and Behavior (2009) Lin
et al. Clustering by neurocognition for
fine-mapping of the schizophrenia
susceptibility loci on chromosome 6p

PLoS ONE (2011) Lai et al.
MicroRNA expression aberration
as potential peripheral blood
biomarkers for schizophrenia

self-report questionnaire for
screening putative pre-
psychotic states.

with Schizophrenia

Absolute Random Error Coefficient

I comforting the aggravating patient

assistant to the aggravating patient
|| transport of the aggravating patient to service setting
||} financial aid
_ ||l general psychological/practical support
] || coping with medical team
_ |Junderstanding diagnosis and treatment
_ |lidentifying early signs of relapse
| | __|Junderstanding mental health laws
] || general social acceptance
| ] | occupational therapy
| ] ] _ |Isheltered working facilities
A | ] Ind\icc on intimate relationship for patient
i I [ /-1 =1 T Mlifelong custodial care for patient
02040608 1Need Need Need  Need
cluster for cluster for cluster cluster
assistant  accessing  for for
topatient torelevant societal burden

care information support release




GAP for Heritable (Genetic) Disease: Alcoholism (National Taiwan University)

Scientific Reports (2017) Yang, Chen et al.
Using an Event-History with Risk-Free Model to Study the Genetics of Alcoholism

37



GAP for Cancer Study: Non—Small Cell Lung Cancer (National Taiwan University)

Journal of Clinical Oncology 23 (2005) || Cancer Research 66 (2006) The New England Journal of Medicine 356 (2007) A
Tumor-Associated Macrophages in Non—Small Cell Lung Cancer with Tumor | Five-Gene Signature and Clinical Outcome in Non—
Cancer Progression ~ Chen J. J. et al. Cell Invasiveness  Sher Y. P. et al. Small-Cell Lung Cancer Chen H. Y. et al.

GAP for Infectious Disease: SARS GAP for Endophenotypess

BMC Genomics 6 (2005)Molecular signature of : : :

clinical severity in recovering patients with (SARS- Gefcettc Epidemiology 30 (2006)

CoV) LeeY.S. et al. (Chang Gung Hospital) Using endophenotypes for pathway

clusters to map complex disease genes
Pan W. H. et al. (Academia Sinica)




GAP for Comparative Metabolome: Chinese Herbal Medicine
Drs. Ning-Sun Yang, Lie-Fen Shyur, Wen-Chin Yang
Agricultural Biotechnology Research Center (ABRC) of Academia Sinica

BMC Genomics 9 (2008)
Genomics and proteomics
of immune modulatory
effects of a butanol fraction
of Echinacea purpurea in
human dendritic cells
Wang et al.

RiER

Phytochemistry 70 (2009) Anti-diabetic
properties of three common Bidens
pilosa variants in Taiwan

Chien et al.

Journal of Nutritional
Biochemistry 21 (2010)
Comparative metabolomics
approach coupled with cell-
and gene-based assays for
species classification and anti-
inflammatory bioactivity
validation of Echinacea plants
Hou et al.

BMC Complementary and
Alternative Medicine 13
(2013) Morus alba and active
compound oxyresveratrol exert
anti-inflammatory activity via
inhibition of leukocyte
migration involving
MEK/ERK signaling.

Chen et al.




GAP for 1. Protein-Protien interaction in cross-talk pathways

2. Therapeutic drug screening; 3. Chinese Herbal Medicine
C-Y F. Huang, Nat’l Yang-Ming Uniyv.

°
9

B 5 ! z’iﬁﬁiiﬁi Evidence-Based Complementary and Alternative
(B) : 215 (O) Medicine (eCAM) (2015) Gene expression profiling and
S . oo pathway network analysis predicts a novel anti-tumor
g ig%%é function for a botanical-derived drug, PG2. Kuo et al.
L 1.612_15
5 I 1 %g%%{g Open Access Scientific Reports 1 (2012) In

silico Therapeutic Drug Screening for
Reversing the Lung Adenocarcinoma
Overexpressed Gene Signatures. Kuo Y. L. et
al. (Nat’l Yang-Ming Univ.)

Molecular and Cellular Proteomics 12
0 (2013) An analysis of protein-protein

Relative Expression

interactions in cross-talk pathways reveals
CRKL as a novel prognostic marker in
hepatocellular carcinoma. Liu et al.

GAP for Symptom
patterns & phenotypic
subgrouping of
women with Polycystic
Ovary Syndrome

(NTU)

Human Reproduction

30 (2015) Symptom
patterns and phenotypic
subgrouping of women
with polycystic ovary
syndrome: Association
between endocrine
characteristics and
metabolic aberrations.
Huang et al.




Matrix visualization
of binary data
(GAP approach)




Essential elements in a GAP MV procedure?

Continuous Binary
Correlation 3. Variable
. Proximity
Covariance ()
o
1. Color 2. Subject
Coding Proximity
7 7
Euclidean Distance

Manhattan Distance ——

Correlation ...

42



Why Matrix Visualization (binary)?

Graphic tools for high-dimensional continuous
data visualization dimension reduction

1 o {
Parallel
Coordinates
Plot (PCP)

() o 4t—Pot—hpot—>»o

X1 x2 x3 x4

Mosaic Plot (Display)

Scatter-plot
Matrix (SM)

o DDA DD DDA~ D
i i i i
12 12 12 12

o DDA T D~
i i i
12 12 12

= DR < D
i i
12 12

> D

i

12




Tzeng et al. (BMEI2009) Commonly used similarity
(IEEE Xplore Digital Library) coefficients for binary data

Similarity Formula
Ochiai ¢
V ((a+0d)(a+c))
Phi ad — be
Similarity Formula Vi(a+b)(a+c)(d+b)(d+c)
Rao -
a+b+c+d

a-+d

Rogers
a-+2b+2c+d
a-+d

simple match ot d
a c

a

S;
Hpson min (a + b, a + ¢)
Sneath -
a+ 2b+ 2c
d — be
Yule “ ¢

ad + be



Identification of Salmonella Serotypes with Pulsed-Field Gel Electrophoresis (PFGE) Fingerprints
Wen Zou, NCTR 1390 patterns
from 12 less frequent serotypes.
CDC PulseNet from 2005~2010.
60 different sizes of bands (PFGE:
Pulsed-field gel electrophoresis)

Jaccard:
a/(a+b+c)

12 serotypes |t
Anatum hi
Bareilly

Derby
Hartford
Litchfield

Panama

Schwarze
Senftenbe

serotypes / size random / random

R2E / R2E HCT-R2E / HCT-R2E




Matrix visualization
of nominal data

Example:
Classification of Animals Data
Shizuhiko Nishisato 2006




Shizuhiko Nishisato, 2006 A typ|Ca| nOminal data
Classification of Animals
o] Alligator %) Dog %]  Leopard
35 anl.mals Were sorted fE Bear i Duck % Lion
into piles of similar
. BR By | Eleph 2 Li
animals by 15 students 5%  Came % ephant W% Lizard
(a university in it Cat INIE  Fox k% B Ostrich
Nishinomia, Japan) %  Cheetah F#  Frog %  Pig
Jit. & Sparrow b33 Chicken K 58 & Giraffe 48  Pigeon
X, Tiger L4 Cow L ¥ Goat % Rabbit
#  Tortoise #5 Crane JE Hawk /% f& Racoon
K # Turkey Z J24Z Chimpanzee 7%  Hippopotamus /& “f Rhinoceros
%  Monkey &8  Crow 5 Horse ¥  Snake

47



A zoo keeper
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iﬂg\%i S1 [S2]S3 sS4 S5 S6 S7 S8 S9 S10 S1I SI2 SI3 SI4 SIS

I I ¢& & Alligator sl 116 9 6 1 3 4 1 4 3 4 3 6 4

A typical nominal data T sE b2 6 1 3 4 1 4 3 4 3 6 4

g8 5  Camel 41319 3 1 4 3 5 4 2 5 1 171 1 8

Shizuhiko lehlsato, 2006 %) Cheetah 3317 4 0 13 5 4 3 6 1 6 2 2

#%  Chiken 71214 1 2 5 7 1 5 1 1 3 8 4 1

Classification of Animals ¥ 2% Chimpanzee 5[3]5 7 5 2 4 4 2 2 6 4 3 6 6

4  Cow 113]9 6 1 1 3 5 3 4 1 1 4 5 8§

) Crane 71214 5 2 5 5 1 5 1 2 3 8 4 1

35 animals were sorted into | 2% G fa2le s 2 s s L5 1 2 38 41
i 0g

: - : 7% Duck 7924 1 2 5 5 1 5 1 2 3 8 4 1

piles of similar animals by 15 | < — ot 2 s s 18 1 2 3 8 4 1

. . . 2 Fox 6|37 4 o 1 6 2 3 3 3 1 4 3 5

students (a university in %% Frog s|1 13 2 3 3 2 3 1 4 4 2 1 1 3

. . . &% & Giraffe 1] 3 8 3 1 4 3 5 4 2 5 1 7 171 8

NIShanmla, japan) b¥  Goat 3139 6 1 4 6 5 3 3 1 1 5 3 5

R Hawk 71214 5 2 5 5 1 5 1 3 3 8 4 1

7% Hippopotamus 4316 6 6 4 3 3 4 4 5 1 71 71 2

H %  Horse 6|39 6 1 2 3 5 3 3 1 1 5 5 8

How to proceed with % Leopard 13177 4 o 1 3 5 4 3 3 1 6 2 2

. . . %  Lion s3] 7 4 6 1 3 5 4 3 3 1 7 2 2

data visualization ? W% Lizard 213 2 3 3 2 3 1 4 4 2 2 1 3

% Monkey 6|31 5 7 s 2 4 4 2 2 6 4 3 6 6

How to see data ? # 8  Ostrich 3214 1 2 5 3 1 5 1 5 3 8 7 8

) #  Pig 1§39 6 1 1 6 5 3 3 1 1 5 5 5§

a5 Pigeon 71214 5 2 5 5 1 5 1 2 1 8 4 1

%%  Rabbit 6|31 6 0o 4 6 2 3 3 1 1 5 3 5

What about %M Racoon 6]3] 7 10 4 1 6 2 3 3 3 1 4 3 5

B4  Rhinoceros 41315 6 6 4 3 5 4 4 5 1 1 1 2

3500 I 9 5 Snake 8113 9 6 3 2 3 1 4 4 2 2 1 3

samples?’ oSk

_ % Tiger s3] 7 4 0o 1 3 5 4 3 3 1 ¢g2 2

1500 variables? &  Tortoise sl1 3 9 3 3 2 3 1 s 4 2 1. 1 3

¢ X%  Turkey 7214 1 2 5 7 1 5 1 1 3 8 4 1




20- Uni-variate Display

Bar-Chart
Pie-Chart

151 S2 () s12

10-

51 [ | -

<

1 2 3 1 2 3 4

JTRE | JEFT = JTRE | EfT B ER? 50
Amphibia Reptilia Aves Amphibia Reptilia Aves Primates ?

0-



15 students

15 categorical
variables

15 bar-charts



How to visualize the association between two categorical variables ?

S2 (3)

S12 (4)

52



Bi-variate Display

Mosaic Display

4. Primate?

3. Aves

2. Reptile

1. Mammal

1. Reptile 2. Aves

3. Mammal

53



Some essential elements in a GAP MYV procedure

Continuous Nominal
: ' & | 3. variable
Correl.atlon Proximity
Covariance ()
o
1. Color 2. Subject
Coding Proximity
? ?

Euclidean Distance
Manhattan Distance ————
Correlation ...



AO0_Dog
Al_Alligator
A2_Chimpanzee
A3_Cow

A4 _Crow
A6_Cheetah
A7_Chiken

A8 Bear

A9 _Cat

BO_Rabbit
B1_Frog

B2_Goat

B3 _Tiger
B4_Rhinoceros
B5_Giraffe
B6_Duck
B8_Hippopotamus

B9_Monkey

CO_Turkey
C1_Pig
C2_Crane

C3_Leopard

C5_Lizard
C6_Horse
C7_Racoon
C8 _Tortoise

C9_Snake

DO_Lion
D1_Elephant
D2_Camel
D3_Hawk

D4_Fox



Matrix visualization
of nominal data

Example:
Mushroom Data
UCI Machine Learning Repository




UCI cZ 3™

Machine Learning Repository

Mushroom Data Set
Download: Data Folder,

Data Set Description

Abstract: From Audobon Society

Each species is identified as
definitely edible (7T BA=%),
definitely poisonous (& # ),

or of unknown (R #£ &)
edibility and not

recommended. This latter

Field Guide; mushrooms dgsc_:ribed in class was combined with
terms of physical characteristics;

classification: poisonous or edible

the poisonous one.

Data Set

Characteristics: Multivariate Number of Instances: | 8124 | Area: Life
Attribute : . . 1987
Characteristics: Categorical Number of Attributes: | 22 Date Donated 04/27
Associated Tasks: | Classification | Missing Values? Yes | Number of Web Hits: (48017

Origin: Mushroom records drawn from The Audubon Society Field Guide to North

American Mushrooms (1981). G. H. Lincoff (Pres.), New York: Alfred A. Knopf

Donor:

Jeff Schlimmer (Jeffrey.Schlimmer '@' a.gp.cs.cmu.edu)

Data Set Information:

This data set includes descriptions of hypothetical samples corresponding to 23
species of gilled mushrooms in the Agaricus and Lepiota Family (pp. 500-525).
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ECAGE
A 18 F JE
48 K
LRy A
SRIZEIN
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cap shape
cap surface
cap color
bruises
odor

gill attachment
gill spacing
gill size

gill color
stalk shape
stalk root

3% k7 #5 % & stalk surface abo
3R T 7 #5+% & stalk surface belc
3% k7 4% 38 & stalk color above
% T 7 4% 38 & stalk color below

B JE A 2
WA e
¥
RA
R E
W #E
A

veil type

veil color

ring number
ring type

spore print color
Population
habitat


http://archive.ics.uci.edu/ml/machine-learning-databases/mushroom/
http://archive.ics.uci.edu/ml/machine-learning-databases/mushroom/agaricus-lepiota.names

edible

000

deadly

 choiceg

58



‘cap-shape

convex bell-shaped conical knobbed flat sunken

cap-surface

smooth velvety hairy or fibrous  raised scales flat scales

ring-type

http://www.english-

online.at/biol ogy. /mushroom pendant flaring .sheathing double cobwebby ring zone
s/mushrooms-and-fungi.htm gill-attachment _
19191919149
gill-spacing v s i T e -

stalk-shape/root

distant

crowded "
equal club shaped bulbous  With cup (volva)  rooting with rhizoids



spore-print-color 1 cap shape
2 cap surface

3 cap color
delicious 4 bruises
. 5 odor
edible _
6 gill attachment
deadly 7 gill spacing
. http://resurrectionfern.typepad.co i i
R m/resurrection_fern/2009/08/not- 8 glll SIz€
all-mushrooms-are-alike.html 9 gl” color

t for food
not for foo 10 stalk shape

11 stalk root

Coniferous forest &k 12 stalk surface above r.ing
13 stalk surface below ring

Broadleaf forest [E5EEI 14 stalk color above ring
15vstalk color below ring
16 vell type

17 veil color

18 ring number

19 ring type

20 spore print color

21 Population

22 habitat

population / habitat

month / season



Kumar P., et al. (2012)

|IJDKP Vol.2, No.5.
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Matrix visualization
for data with
Cartography links

Example:
international organization
membership pattern




Matrix Visualization with cartography links

160 international
Organization

Data:
160 international organization

membership pattern (variables) for

230 countries/regions (subjects)
0. non-member [ | 1. member B

230
countries
(regions)

CIA Political Map of the World
http://www.fags.org/docs/factbook/index.html
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Draw one membership map for each organization (variable)?

1 2 3
4 5 6
7 8 9

..~ 160 maps (?) - - -

158 159 160
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‘Module
(by availab

-~ | _ Currentl
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Matrix visualization with
Covariate adjustment




Approaching Statistics & Statistical Approach

Matrix visualization
with
Covariate adjustment

Example:
Morphological measurements of
Leptograpsus crabs
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GAP with Covariate-adjustment using Correlation Decomposition

total correlation R| = model component M|+ |residual component E

Discrete Rij = |77 n? REL Y oV RYY WABA (Within And Between Analysis)
(Dansereau et al.,1984)

Partial Correlation
- o 2[R "r2 /1_RZR.. -
ContinuousRi; = | \/RZ\/R?Rui +|\/1-R2,\/1-R2 Ry, (Kurowicka, 2000)

e ™ ,~ simple linear regression N\
group means E[X|Y] = X Covinate Xi = Poi + BuY + &
\_ ) ‘ ’ \_ Xj = /303' + B1;Y + € )

p(E[X.AY]tE[leY]) p(X, = E[X,|Y]. X, — E[X,|V])

(X X)) p(Xi X)) ples )
Correlations
for

columns

Correlation
(1) raw data

X (Distance) ;) Giied data

for rows (3) residual data
based on 68

Raw Data



Morphological Measurements
on Leptograpsus Crabs

A. MV for the crabs
data with
covariates.

B. MV With R2E
seriation. with
1st PC attached

C. MV adjusted for
continuous COV
1st PC with R2E

D. MV adjusted for
discrete COV
(species, sex)
with R2E 9



Matrix Visualization for
Symbolic Data (Analysis)

| ——

[

4

for Big Data?
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Edwin Diday Symbolic Data Analysis

Edwin Diday died on April 28, 2023
at the age of 83. He was elected
IS| member in 1985.

Diday, E., 1987. The symbolic approach in clustering and related methods of Data Analysis. In H.-H. Bock
(ed.), Classification and Related Methods of Data Analysis. Amsterdam, North-Holland, 673-684.

Bock, H.-H., Diday, E. (Eds.), 2000. Analysis of symbolic data. Springer-Verlag, Berlin, New York.

Billard, L., Diday, E., 2003. From the statistics of data to the statistics of knowledge: symbolic data
analysis. Journal of the American Statistical Association, 98, 470-487.
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Conventional

: mbolic Data Matrix
Data Matrix Symbolic
Distribution  Histogram Interval
Data Data o Data
Dy, Hy,, Ly
k grouped  concepts
n
individual

samples
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Symbolic Data Analysis (SDA) and Matrix Visualization (MV)

Proximity for Proximity for
Conventional Variables Symbolic (Interval) Variables
(a) , ; (b)
Conventional P P Symbolic
Dat PP PP Int 1
ala Correlation Empirical Correlation nierva
M atI'lX Covafiance Empirical SCovariance: D ata T abl e
xll x12 Tt xlp S | Cl [a“ bll] """ [alp blp]
Xog Xy 7" pr S12 /Cz [a21 b21] """ [a2p b2p] C
S SlnL : ] kak
P S | : k X p Gowda-Diday Distance
nxn S5, Ichino-Yaguchi Distance
X : Hausdorff Distance
. . nx p . Ci [akl bkl] """ [a@ bkp] :
Euclidean Distance Som, | —
Manhattan Distance . Proxmty for
: : Symbolic Concepts
S
Stz
xnl 'xn2 T xnp St

Proximity for Individual Samples

Fig. 1. Diagram for related conventional data matrix and symbolic
(interval type) data table with their corresponding proximity matrices
for samples/concepts and variables.



Essential elements in a GAP MV procedure?

Proximity for Proximity for
Conventional Variables Symbolic (Interval) Variables
(a) T / (b)
Conventional P Symbolic
pPxp
Data e Interval
mpg%ca orre. .atlon
Matrix Frpreaitovnizmee - PData Table

S | G [all b11] """ [alp blp]

S.lz /Cz [a21 b21] """ [a2p b2p] C

s 1ny | : ] kak

Sy | : kx P Gowda-Diday Distance

S5 Ichino-Yaguchi Distance
: Hausdorff Distance
' Ce [akl bkl] """ [akp bkp] :

Som, | ..
. Proximity for
. Symbolic Concepts

Sk1

Sk

S|

Proximity for Individual Samples



Proximity matrix for interval (range) variables

The empirical covariance function between /; and I;is given by

The empirical correlation coefficient between /; and I; is given by



Proximity matrix for concepts with interval variables



Fig. 3.

Color-coding scheme
for interval-valued
symbolic data

using the

Bats example.

(a) Matrix condition.
(b) Column condition.



Fig. 5. 60 Meteorological Stations in China
in an elevation map (NOAA web page)

Colors for representing related clusters of stations identified from tree
structure in Fig. 6(a) are used to code each of the individual stations and
white outer circle for those stations with number of disagreements 248.
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Fig. 6. (a) Three MV maps sorted by HCT-R2E dendrograms for 12 monthly

CI BoKeTu
C2 HaiLaEr
C3 NenJiang
C4 HaErBin
C5 MuDanlJiang
C6 QiQiHaEr
C7 ChangChun
C8 WuLuMuQi
C9 HuHeHaoTe
CI0 Jiu Quan
CI11 ZhangYe
CI2 YuLin
CI3 YiNing
C14 YinChuan
C15 TaiYuan
C16 LanZhou
C17 TianShui
CI8 ShenYang
C19 HaMi
C20 XiNing
C21] LaSa
€22 DaLian
C23 QingDao
C24 YanTai
(€25 Beiling
C26 BaoDing
C27 TianJin
C28 ZhengZhou
€29 XuZhou
C30 JiNan
C31 XiAn
C32 HanZhong
(€33 Qingliang
C34 NanJing
C35 ZhiJiang
C36 ShangHai
C37 WuHan
C38 AnQing
€39 YiChang
C40 ChangSha
C41 HangZhou
C42 QuZhou
C43 NanChang
C44 WenZhou
C45 ChongQing
C46 GuiYang
C47 ChengDu
C48 KunMing
C49 TengChong
C50 XiChang
C51 YongAn
C52 FuZhou
C53 XiaMen
C54 ShanTou
€55 LiuZhou
C56 WuZhou
C57 NanNing
C58 GuangZhou
C59 ZhanJiang
C60 HaiKou

B HCT-R2E

Dynamical Clustering

Kohonen map
Latitude

January tempe ratu re

February .

March Latitude / Longitude / Elevation ra n g e va ri a b I es
South / West / Low Iil North / East / ngh

April 60 C h I n a

May Empirical correlation 1 m ete oro I (o) g i ca I

June -

sl stations data.
Y span normalized Euclidean Hausdorff distance

August T

September

Interval Data Table
October i 36 (I . 369

November 25 63

December

Longitude
Elevation

FF

Row: 31: C31 XiAn
] HCol: 12: December
Mlnterval: -2.5, 6.3
Midpoint: 1.9
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(b) Midpoint condition range display for 60 China meteorological stations data
Left panel: only temperature intervals with midpoint within the range of (9-25 °C);
Right panel: only intervals with midpoint outside the range of (9-25 °C).



Matrix Visualization for Big Data ?

99.9% of Taiwan‘s population (23,894,394)
were enrolled in National Health Insurance
Program. Foreigners in Taiwan are also
eligible for this program.

The database of this program contains
registration files and original claim data for
reimbursement.




23,894,394 samples

GAP for Big Data?

100,000 variables

—.

?

Conventional
Data Matrix

n individual samples

Scaling

Sampling

Dimension reduction/

Variable selection

Clustering
Summary
(Sufficient Display)
Single value
Interval-type value

Symbolic Data Matrix
Distribution Histogram Interval
Data Data cee Data
k grouped concepts




A Deep Generative Model for Reordering Adjacency Matrices IEEE Transactions on Visualization and
Computer Graphics (2021) Oh-Hyun Kwan, Kwan-Liu Ma, Chiun-How Kao, Chun-houh Chen

GAP modules with deep learning ° Design an encoder-decoder
(a architecture that learns a

13, generative model for matrix
k reordering;

 The model learns a latent
b o space of diverse matrix

b reorderings;

e Build WYSIWYG Interface

o with the Learned Latent

Space.
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(1.3%)
Others

g S
(A) E l"" P ::fgl:::rgz Fig. 1. Variation matrix map and viral
3 SITRETITNE M) 8 strains) strain type. (A) Classified six types with
F ii. Variation Matrix 5 variation matrix map for 6,228 validated
G (6228 strains by 5149 SN\H/S) | §;§§ SARS-CoV-2 viral strains. (i) Color bar for
M e A T classified six types for 6,228 validated
SEyWR »%%1%&\ #"“ 5 strains. (ii) Variation matrix map for 6,228
Ghe o T L [mew Sstrains with 5,643 variation sites. Strains
b Vo - = are sorted by classified strain types in the
= "U  order of V-Ill-I-IV-1I-VI-Others from the
891y ! —— maximum parsimony dendrogram for
s | ! 2 1,932 strains. Nucleotides are listed by
(6.2%) - |mwee | relative positions in the genome with color
: ==l bands indicating their corresponding
! =’ genome regions on the top panel. All
i ik 9,643 nucleotides have at least one
| - 'Eﬁ variation among 6,228 strains. Signature
(3745) 5 mERA variations for each type (and subtypes for
(60.1%)\” = AUS . .
W Type VI) are !la_lbelec_l _W|th_corresp_ond|ng
- -m  type colors. (iii) Auxiliary information for
. sme €achvirus strain on month of data
§ |as collection, continent, country, two strain
= ol types (L, S) defined by Tang et al. (2020,
80 - National Science Review). 88



GAP Applications for Air Pollution (PM, 5) data

Ashouri et al., (2023) An interactive clustering-based visualization
tool for air quality data analysis, Aerosol and Air Quality Research

GAP Application for
Article’s Scientific Prestige (ASP) metric

Chen et al., (2023) Article’s scientific prestige:
Measuring the impact of individual articles in the web
of science, Journal of Informetrics

Kuo, et al., (2022), Visual Analytics of Air Pollution Data with
Machine-Learning-Aided Analysis Workflows, IEEE PacificVis
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Continuous X

(CSDA 2010)

<=

<=

Categorical X /

F

Modules of GAP

Matrix Visualization

for

PV

pxp

X

nxp

PS

nxn

Cartographical X

l

Symbolic X
(CSDA 2014)
—
Covariate Adjusted X
—)
2?7?77 X
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Exploratory Data Analysis
EDA, John Tukey (1977)

It is important to understand what you
CAN DO before you learn to measure
how WELL you seem to have DONE it.

allow the data to speak for themselves
before standard assumptions or formal modeling

The greatest value of a picture is when it
forces us to notice what we never expected to see.

4 I
Matrix Visualization as an EDA tool for

assisting formal mathematical modeling

N J




Thank you /



