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FRIERN 2 (EDA)

HEE MRS A

= EEERAEER (High-dimension Low-sample Size, HDLSS)
#“E E 4r iR s (L Fe 1R

EDARSTY - ) A% 55 ST I F
SRR EE Y
BB

3DENEEE (rglE )
FREHE

ZEBE D # (Singular Value Decomposition, SVD)

F D24 (Principal Component Analysis, PCA)
4 R E )% (Multidimensional Scaling, MDS)
LI ER ST (Isometric Feature Mapping, ISOMAP)
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Exploratory data analysis

From Wikipedia, the free encyclopedia

In statistics, exploratory data analysis is an approach of analyzing data sets to summarize their main

WIKIPEDIA

: characteristics, often using statistical graphics and other data visualization methods. A statistical model can
The Free Encyclopedia

tell us beyond the formal modeling or
hypothesis testing tasE. Exploratory data analysis was promoted by John Tukey to encourage statisticians

to explore the data, and possibly formulate hypotheses that could lead to new data collection and
experiments. EDA is different from initial data analysis (IDA),[1] which focuses more narrowly on checking
assumptions required for model fitting and hypothesis testing, and handling missing values and making
transformations of variables as needed. EDA encompasses IDA.

m  EDA method is generally cross-classified in two ways:
m either non-graphical or graphical.
m either univariate or multivariate (usually just bivariate).

= EDA s an iterative cycle.
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https://www.coursera.org/courses?query=exploratory%20data%?20analysis

courserga exploratory data analy n

2IZ > Exploratory Data Analysis °

« UDACITY:
edX:

"exploratory data analysis'#Y 330 B &R

PR LT

Jeff Leek, PhD
PHELEIAE

o S b Brian Caffo, PhD
HH HH ’ ”” |H B SRS
e e Sy Exploratory Data
Total Unil e i ]:l \: I B f
J JIEHEN Y i Analysis with R
:: l||3r4t N :ltc.ars:'an’:l;mlﬂa:mrkl e ?;r.;um;:;ar:um::atl.r:—.:;amp.:r;r: B - T
ploratery Da nalysis for ploratory Data Analysis Wi ools for Exploratory Da nalysis s
Machine Learning Python and Pandas in Business gﬁﬁ+%ﬂ%ﬁ$ﬁ
. Coursera Project Netwark Mathiarks ®= Johns Haplking University
Exploratory Data Analysisin R Exploratory Data Analysis with Exploratory Data Analysis Roger Peng Yu“ Tuhe ™ =. Roger D. Pang
' Exploratory = = HE  BR OENEE M@ WE % Q

o know = everyune

v @pplpause

sl il £ =

o and °* Jl‘r[] we thank
oul

L you my

Data Analysis

s

Show Multivariate Data

TCET & .

Exploratory Data Analysis
HiRoger Pengisr - 29 BiE4H - BLE708Y ¢ 6450 - INESFEM ¢ 20146875250
>

< 9E +

i Coursera Project Network - Coursera Project Network - Coursera Project Network

Exploratory Data Analysis with
Textual Data in R/ Quanteda

Exploratory Data Analysis Exploratory Data Analysis with

SIS RS UIAE 1 Basic Descriptive Statistics, Seaborn

https://www.youtube.com/playlist?list=PLj TIxb-wKvXPhZ7tQwIROtFjorSj9tUy]
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Lxploring and Explaining Dater with
the Processing Envfronment

Visualizing
Data g

O'REILLY*

ITER § o0

DATA VISUALIZATION
PRINCIPLES AND PRACTICE

SECOND EDITION

ALEXANDRU C. TELEA

Computer Science and Data Analysis Series

Exploratory Data Analysis
with MATLAB®
Second Edition /o

Wendy L. Martinez
Angel R. Martinez
Jeffrey L. Solka

Snmnen TEXTS IN STATSTICS
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Second Edition

MAKING SENSE
OF DATA |

=

A Practical Guide
to Exploratory Data Analysis
and Data Mining

GLENN |. MYATT
WAYNE P JOHNSON

WILEY

GLENN . MYATT
WAYNE P. JOHNSON

Computer Science and Data Analysis Series

Exploratory Multivariate Analysis
by Example Using R

Francois Husson, Sébastien L&,
and Jérome Pagés

MAKING SENSE
OF DATA 11

GLENN J. MYATT
WAYNE P. JOHNSON

(WWILEY




0 Exploratory Data Analysis (EDA) is an approach/philosophy for data
analysis that employs a variety of techniques (mostly graphical) to

summaries for large, complicated data sets.
maximize insight into a data set,

discover underlying structure, patterns, features, trends, outliers, anomalies, and
relationships in data .

refine your questions and/or generate new questions about your data.

helps determine how best to manipulate data sources to get the answers you need,
extract important variables,

investigate the quality of your data: detect outliers and anomalies (detection of mistakes),
determine if the statistical techniques are appropriate,

test a hypothesis, or check assumptions in statistical models,

develop parsimonious models,,

determine optimal factor settings,

determine relationships among the explanatory variables, and outcome variables

Interaction between the researcher and the data.

Identifying the areas of interest.

= You should always look at every variable - you will learn something!
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"An approximate answer to the right question is worth a great deal more
than a precise answer to the wrong question."

HEEINER

n SEAAPRIRE I IEEIR(FFT) -

m EliEbit (iIyv) & software(Ekis

n ERMUERDHT (Exploratory Data Analysis, EDA, 1977)
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Source: http://www.unige.ch/ses/sococ/cl/bib/eda/tukey.html
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Danlel Borcard, Francois Gillet, Pierre Legendre (2011):
= A first exploratory look at the data can tell much about them.

= Information about simple parameters and distributions of variables is

important to
consider in order to choose more
advanced analyses correctly.

= EDA is often neglected by people who are eager to
jump to more sophisticated analyses. It should
have an important place.

Source: google images

http://www.hmwu. idv.tw
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VlSllallzatIOIl: Making things/processes/abstractions visible (to transform into pictures) that
are not directly accessible by the human eye.

Visualization = Graphing for Data + Fitting + Graphing for Model
FEANREERE (O-E3E-4 )

task

questions, goals

TE ﬂi]—- s processing

(B BT data algorithms image

s B3 physical data type S
:H'*’l%) conceptual data type visnal channel

. graphical marks
mapping

domain visual encoding
metadata

semantics

conventions

https://geekplux.com/2017/01/01/basics-of-data-visualization-the-process-model.html

R BUEHIAE | A ERR R LR

https://www.inside.com.tw/2015/07/10/telling-the-story-of-your-data
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m Scientific Visualization:
n DIEBANRIBRIBE R (RALAI4E1E: IR -
e )  EREBXENUERN R -
RBAFIUC EFRRE -
s BRERYIBNEIB(ALE - 3K - o FSLEERS) -
s BEESSATRIBSMES(L - flu: Bae . gee . |
BEGEYETHENZEZRS In'lc.r.oduction 73
= Information Visualization: \S;Siegf_if:t_on
ISuallZatl
n BRIBHZEE - FFEBEHNERNES Bl AKRBEEH -
(BB BN AIFEBMUE R - BIlERIEHE « HIBE -
BRiERE ~ XK SAS Visual Analytic
s SEIXBEZIRDINEALERREA - e
Blan: AARE ~ BEE - REE - BikESE -
= Visual Analytics:
s NMABHNEENHEETOTEIENRIE -
n BUEESNIEESNMEREE  DIRERIAEE -
FBEGEELCGE T E  BREERNAVERHERANKE
M E S0 ZIBMNEE -

Mchetulis Wespra Teesin
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8"’ DEEGoogle+ | W SEZTwitter

Tweets Tweets & replies Media

Donald J. Trump ¢
BRABIE A IEEAMESOES . SR T5E A - (B / B8 EE MRS

HEEAAMTEESEASEERN/ = (Donald Trump) {_EEIEAL BE2E
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Donald J. Tru
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C
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Donald J. Tr
Heading to
talking abc

Todd Vaziri W Follow
@tvaziri
Every non-hyperbolic tweet is from iPhone (his staff).
_ Every hyperbolic tweet is from Android (from him). =zh|

3:20PM -6 Aug 2016

4+ 19620 W 13227

Twitterd & 2218 ) || & #32 AlI2E BiPhone B Android F#ln » BB v ASEARTNE - (

&l / #i#EDZone)
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- EEEERESS - BRI AEEEE

. Donald J. Trump *
@ realDonaldTrump

W Follow

"@trumplican2016: @realDonaldTrump @DavidWoh! stay the
course mr trump your message is resonating with the PEOPLE"

12:00 AM - 28 Jul 2018 —*JH%&E@} . \%‘%ﬁﬁ ] ’Z‘J‘Bfﬁmlinkl?iﬁ

+ 136751 V24843

#[E F//Link

Whether tweets start with a quotation mark ()
EES[5R

BER/Lin

~

RES|98

Donald J. Trump © W Follow

& reaDonaid Trumg

mE R
fiELink 2

10:18 PM - 8 Aug 2016 - Windham, N, United States
& B E06G W 203N 200+

k-]
Thank you W Nirw pahire! FTrumpP 18 IMAGA g

ZARNY

Mol quoted
Ouoted Donald J. Trump & ¥ Faliow
@rmaonald Trump
The media is going crazy. They totally distont so many things on
purpose. Crimea, nuciear, “the baby” and so much more. Viery
deshonest!
531 PM - 7 Aug 2010 -

& G150 a0z

NEHE B L RInkEURE R GIAT) - 2RBiPhonefi B E AE » EHE A - (B
/ ElEDZone)

%‘ﬁ”ﬁﬁ%,ﬁ@”f‘;%‘www‘HW%‘i%W%WWWHW”W”W

i=
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#crookedhillary =
. #imwithyou =
0 50 100 #votetrump -
Occurrences ‘W""ﬁ:
Firump2016
NEECE AT - (B / #iEDZone) T - - - o = —
| Android | iPhone M%ww% .

AndroidIE3EIE > EiPhonelE 3l E AEMELE - (B / EliEDZone)
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DZOr'\e, Big Data Zone Over 2 million developers have joined [

REFCARDZ RESEARCH WEBINARS Agile Al Big Data Cloud Database DevOps Integration 10T Java Microservices Open Source Performar

DZone » Big Data Zone » Text Analysis of Trump's Tweets Confirms He Writes Only the (Angrier) Android Half u

Text Analysis of Trump's Tweets Confirms
He Writes Only the (Angrier) Android Half

Using R (particularly the twitteR package) author David Robinson tests the theory that the
tone of Donald Trump's tweets depends on which device it was typed on.

3 by L

I Like (38) @ Comment(2) %% Save W Tweet @ 22.88K Views

https://dzone.com/articles/text-analysis-of-trumps-tweets-confirms-he-writes

the majority of the tweets from the iphone are fairly
benign declarations. but consider cases like these, both
posted from an iphone: the dataset

first, we'll retrieve the content of donald trump’s timeline using the usertimeline function in the twitter

Donald J. Trump - Follow package:

@realDonaldTrump

-

library(dplyr)
library (purrr)

&)

Like the worthless @ NYDailyNews, looks like @ politico will be
going out of business. Bad reporting- no money, no cred!
8:00 AM - 10 Feb 2016

+ t¥2146 W6,963

w

library{twitter)

# you'd need to set global options with an asuthenticated app

setup_twitter oauth(getoption("twitter consumer key"),
getoption("twitter consumer_secret’),
getoption("twitter access token"),

getoption{"twitter_access_token secret”])

— # we can request only 3200 tweets at a time; it will return fewer
Donald J. Trump W Follow
@realDonaldTrump —

# depending on the api
trump_tweets <- usertimeline ("realdonaldoruwp”, n = 3200)

[T S - N, S

-

trump_tweets_df <- thl_df (map_df (trump_tweets, =as.data.frame))
Failing @NYTimes will always take a good story about me and
make it bad. Every article is unfair and biased. Very sad!

12:11 PM - 20 May 2016 - United States, United States

+ 13782 V12463

-

# if you want to follow alony without setting up twitter suthentication,
# just use my datasget:

w o

loadjurl("http://varianceexplained.org/files/trunp tweets df.rda"))

http://www.hmwu. idv.tw




It is not about "infographics”, the beautiful, heavily customized products of expert graphic

designers.

= Data visualization can provide clear understanding of patterns in data, detect hidden structures in

data, condense information.

= Anscombe's quartet comprises four datasets. They were constructed in 1973 by the statistician
Francis Anscombe to demonstrate both the importance of graphing data before analyzing it and
the effect of outliers on statistical properties.

= Four datasets have nearly identical simple statistical properties, yet appear very different when

graphed.
I I T IV

_ X ¥y X ¥ X ¥y ¥

1 10 8.04 10 9.14 10 7.46 8 6.58
2 8 6.95 8 8.14 8 6.77 8 5.76
3 13 7.58 13 8.74 13 12.74 8 7.71
4 9 8.81 9 877 9 7.11 8 8.84
5 11 8.33 11 9.26 11 7.81 8 847
& 14 9.96 14 8.1 14 8.84 8 7.04
7 6 7.24 6 6.13 3] 6.08 8 5.25
5 4.26 4 3.1 4 5.39 19 12.5
9 12 10.84 12 913 12 8.15 8 5356
10 7 4.82 7 7.26 7 6.42 8 7.91
11 5 5.68 5 4.74 5 573 8 6.89

https://en.wikipedia.org/wiki/Anscombe's_quartet
http://ryanwomack.com/IASSIST/DataViz/

Mean of x in each case: 9 (exact)
Sample variance of x in each case: 11 (exact)
Mean of y in each case: 7.50 (to 2 decimal places)

Sample variance of y in each case: 4.122 or 4.127 (to
3 decimal places)

Correlation between x and y in each case: 0.816 (to 3
decimal places)

Linear regression line in each case: y = 3.00 +
0.500x (to 2 and 3 decimal places, respectively)

http://www.hmwu. idv.tw




il

Mean of x in each case: 9 (exact)
Sample variance of x in each case: 11 (exact)

Mean Ofy in each case: 7.50 (to 2 decimal places)

Sample variance of y in each case: 4.122 or 4.127 (to 3 decimal places)

Correlation between x and y in each case: 0.816 (to 3 decimal places)

Linear regression line in each case: y = 3.00 + 0.500x (to 2 and 3 decimal places, respectively)
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ELY

f H?"I anscombe {datasets}

% S
> =
=
par(mfrow=c(2, 2))
> head(anscombe, 3) regplot <- function(x, y){
X1 x2 x3 x4 yl y2 y3 v4 plot(y~x)
1 10 10 10 8 8.04 9.14 7.46 6.58 abline(Im(y~x), col="red")
2 8 8 8 8 6.958.14 6.77 5.76 }
3 13 1313 8 7.58 8.74 12.74 7.71 mapply(regplot, anscombe[, 1:4], anscombe[, 5:8])
> apply(anscombe, 2, mean)
x1 X2 X3 X4 yl y2 y3 v4

9.000000 9.000000 9.000000 9.000000 7.500909 7.500909 7.500000 7.500909
> apply(anscombe, 2, sd)
x1 X2 X3 X4 yl y2 y3 v4
3.316625 3.316625 3.316625 3.316625 2.031568 2.031657 2.030424 2.030579
> mapply(cor, anscombe[,1:4], anscombe[,5:8])
x1 X2 X3 x4
0.8164205 0.8162365 0.8162867 0.8165214
> mapply(function(x, y) Im(y~x)$coefficients, anscombe[, 1:4], anscombe[, 5:8])

x1 X2 X3 X4
(Intercept) 3.0000909 3.000909 3.0024545 3.0017273 T 5 .
X 0.5000909 0.500000 0.4997273 0.4999091 2] . w© o
boxplot(anscombe) T ) T
o fos s o0 oo f e s o0 1o
H _r B o a = ’ =
I —855s ST
i I T -~ - e Tl
o] I I I T T T I T I T I T

I I I I \ \ I I 4 6 8 10 12 14 g 10 12 14 16 18
x1 X2 x3 x4 oyl yZ2  y3  y4

X X
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install .packages(‘'datasauRus')

100 P

0 L X Mean: 54.26

= t s Y Mean: 47.83

: S X sh - 15 75
i0 ". '..‘.... ..'0. 2

i ey B ' 5h e 0

gn =:"'."."."___'.--- forg - .0 0P
t" e
'.O...o eq o0 e

0 20 40 60 B0 100
®

Justin Matejka and George Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied Appearance and
Identical Statistics through Simulated Annealing. https://dl.acm.org/doi/10.1145/3025453.3025912
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Journal of Computational and Graphical Statistics, Volume 22,2013 - Issue 1
= Infovis and Statistical Graphics: Different Goals, Different Looks
Andrew Gelman & Antony Unwin, Pages: 2-28 s
. C.Chen o
= InfoVis Is So Much More, Robert Kosara, Pages: 29-32 Wiiace =
. . . . Ed
= InfoVis and Statistical Graphics: Comment m’m
Paul Murrell, Pages: 33-37 ndbookg
. eie . . . Data
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s Friedman (2008):

= The main goal of data visualization is to
communicate information clearly and
effectively through graphical means.

= (X) look boring to be functional or
extremely sophisticated to
look beautiful.

= Designers often fail to achieve a balance between
(aesthetic) form and functionality, creating gorgeous

data visualizations which fail to serve their main purpos

— to communicate information.
HOW BABY BOOMERS DESCRIBE THEMSELVES

LEADERS
— 0%

WILLING TO LEARN

220/ 1 HAVE A SMART PHoNE, 5% —
PoN'T DIS(OUNT MY ity i I
TECH-SAVVY 0 TENICAL ABLITIES :.:s:-:::‘“.:m:,':.m: -
®12%
PEOPLE-SAVVY oo 1 r g
e o o o o
L——18% 2%
Parsonal Failure
bt rcongiophphylog by o
MY WoRK EXPERIEN(E HAS fri

CREATIVE 42%

MADE ME RESOVR(EFUL -

off w et TED s whars corventionsl méadom goes
o de

http://www.hmwu. idv.tw

//[wpengine.com/blog/ugly-side-data-visualization/

https://www.smashingmagazine.com/




i EHE TR A S EFFEEH :|z f—’,l Eﬁ
081 3.000
a7 2.500 BT
0.6 1 -1 2.000
—.— 2 m 6
E i
B 2 1.000 nEta
03 —7 0.500 wFi3
02 0.000 —
0.1
_ B0 8 T W T T e 8 e
T e s A T
FAH s EE OB mRE AF KR WER Eith
R
1.200
HAM{hER
1.000 B (ELL JEACEHRHIE TR RSB B
0.800 . . ale)] B2010) Bt3(8) a6 BES(d) B612) B7012)
’ m FEESEL
Hith-
0.600 m 53Rk I I' I| I-I I I1 |1
P -
0400 mEEHELE | | 1 i | 1 i
wAFIEE | e | b b | b ik
0.200 sy
"L || | : j : ! B
0.000 mFAEAEAGER
BL O B2 B3 B4 BS He B - | [ | HH | T i | H
- | ] i b ] b k
- | b i ] i ] -
= [l R ¢ - - I b
| [ B F L b F
000 025 050 075 000 025 D50 075 000 025 050 075  0.00 obsngségg 075 000 025 050 075 000 025 050 075 000 025 050 0.75

http://www.hmwu. idv.tw




2
|

i
e

2012 PRESIDENTIAL RUN 20
GOP CANDIDATES y
15 a
E a
= 10 b
B b
= 5
0
T T2 T3 T4
'-:;: SOURCE:OPINIONS Treatment
Gartner fr . : 20
: : ~ - 15 |
Source: https://www.managertoday.com.tw/articles/view/51480 Source: http://ir tari.gov.tw:8080/bitstreany/ = a
345210000/3094/1/journal_arc 60-1-6.pdf = 10 b
, § b
Misleading Graphs: Real Life Examples . IBINE AR 20% 5 ’{“‘
http://www statisticshowto.com/misleading-graphs/ 118 0 |_I—‘
The top ten worst graphs ﬁj - T2 T3 Ta
https://www.biostat.wisc.edu/~kbroman/topten worstgraphs/ 119
Bad Infographics: 11 Mistakes You Never Want to Make 11 Treatment
] . . . 108
http.//blog.Vlsme.co/bad—lnfograpl‘ncs/ 10t —
13 Graphs That Are Clearly Lying 104 =
https://www.buzzfeed.com/katienotopoulos/graphs-that-lied-to-us?utm_term#’qsnBZa6Qa#.xePkLjDaj 870 20%
11 Most Useless And Misleading Infographics On The Internet 123456789001 "
https://i09.gizmodo.com/1 1-most-useless-and-misleading-infographics-on-the-inte-1688239674 :; e
The most misleading charts of 2015, fixed .
https://qz.com/580859/the-most-misleading-charts-of-2015-fixed/ ,
Misleading graph .
https://en.wikipedia.org/wiki/Misleading graph .
r , 0 1 2 3 4 5 f 7ISI9 |0I||'1'?
. Tl > N
Example: " Z=BISHEELEZECEF ME |

http://www.hmwu. idv.tw




FIREA 2020 1220 EHMEAMEH AN QhFe BRGHEEIER

@ W daEws ER £F RF MR X

ZrEFEE setncom | 44 3k e | di
i %mma FH250
Eighl RS

Papps © f =

BIRRRHEERE SR ETEE B LU R SRR 5 » — 8 TR il FHEEIEE (B ASE)
Ay FISEER - ZEORMNEERSRTEENE - A A T HRIRRTE TR, BERSRETT - JINREk
WHE e & (14) BIREEEREIREIEFENE - FEEPOL SR T LUAE + ANR4RAL "MW WFH
HEBBATRATE - HE REEUR AR i, - HRR TRinthiemE T ?

o4 kLR R R HBRLE -

SE P e A
sHEERRREEE L RS ETR
SarT AW L PR

EX R T TR R ET R - RN
HEEERR - B WIS
M THENERES - RIETRIE -

T - IR L RS L
IELEE TR - 2REEN TR - SERNIEE
W - BEV RN 1R -

R TFEEEEFIE TN « (RN L
SRR o SR - IR
- 58 LT SRR TR - T
NS EWEE - FEH AR T
ERNERCH . - BT Xa TR
W TR -

R EER - TSR
1EES0M - S - R TRE - BTN
AN BETESRAT - ikeysr
R s - R TAEA

10 AR - EEETESIRET
EHE ERERT (8

TR HEIHTE&E\"HTIE!EHE
o - EERTRIRN MRS - L
1 - TSR R !Bﬂﬁﬁm
PR MR - AR TR

11 102 103 104 105 106 1T
SRER T RREE K2R | SRl

http://www.hmwu. idv.tw



B
260,354
247,530
227,070
216,419
205,854
204,459
204414
198,733
191,310
166,886
196,627
229,481
199,113
210,333
213,598
208,440
193,844
181,601

C

Q

http://www.hmwu. idv.tw

300, 000

250, 000

200, 000

150, 000

100, 000

50, 000

102

BEE LEhawl mweR  naiaha

UrsRe2 ARAR

934
954

994F

1004

1014
1024

944
gRAf

1044
1054
1064
1074

1034F

©s03722 17081 =
604255

ok 1 O u= o B
‘ﬁp - 0D ® D

%;J\az; Q@
RE BRI EE A ST
fRERZREE TETE ) AR A |
fREFRERA LI T R EMEE -

1B TR HEHETE 10565 520 - A
EHSET - RETERAE1 0451 SRR 7
FHERES T —FREEE XD

2. friy BiEEREEDEHNEER - BEREE
HEABRERTES > B excelfZ A EIRZ
B EATEERER T RS BT E K
H7%0) - HEGRETEREHHE - WAt
THEREE LR BRI TR R A RS -

SEHEAEE CERHEEREITFSF20H -
FSOESRT » HRTEE S EH R T
FE SRR - GBS AR E B
& -

ERTREEETE ? SHEEEE T & ~




&7 12R148 @

#H RS T R S BT AR
RS R E R BEE TR
#FOE RED A AT E

FEE o RS R R AR - RS AR

EERZREILREPITIE - FEREE A
B I ERETER RS - AR EFE S
A WERPFEFFEROECE - HREESREIE
FE T H106E56 4200 B - A LEES T
— AT - HCETN TR B
EEE T - T EREEHIEIEEESE R
FEEFETETSEE - AFERRERTER
MEETIRE - TREREIRERE - BURRTERE
EE - OEMETHmSaBTTFar R -

SEDR T IERFEET 2N - BEEFE
TR H B - BRERATE BERRSE
F TREMZEEES B -

TRIBPAIBER R - Sl R A ERUT
ERETE TR - BREI18EIT R A - SFAE
MEMEE - MENAHAISEEST A -

BRI ERERREGEE T2 BEEOE L
ArRACT g N - RS - AR EATE R
& - WEAREENE P EERES - T
ARV EEEEE - HAEphas et Eey " 0%
SEEFENE, - BRUFEEMITEITER R
HE T aTE A -

B STRIRE— Pk - RELARAE
101 102 103 104 105 106 107 108 O DT .« Ee T - ST
ESITHE  EETHIBRET - BEROSR

PERE HEHERRE BRIR | AERRETE TR ) AN EENER AR
- RS - RRE T S AT
UP GHUR AREE & (e S

http://www.hmwu. idv.tw




%Elcovm 19miﬁﬁﬂ

8248 | 0

BtET | ST |(zm13a

64 14 MAA TR L0 TR B

B EEAR AN iﬂ—ﬂwﬂﬂé‘#

EDME ~ o Al 2 B

ﬁ&ﬂ:ﬁ l:’ci‘] AW - {8 -
&b~ WS 16 HMHREAS 1HIEA 5 11 FHET
FEithOsi 2 B - e

CDCE(FEZ 5 5?

BRTEERM

https://www.ptt.cc/bbs/Gossiping/M.1642833713.A.D40.html
CDC Bty 2 i
https://www.ptt.cc/bbs/Gossiping/M.1642920918.A.BD5.html

O 282k MEgR T iER
#iEEFOVEZEFRIRRAE BEERKHER | —BERA

© 2

2022 1B - 358 (mEsm)

B2 20220122
SHCOVID-19EER#l <SHCOVID-19EEH»I

L mEH RS A FECER ; FAEA
1324 3 & 182 =24
ﬂ m w E B
WERHERCAR ... EEEE g o 2 4
it WAL
RitERY A
1 ,72;\.2”) 65 &l 26 8l — ERREER
RN 6,188 A 501 - (1261 EE | MRk WIS THERIG; DR LER - R
e & 261 ; BIH « SRAE - BAH - RAE - 98 - B
[=F51:4 52.8% BEREBFLES A 1 3 | REES 1 #BA ;5B 11 flED -

WA R 20016122 AN 030 T aemase e gase
B4 09:30

http://www.hmwu. idv.tw

BBt ERERRE

— Wi B Y

20 G0 (0 I (5372 2SN
BN

2 E BEEHEREL AR
) #3255 (20224E-20224F)
[B#5% 0 2022/01/01-2022/12/31]




34,696 $1527.881  $617,621 $169.59 8519

Elevate your data

Davaicpas  Flnance  Fublisnlng  Sclance

4
o0 . .- e - " L n - 23N D& 00ne i3 JIVSSEIDT 07 CSS. HIGhenaets 13 a1so enendatie ang

plugoaDbEE for expens seaking advanced animations and functionainy.

View Demos

. — GCata llcensa

I o1 l T Our Products

. ol (LA l

WAL le AR A W.)me

™ il !i!ﬁ I M | "“l'u'/ [ Highcharts Stock Maps Gantt

i 4 s L
sample dashboard from CHARTIO s -

wasily for your web tirrwelinee charts for your with drilld ] touch thit miake o build

propcts Wt A MOBIK SPES suppart Inberactiv ShAMts and

https://chartio.com/docs/dashboards i

Lesewr more about
Highenarts ! 15300k Laarn Maps

Highcharts - Interactive
javascript charts library
https://www.highcharts.com
/

http://www.hmwu. idv.tw




library(rgl) Y

open3d()
X <- sort(rnorm(1000))
y <- rnorm(1000)

demo(rgl) [.1] [.2]

[.3]1 [.4]

[1,]1 -0.98849827 -0.1478247 -0.0319229 0
[2.] -0.01036166 -0.1443882 0.9894670
[3.]1 -0.15087697 0.9784170 0.1411958
[4.] 0.00000000 0.0000000 0.0000000

= OO

plot3d(x, y, z, col=rainbow(1000), size=2)

M <- par3d(‘‘userMatrix)
play3d(par3dinterp(userMatrix=list(M, rotate3d(M, pi/2, 1, 0, 0),
rotate3d(M, pi/2, 0, 1, 0))),

>
>
>
>
>
>
> z <- rnorm(1000) + atan2(x,y)
>
>
>
>
+
+ duration=4)

# 90 degree rotation about the x axis

I [ 3 O o 5. device 4 [Foces]

rgl.snapshot {rgl}.
« FHEREE: writeWebGL {rgl}.

STHDA: rgl

http://www.sthda.com/english/wiki/a-complete-guide-to-3d-visualization-device-system-in-r-r-software-and-data-visualization

«  EVHFFRE2dE: rgl.postscript {rgl},

Data visualization

Alboukadel Kassambara

Complete Guide to 3D
Plots in R

Static and interactive 3-dimension graphs

First edition

http://www.sthda.com/english/download/3-ebooks/6-complete-guide-to-3d-plots-in-1/
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> library('rgl™)
> open3d()

> plot3d(iris[,1:3], col=as.integer(iris[,5])+1, type ="p", size=10)

o
[~
-~

_,.
Mo
T .

Pa
Sepal. Width

Sepal.Length

Sepal.Length
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plot3d(iris[,1:3], col=as.integer(iris[,5])+1, type ="s",
radius=0.15)

bbox3d(color=c("'red”, "black'), emission="gray",
specular="yellow", shininess=5, alpha=0.8, nticks = 3)

aspect3d(1,1,1)

lines3d(iris[c(1, 150), 1:3], col="purple™, lwd=2)
# points3d, lines3d,segments3d,triangles3d, quads3d.

shapes <- list(cube3d(), tetrahedron3d(), octahedron3d(),

icosahedron3d(), dodecahedron3d(), cuboctahedron3d())
shapelist3d(shapes, x=1, y=1:6, z=1, size=0.3, col=1:6)
aspect3d(1,1,1)

texts3d(x=2, y=6, z=6, texts="rgl Example™, font=2,
color="blue", cex=2, family="serif"")

# Show regression plane with z as dependent variable

fit <- Im@iris[,3] ~ iris[,1] + iris[,2])

coefs <- coef(fit)

planes3d(a=coefs[2], b=coefs[3], c=-1, d= coefs["(Intercept)'],
alpha = 0.5)

# planes3d draws planes using ax + by + cz + d = 0.

play3d(spin3d(axis = c(0, 0, 1), rpm = 20), duration = 4)
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Explore a comet with R's "rgl" package

December 24, 2014
http://blog.revolutionanalytics.com/2014/12/explore-a-comet-
with-rs-rgl-package.html

"Last month, the Philae lander touched down
on comet Churyumov—Gerasimenko. In the
process, the lander and the orbiting Rosetta
probe captured detailed data on the geometry
of the comet, which the ESA published as a
shape file. ..."

https://en.wikipedia.org/wiki/67P/Churyumov%E2%80%93Gerasimenko

> open3d()

> # comet <- readOBJ(url('http://sci.esa.int/science-e/www/object/doc.ctfm?fobjectid=54726""))
> comet <- readOBJ("'ESA_Rosetta OSIRIS _67P_SHAP2P.obj™)

> class(comet)

[1] "mesh3d™ *shape3d"

> str(comet)

List of 6

$ vb > num [1:4, 1:31456] -0.394 0.402 0.443 1 -0.163 ...

$ it : num [1:3, 1:62908] 14327 6959 18747 8258 15598 ...

$ primitivetype: chr "triangle” i o i

$ material - NULL # 1t: indices for triangular faces

$ normals - NULL # 1b: indices for quad faces

$ texcoords - NULL # vb: matrix of vertices: 4xn matrix (rows

attr(*, “class™)= chr [1:2] "mesh3d" “shape3d~ X- ¥. Z. h) or equivalent vector, where h
indicates scaling of each plotted quad

> shade3d(comet, col="gray™)
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ggplot2

Luaret | Map data, @ OpenStreeiMap, SRETM | Map sbyde @ OpenTopoMap (CC-BYYSA)

1000 k)
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Chapter 8: Making maps with R, Robin Lovelace, Jakub Nowosad, Jannes Muenchow, 2019-08-30

https://geocompr.github.io/geocompkg/articles/solutions08.html
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> library(ggplot2)
> library(maps)
> library(mapproj)
> states.map <- map_data(''state')
> head(states.map, 3)

long lat group order region subregion
1 -87.46201 30.38968 1 1 alabama <NA>
2 -87.48493 30.37249 1 2 alabama <NA>
3 -87.52503 30.37249 1 3 alabama <NA>
> tail(states.map, 3)

long lat group order region subregion

15597 -107.9223 41.01805 63 15597 wyoming <NA>
15598 -109.0568 40.98940 63 15598 wyoming <NA>
15599 -109.0511 40.99513 63 15599 wyoming <NA>

> ggplot(states.map, aes(x=long, y=lat, group=group)) +
geom_polygon(fill="white", colour="black')

> ggplot(states.map, aes(x=long, y=lat, group=group)) +
geom_path() + coord map(‘'mercator')

long

mercator: equally spaced straight meridians, conformal, straight compass courses

Source: 13.17. Creating a Map, R Graphics Cookbook 2nd

fat
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> world.map <- map_data("world™)
> sort(unique(world.map$region))

[1] "Afghanistan™ "Albania"
[3] "Algeria” "American Samoa"
[5] "Andaman Islands™ "Andorra™

> country <- c("'France'™, "Austria’, "ltaly', "Switzerland", "Germany', "Spain', "Czech
Republic™)
> mymapdata <- map_data("world"™, region = country)
> ggplot(mymapdata, aes(x = long, y = lat, group = group, fill = region)) +
geom_polygon(colour = "black'™) +
scale_fTi1ll_brewer(palette = "Set2")

= head{mymapdata)

Tong Tat group order region subregion
1 16.95312 48.59883 1 1 Austria <IA
2 16.945883 458.538858 1 2 Austria <IA
3 16.94336 48.55093 1 3 Austria <MA>
4 16.90449 48, 50352 1 4 Austria <IA 997
5 16.86270 48.44141 1 5 Austria <IA
£ 16.86543 458.38691 1 6 Austria <IA
= tail{mymapdata)

Tong Tat group order region subregion

2941 6.734766 53.58252 26 2941 Germany Borkum 50
2942 6.642090 53.57920 26 2942 Germany Borkum
2943 6.668555 33.603%66 26 2943 Germany Borkum region
2944 £.754590 53.62549 26 2944 Germany Eorkum ] sustia
2945 6.800879 53.625%49 26 2945 Germany Borkum Czech Republic
2946 6.734766 53.58252 26 2946 Germany Eorkum B Ip,am
. Germany
o * D Italy
NOTE: o
Switzerland
See the mapdata package for more
map data sets. It includes maps of China

and Japan, as well as a high-resolution
world map, wor IdHires.
See Also: mapproject, map ; o i

long
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Violent Crime Rates by US State (USArrests): the data set contains statistics, in arrests per
100,000 residents for assault, murder, and rape in each of the 50 US states in 1973. Also given is the
percent of the population living in urban areas.

> head(USArrests, 3)
Murder Assault UrbanPop Rape

Alabama 13.2 236 58 21.2
Alaska 10.0 263 48 44 .5
Arizona 8.1 294 80 31.0

> crimes <- data.frame(state = tolower(rownames(USArrests)), USArrests)
> head(crimes, 3)
state Murder Assault UrbanPop Rape

Alabama alabama 13.2 236 58 21.2
Alaska alaska 10.0 263 48 445
Arizona arizona 8.1 294 80 31.0

> library(maps); library(ggmap)
states.map <- map_data(“'state’)
head(states.map, 3)

VvV V

long lat group order region subregion

1 -87.46201 30.38968 1 1 alabama <NA>
2 -87.48493 30.37249 1 2 alabama <NA>
3 -87.52503 30.37249 1 3 alabama <NA>
> crime.map <- merge(states.map, crimes, by.x="region", by.y="state')
> head(crime.map, 3)

region long lat group order subregion Murder Assault UrbanPop Rape
1 alabama -87.46201 30.38968 1 1 <NA> 13.2 236 58 21.2
2 alabama -87.48493 30.37249 1 2 <NA> 13.2 236 58 21.2
3 alabama -87.95475 30.24644 1 13 <NA> 13.2 236 58 21.2

http://www.hmwu. idv.tw



> library(plyr)
> crime.map <- arrange(crime.map, group, order)
> head(crime.map, 3)

region long
1 alabama -87.46201 30.38968 1
2 alabama -87.48493 30.37249 1
3 alabama -87.52503 30.37249 1
>

coord_map(*“'polyconic™)

1
2
3

lat group order subregion Murder Assault UrbanPop Rape

<NA> 13.2 236 58 21.2
<NA> 13.2 236 58 21.2
<NA> 13.2 236 58 21.2

ggplot(crime.map, aes(x=long, y=lat, group=group, Ffill=Assault)) +
geom_polygon(colour="black™) +

midpoint=median(crimes$Assault))

ggplot(crime.map, aes(x=long, y=lat, group=group, Ffill=Assault)) +
geom_polygon(colour="black'™) +
coord_map(*“polyconic™) +
scale_fTi1ll_gradient2(low="blue", mid="grey", high="red",

I R Graphics: Device 2 (ACTIVE)
50 -

45-

40+
K-RER
30—
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| |
-120 100 -30
long

=10 x|
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keep information as much as possible without loss of information.
input data matrix: transformed data
ix: Z,
X matrix:
Group Data X1 X2 X3 ses | Xp Data Z1 Z2 | e Zk
1 subject01 031 -1.2% -0.50 1.13 subjectd1 -1.55 -0.66 0.60
1 subjectd2 064 | 216  -1.51 0.00 subject02 057 -0.51 -1.03
2 subject03 013 060 | 1.10 0.11 PCA subject03 | 199 | 1.44 -0.60
2 subject0d4 -017 031  -0.37 -0.80 FA subjectod 010 | 020 -1.21
3 subject0s -1.01 099 070 -0.08 MDS subjectds  -0.20 -0.64 0.24
3 subjectds 095 075 -0.83 0.60 subjectds 2353 | 1.32 -0.51 Visualization
3 subjectdy 072 112  -1.35 -1.22 subject07 -0.34 -0.35 015
1 subject08 077 124 -0.04 1.03 subject0B 0G5 | 044 0.28 Clustering
1 subject0s -049 002 -1.73 1.61 subject0s 544 | 166 212
1 subjecti0 193 045 -0.01 0.03 subject10 | 037  -0.17 -1.73 Classification
3 subjecti1 -015 -1.36  1.05 0.20 subjectt1 -1.14  0.01 0.61
3 subjecti2  -1.16 0.11  -057 -0.80 subjectl2 -1.73 -1.13 0.81
3 subjecti3 -002 205 -1.18 0.43 subject!3 | 153 067 0.43
3 subjectid4 -005 079 | 133 0.81 subject1id -0.21 -0.14 -0.29
2 subjectid -021 -038 072 -0.61 subjectlis  -0.03 066 017
1 subjectis -0.28 0457  1.02 -0.01 subjectlis | 256 -2.25 0.26
2 subjectM 033 | 0.01 1.19 -0.33 subjectN | 204 | 0.71 0.76
\ Methods using additional information y: LDA, Sufficient
Dimension Reduction (SIR, SAVE, pHd, IRE,...)
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%

.0, %
SO0 =

Reduces time complexity:
less computation

m Reduces space complexity:
Less parameters

m Saves the cost of observing the features:
Input 1S unnecessary.

= Simpler models are more robust on small datasets:
simpler models vary less depending on the particulars of
a sample.

= More interpretable; simpler explanation

m Data visualization (structure, groups, outliers, etc) if

plotted 1n 2 or 3 dimensions. (Dimension reduction visualization is
often adopted for presenting grouping structure for methods such as K-

means. )
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Singular Value Decomposition (SVD) factorizes a general m x n

aly
\

iy
|
5
R
Y

(assume m = n) matrix in the form
A=_USV' ,

where U is an  m x m orthogonal matrix, V' is an

n % n orthogonal matrix, and S is an  x n matrix whose

only nonzero elements lie along the main diagonal .

A U S Vt A=A U, S Vt
k
w %) 72 A wn " = i
= = S £ = = e e
n columns n columns
n columns m columns n columns n columns k columns k columns

= The m columns of U are called the left singular vectors. The n columns of
V are called the right singular vectors.
= The right singular vectors are eigenvectors of ATA.
m The left singular vectors are eigenvectors of AAT.
= The non-zero values of S are the square root of the eigenvalues of AAT and ATA are
called the singular values

= U and V are unitary matrixes, i.e. UUT=I, VVT=I,
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> iris.sub

> iris.sub <- iris[sample(1:150, 8),1:4]

Sepal .Length Sepal .Width Petal .Length Petal .Width
58 4.9 2.4 3.3 1.0
59 6.6 2.9 4.6 1.3
77 6.8 2.8 4.8 1.4
84 6.0 2.7 5.1 1.6
54 5.5 2.3 4.0 1.3
39 4.4 3.0 1.3 0.2
71 5.9 3.2 4.8 1.8
87 6.7 3.1 4.7 1.5
> M.svd <- svd(iris.sub)
> M.svd
$d
[1] 22.2553197 2.2360595 0.7611307 0.1773813
$u

[.11 L.2] L.31 L.41

[1,] -0.2898553 -0.096733080
[2,] -0.3885172 -0.006908608
[3.] -0.3992219 0.066823762
[4,] -0.3793864 0.327663490
[5.] -0.3275406 0.106859076
[6,]1 -0.2285027 -0.918407065
[7.] -0.3782377 0.154232634
[8,] -0.3989561 -0.009386179

$v

[.1]1 [.2]

-0.007319459 -0.05013322
0.305429166 -0.28018114
0.450619905 0.06954991

-0.174978375 -0.69121320
0.218964907 0.50428246

-0.136688043 -0.13248141

-0.776519488 0.27425130
0.058068514 0.29884180

[.3] [.4]

[1.]
[2.]1
3.1
[4.1

. 7497994
-3527468
.5343751
-1667746

-3154600 0.5318218 0.2354811
-5480151 -0.7276317 -0.2140122
.7023730 -0.1376906 -0.4496184
-3268587 -0.4108028 0.8346201

http://www.hmwu. idv.tw

n columns

kcolumns

k columns

> M.svd$u %*% (diag(M.svd$d) %*% t(M.svd$v))

[1,] 4.9 2.4 3.3
[2,] 6.6 2.9 4.6
[3,] 6.8 2.8 4.8
[4,] 6.0 2.7 5.1
[5,1] 5.5 2.3 4.0
[6,] 4.4 3.0 1.3
[7,] 5.9 3.2 4.8
[8,1] 6.7 3.1 4.7
>
> # use the first
> d.sub <- diag(M.
> u.sub <-
> v.sub <- as.matrix(M.
> dris.sub.approx <- u.
> iris.sub.approx

[’1] [’2]
[1,] 4-905057 2.394043
[2,] 6-488070 3.058517
[3,] 6.614690 3.052204
[4,] 6-099701 2.576853
[5.,]1 5-390302 2.440411
[6,]1 4-460863 2.919270
[7,] 6-202869 2.780357
[8,] 6.664012 3.143504
>
> # compute the sum of

> sum((iris.sub - iris.

[1] 0.610784

[.11 [.21 [.31 [.4]

RPRORRRERR

GoONWOO WO

two values to approximate
svd$d[1:2])
as.-matrix(M.svd$u[, 1:2])

svd$v[, 1:2])
sub %*% d.sub %*% t(v.sub)

[’3] [’4]
3.295235 1.0051334
4.609664 1.4369796
4.852772 1.5306008
5.026535 1.6476201
4.063166 1.2938078
1.275109 0.1768745
4.740493 1.5166003
4.729919 1.4739142
squared errors

sub.approx)”2)




=T

1:dims[2]
300 400

200

100

100 200 300 400 500

1:dims{1]

Lenna 97: A Complete Story of Lenna
http://www.ee.cityu.edu.hk/~Impo/lenna/Lenna97.html
https://en.wikipedia.org/wiki/Lenna

This scan became one of the most used images in computer history.[4] In a 1999
issue of IEEE Transactions on Image Processing "Lena" was used in three separate
articles,[5] and the picture continued to appear in scientific journals throughout the
beginning of the 21st century. ... To explain Lenna's popularity, David C. Munson,
editor-in-chief of IEEE Transactions on Image Processing, noted that it was a good
test image because of its detail, flat regions, shading, and texture. However, he also
noted that its popularity was largely because an image of an attractive woman
appealed to the males in a male-dominated field

> # require packages: locfit, tiff, fftwtools

> library(EBImage) # (Repositories: BioC Software)

> lena <- readlmage('lena.jpg™)

> dims <- dim(lena)

> dims

[1] 512 512 3

>

> plot(c(0, dims[1]), c(0, dims[2]), type="n", xlab="", ylab=""")
> rasterlmage(lena, 0, 0, dims[1], dims[2])

iT ('requireNamespace('BiocManager', quietly = TRUE))
install _.packages(''BiocManager'")
BiocManager: :install ("'EBImage'™)

> library(Jpeg) # install._packages('jpeg'™)
> lena <- readJPEG("lena.jpg’™)
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lena.flip <- Image(flip(lena))
# convert RGB to grayscale
red.weight <- .2989
green.weight <- .587
blue.weight <- 0.114

+ +VVVVYVYVYV

> dim(lena.gray)
[1] 512 512
> lena.gray[1:5, 1:5]

[.1] [.2] [.3] [.4]
[1,] 0.07128863 0.06344627 0.05952510 0.06736745
[2,] 0.07913098 0.06736745 0.06344627 0.07128863
[3,] 0.08697333 0.07520980 0.07128863 0.07913098
[4,] 0.09089451 0.08305216 0.07913098 0.08305216
[5,] 0.09570980 0.08786745 0.08002510 0.08786745
> image(lena.gray, col = grey(seq(0, 1, length =

In 1972, at the age of 21.  67-year-old

lena.gray <- red.weight * imageData(lena.flip)[,,1] +
green.weight * imageData(lena.flip)[,.,2] +
blue.weight * imageData(lena.flip)[,,3]

[.5]
0.07913098
0.08305216
0.09089451
0.09873686
0.10355216

256)))

Converting RGB to grayscale/intensity

http://stackoverflow.com/questions/687261/converting-rgb-to-grayscale-intensity

https://www.digitimes.com.tw/col/article.asp?id=1129

http://www.hmwu. idv.tw
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plot(1l:length(lena.svd$d), lena.svd$d, pch=19, xlab="i-th lena.svd$d", ylab=""lena.svd$d"")

> lena.svd <- svd(lena.gray)

> d <- diag(lena.svd$d)

> dim(d)

[1] 512 512

> u <- lena.svd$u

> v <- lena.svd$v

>

>

> used.no <- 20

> u.sub <- as.matrix(u[, 1l:used.no])

> v.sub <- as.matrix(v[, 1l:used.no])

> d.sub <- as.matrix(d[1l:used.no, 1l:used.no])
> lena.approx <- u.sub %*% d.sub %*% t(v.sub)
> 1mage(lena.approx, col = grey(seq(0, 1,

length = 256)))

N [=] ]

[=1
o -
o

200

150

lena.svdSd

50

1 1 T T
0 100 200 300

i-th lena.svd$d

T
400

500
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PCA 1s a method that reduces data dimensionality by finding the new
variables (major axes, principal components).

Image source: 61BL4165 Multivariate Statistics, Department of Biological Sciences, Manchester
Metropolitan University

PCA2 ]
veaig :" =rapEce jenghl (cm] y s ® :
+ + 8t 4 " 7 .
+ 4+ +* . el
{ ++:?"+I S reAl . e A
+ ’ It I L R
=.:¢ ¢ -1, * zex
\ J e -1 o )
PCA, =[a;X + S = B S S S *
! @ PCA]Z(I]X"‘b]Y"‘CIZ pc
PCA, =X +[bY
= PCAy = asX + bY + o Z Karl Pearson 1901;
Hotelling 1933;
POAL = anXa+oXa +- - + a1 Xy Jolliffe 2002

PCAy = a1 X1 +a290Xo+ -+ + angp

Amongst all possible projections, PCA finds the projections so that the
maximum amount of information, measured in terms of variability, is retained
in the smallest number of dimensions.
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Scores Matrix Data Matrix
Loadings Matrix
1 2.-+k-+--p x1 x2 P xp
! ' 1 2 «ooKkeoop
1 1
' ' B PCA2
2 2 1 C
3 3 2
) 3
. . + + 4+ 4
' — . +3 R e, pOAl
: X ] A 2 { +:l.!.l-+1- :++.|.:++:':|' ¢
: ;) - J
o Y
n n AI
l l
The|ith principal component|of X is Xw;, where W;is the|ith normalized eigenvector [of 3,
corresponding to the 7th largest eigenvaules. Zk X \;
: roportion = =———
Eigenvalues Ay > Ay > .-+ > A, brop DY
PCA is the spectral decomposition of the variance covariance
matrix, S, of the data matrix, X. we can write S=CDCT.
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m Find a low-dimensional space such that when X is projected there,
information loss 1s minimized.

m PCA centers the sample and then rotates the axes to line up with
the directions of highest variance.

The projection of x on the direction of wis: z = wix

Find w such that var(z) is maximized

var(z) = var(w’x) var(x) = E[(x - !1)2]
= E[(WTx - wTi) | = E[(x - u)(x —1)7]
= E[w1(x - ;1)2W] =
= E[WT(X - u)(X - p1)"W] p—"
= WIE[(x - p)(x ) T]w << risk. 124
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var(z) = w2 w
LOGw)=w'Zw, — Aw'w, — 1)
aLA, W)
max L£(A,w) = 22 )
W, S o Lo, W)
aw

Maximize var(z) subject to ||w||=1

X <- 1ris[, 1:4]

(covx <- cov(X))

e <- eigen(covx)

V <- eS$vectors

V.inverse <- solve(e$vectors)

covx.hat <- V %*% diag(e$values) %*% V.inverse
covx.hat # same with covx

var(z) = var(w/x)

=» max var(z) = max \

http://www.hmwu. idv.tw

=wlilw, =

Lagrangian method

AR H

‘*ﬁ 1 1 = 0

V

22W, —2\W, =0

V

W, = AW,

V

w, is an eigenvector of X

A 1s an eigenvalue associated
with w,




The proportion of Variance explained by the first & principal

components

A+ Ao+ A A Ak
AMAXo+ -+ X+ Ay ’}:Mj_tr(z)'

If A; < 1then component explains less variance than original variable

(correlation matrix).
Use 2 components (or 3) for visual ease.

Keep only the eigenvectors with eigenvalues greater than average

eigenvalue.

Keep only those which have higher than the average input variance.
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At the elbow, adding

another eigenvector

does not significantly
increase the variance
explained.
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= Sensitive to outliers
m Robust estimation
m Discarding the isolated data points that are far away.

This works better than taking the :
average because we take into 1
account correlations and |
differences in variances. I

= Lack of Independence
= NO PROBLEM

= Lack of Normality TNl abh il B b
m Normality desirable
but not essential Example: avlerage

A B C D E F
1 e Ll (g B0 [HikE |@e 13 | [pcal
2| A01 59 9z B35 45 652
3 | a0z 66 a0 83 36 a0
4| 03 72 9z 30 652 70
5| a04 68 a0 B0 KYi 95
6
7
5
9

m Lack of Precision

m Precision desirable
but not essential

ADS | T4 50 86 54 70
ADE | 77 a0 88 88 a5
AD7 | T3 88 77 51 a5

. . A08 | 61 90 84 40 82
= Many Zeroes in Data Matrix RN A S
12 | A11] 64 90 90 26 95

m Problem 13 a12] 75 | 90 | 60 | 5 | 70
. 14 | A13 92 90 33 90 95
(use Correspondence Analysis)
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Dimension 1 Dimension 1

Figure 1 Correlation Circle plot. a) Coordinates of the X-variables on the plane defined by the first two
variates U' and U?. b) The correlation between two variables is positive if the angle is sharp cos(a) = 0,
negative if the angle is obtuse cos(8) < 0, and null if the vectors are perpendicular cos(8) ~ 0.

Gonzalez et al. BioData Mining 2012, 5:19
http://www.biodatamining.org/content/5/1/19

the input variables, X, Circles of correlations associated with

the DR components, Zj. the first two DR components based on
Cov(X;, Zy) the applied vector and path point

. approaches applied to the microarray
y/ Var(X;)Var(Zy) data of the yeast cell cycle.

oo = Corr(X,; Zi) =
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Synchronized by alpha factor arrest method (Spellman et al. 1998; Chu et al. 1998)

103 known genes: every 7 minutes and totally 18 time points. (remove NA' s: 79 genes)

Heatmap of Microarray Data
Microarray Data Matrix

M tAA Table expll expl? expld expld explS expess exp P
(Mitosis) qenelll | 048 | 042 | 087 | 092 067 NS
: gerelZ | 033 088 108 121 052 -0.58
X genell3 | 0.7 025 047 048 013 013
; gere0Dd | 157 103 122 031 0.6 -1.02
G2 (GAP 2) 4 genells | 115 085 121 162 1.2 0.4
G1 (GAP 1) jere0G | 004 042 031 016 047 0.8
gerel07 | 295 045 040 065 059 0.76
genellE | 122 074 134 150 063 0.55
gere0a | 073 4105 079 0.02 006 0.03
genell0 | 0.5 040 0.3 053 -0.08 0.45
gere0l1 | 050 042 0BG 105 068 0.01
gere0l2 | 086 029 042 045 020 0.63
genedl3 | 06 029 047 028 002 0.04
gere0ld | 036 003 003 008 023 0.21
S phase Cells that genells | 072 085 054 104 084 064
(DNA Synthesis) Siacs dision jere0lG | 078 052 026 020 048 027
geneD7 | 080 085 041 045 018 .02
genedlE | 0.20 067 043 040 038 0.0s
gere0l9 | 223 064 077 160 053 0.38
genel20 | 146 076 108 150 074 0.0
gere021 | 057 042 103 135 064 -0.40
geneD22 | 011 043 041 060 023 018
JENEsss
gere N | 173 094 213 175 023 -0.66

cell_.matrix <- read.table(YeastCellCycle_alpha.txt'”, header=TRUE, row.names=1)

n <- dim(cell_matrix)[1]

p <- dim(cell_matrix)[2]-1

cell _data <- cell_matrix[,2:p+1]

gene.phase <- cell._matrix[,1]

phase <- unique(gene.phase)

phase.name <- c('"G1"™, "S", "'S/G2", "G2/M", "M/G1l')

cell.sdata <- t(scale(t(cell.data)))

rc <- rainbow(5)[as.integer(gene.phase)]

cc <- rainbow(ncol(cell._sdata))

hv <- heatmap(cell.sdata, col = GBRcol, scale = "column™, Colv=NA, Rowv=NA,
RowSideColors = rc, ColSideColors = cc, margins = c(5,10),
xlab = "Times"™, ylab = "Genes'™, main = "Heatmap of Microarray Data')
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# shows a screeplot.
plot(cell.pca)
biplot(cell.pca)

cell.pca <- princomp(cell._sdata, cor=TRUE, scores=TRUE)

# 2D plot for first two components

pca.diml <- cell.pca$scores][,1]

pca.dim2 <- cell.pca$scores][,2]

plot(pca.diml, pca.dim2, main=""PCA for Cell Cycle Data on Genes"™, xlab="1st PCA
Component™, ylab="2nd PCA Component',col=c(phase), pch=c(phase))

legend(3, 4, phase.name, pch=c(phase), col=c(phase))

i Table| PCA-1 PCA-2 PCA-3
genedil 0.18 011 -0.03
genell2 0.51 -0.53 0.54
geneld3 0.35 0.39 0.26
genel0d 0.18 -1.08 0.41
genedls -0.62 0.8 0.13
genel0s -0.08 0.23 .77
geneld? 0.38 0.32 1.08
genel0s -0.85 -0.55 1.03
gened0d 126 0.45 0.41
gened10 012 0.36 0.16
genedl 0.28 0.44 213
gened!2 0.45 0.23 0.g2
genedl13 -0.2 -0.43 0.44
genedld 0.03 0.26 -0.68
genedl1s -0.7 -0.76 0.5
genellB -0.61 0.o7 -0.04
genedl? 0.23 0.71 0.01
gened1d 0.1 0.1 0.1
gened!9 0.4 -0.97 0.24
genedz0 -0.55 -0.53 0.86
gened2 0.47 -0.87 -0.02
genelZ2 0.34 -1 0.51
QEneees 0.49 0.2 0
gene N 015 -1.04 -0.01

PCA

o G1
A8
‘é‘% + 8/G2
* G2IM
X
05 it . +§ X o MIGT
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# Ioadlngs plot
plot(loadings(cell.pca)[,1],
ylab="2nd PCA",
text(loadings(cell.pca)[,1],
abline(h=0)
abline(v=0)

main=""Loadings Plot"

loadings(cell.pca)l,2],

type="n"")
loadings(cell.pca)l,2],

xlab="1st PCA",

labels=paste(1:p))

> osunnary{cell . pca)

Importance of components:

Conp .1
2.3012110 2.0542795 1
Proportion of Variance 0.23309732 0.2637540
0.3309732 0.5947272 0.

Standard deviation

Cumulative Proportion

# print loadings
loadings(cell.pca)
summary(cell .pca)

Conp .2

Conp .3
.3300507
.1105647
7052910

)

Conp .4

1.008%5544 0.90053289
0.06362444 0.05068497 **+ 0.00558512446
0.76891637 0.815%60134

Comp .15
0.308577283

Conp .5

l.000o0o000

2nd PCA

04

02

0.0

Loadings Plot

13

5

14

-0.2 0.0

1st PCA

0.2

Loadings: Comp.1

alphal14 -0.283 -0.21
alpha2 -0.374 021
alpha?s -0.26 0298
alpha3s -0.102 0372
alphad 2 0161 0355
alphads 0287 0167
alphast 035 0172
alphat3 0251 -0258
alphatl -0.372 -0217
alpha77 -0.253 -0221
alphadd -0.249  -0437
alphad -0.115 02749
alphads 036 -0284
alpha 105 016 0257
alphat12 0347 0319
alpha119 0348 -0164

Comp.2 Comp.3 Compd

0283 0136
-0.135 -0.16
01681 -0.168
0165 -0.321

02 -0.317
0116  -0.515
-0.274 -0.115
-0.275 -0.37
-0.382 -0.159
-0.321 -0.32
-0.308) -0.256
-0.438 0114
0186 -0.138
-0.283 -0.125
-0178 -0.276
-0.201 0.11
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leen the distance between pairs of points, we don’t know the exact coordinates of the
points, or their dimensionality, or how the distances are calculated.

m  MDS is the method for placing these points in a low space such that the Euclidean
distance between them in the two-dimensional space is as close as possible to the given

distances in the original space.

Question: Given a dissimilarity matrix D of certain objects, can we
construct points in k-dimensional (often 2-dimensional) space such that

A

/
Goal of metric scaling
the Euclidean distances between these
points approximate the entries in the
dissimilarity matrix?

Goal of non-metric scaling

the order in distances coincides with the
order in the entries of the dissimilarity
matrix approximately?

B Zw(qu - dz'j)2
Stress = \l 'y dfj

Mathematically: for given k, compute points X;,...,X, in K-dimensional space such
that the object function is minimized.
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cell.matrix <- read.table(YeastCellCycle alpha.txt", header=TRUE, row.names=1)
n <- dim(cell.matrix)[1]

p <- dim(cell.matrix)[2]-1

cell.data <- cell.matrix|[,2:p+1]

gene.phase <- cell._matrix|[,1]

phase.name <- c('G1", "S", "S/G2", "G2/M", "M/G1l'")

cell.sdata <- t(scale(t(cell.data)))

cell.cor <- cor(t(cell.sdata))

cell.dist <- sqrt(2*(1-cell.cor))

cell.mds <- cmdscale(cell.dist)

plot(cell._mds[,1], cell.mds[,2], type="n", xlab="MDS-1", ylab="MDS-2"", main=""MDS for
Cell Cycle Data'™)

number <- c(1, 4, 5, 2, 3)[as.integer(gene.phase)]

phase.color <- c('green’, "blue"™, "red", 'gray", "yellow™)

text(cell.mds[,1], cell._mds[,2], number, col= phase.color[number])

legend(-0.7, 1.0, phase.name, pch="01234", col=phase.color)

MDS for Cell Cycle Data

1.0

0.5

MDS-2

0.0
1

-0.5
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Manifolds (i#i#2) and Nonlinearity:

A manifold is a mathematical geometric space and in which the local space is
Euclidean space.

Swissroll S-curve Locally Euclidean
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Machine learning for
nonlinear dimension reduction (NLDR) and
manifold learning

linear distance nonlinear path

ISOMAP (Tenenbaum, de Silva and Langford, 2000)
Local linear embedding (LLE)(Roweis and Saul, 2000)
Hessian eigenmaps (Donoho and Grimes, 2003)
Laplacian eigenmaps (Belkin and Niyogi, 2003)
Diffusion maps (Coifman et al., 2005) and their variants.
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Q‘

Tenenbaum , J. B., Silva, V. de, and Langford, J. C. (2000). A Global
Geometric Framework for Nonlinear Dimensionality Reduction,
Science 290, 2319-2323.

Isomap finds the projection that preserves the global, nonlinear
geometry of the data by preserving the geodesic manifold interpoint
distances.
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What is important is the geodesic distance!
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Tenenba,um, J.B., Silva, V.d., Langford. J.C.: A Global Geometric Framework for
Nonlinear Dimensionality Reduction. Science 290 (2000) 23192323

Geodesic Distance Approximation

k=17
%Y,
::‘Z?m K-nearest
by | neighbors
R (KNN)
. 0T \v

nxn
S M ensional
. caling
Reductio (MDS)

g 4

[SOMAP-1

nx2
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12.957

The shortest path by point 1 to point 10: 1 -3 —4 —6 -7 -8 —10
S5




k=7

k=17 ISOMAP-2
£ Neighboring s ot
¢-; 4.. i, reP 22 | agnT
"’"{? | ‘ ‘ and ‘ e &
e MDS

Algorithm of Isomap (Tenenbaum et al., 2000)

1. Calculate the distance dx(i,7) between all pairs 7,7 from n
data points in the p-dimensional input space.

2. Construct the graph by determining the neighbors for each
data point with e-Isomap or k-Isomap.

3. Pursue the shortest paths in the graph .
Initialize d¢(i,7) = dx (4,7) if i, 7 are neighbors; otherwise, set
de:(i,7) = 0. For each value of [ =1,2,.--.,n and for all 1. 7,
de:(i,7) are replaced by min{dq(7,7),d (i, 1) +da(l,7)}.

4. Apply classical MDS to Dg;.
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lymphoma dataset

Alizadeh ef al. (2000)

96 samples

854 genes

9 diagnostic classes
defined by Alizadeh ef al. (2000).

« DLEBCL

- Zerminal Centre E

« MILymph ModeTonsi
- Activated blood B

« Restingfacivared T

« Transformed cel ines
+ Follicular kmphoma
« Resting blood B

. CLL
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v Approximate geodesic distances reveal

F‘mgs biologically relevant structures in microarray data
1
3

Jens Nilsson™*, Thoas Fioretos?, Mattias Hoglund® and
Magnus Fontes!

" Centre for Mathematical Sciences, Lund University, Box 118, SE-221 00 Lund,
Sweden and 2Department of Clinical Genetics, Lund University Hospital,
SE-221 85 Lund, Sweden
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swissroll <- function(n, sigma=0.05){

angle <- (3*pi/2)*(1+2*runift(n));
height <- runif(n);
xdata <- cbind(angle*cos(angle), height, angle*sin(angle))

# angle <- seq((1.5*pi): (4.5*pi1), length.out=n);
# height <- sample(0:21, n, replace = TRUE);
# xdata <- cbind(angle*cos(angle), height, angle*sin(angle))

xdata <- scale(xdata) + matrix(rnorm(n*3, 0, sigma), n, 3)
order.angle <- order(angle)

sort.angle <- sort(order.angle, index.return=TRUE)

col.1d <- rainbowl30(n)

my.color <- col.id[sort.angle$ix]

colnames(xdata) <- paste(*'x", 1:3, sep=""")

Dim2

return(list(xdata=xdata, angle=angle, color=my.color))

}

source("'rainbowl130.r")

sr <- swissroll1(800)

library(rgl); open3d()

plot3d(sr$xdata[,1], sr$xdata[,2], sr$xdata[,3], col=sr$color, size=3,
xlab=""", ylab=""", zlab=""", axes = T)

library(vegan)

sr.isomap <- isomap(dist(sr$xdata), ndim=2, k=7) # try different k

plot(sr.isomap, col=sr$color)
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Aim: find differentially expressed
genes that can provide a basis
for the classification of lung cancer

subtypes (Garber et al. 2001).

8)
-‘\\Q

Samples: 73 samples were divided
into five diagnostic classes:
adenocarcinoma (Adeno, 41), large-
cell lung cancer (LCLC, 4), Normal
(6), small-cell lung cancer (SCLC, 5),
and squamous cell carcinoma (SCC,
17).

Genes: Nilsson et al. (2004) selected
a subset of 831 genes and performed
MDS and ISOMAP to visualize these
samples.

/INREATE (SCLC) | IR/ NNAAifi A (NSCLC): %R % (adenocarcinoma) ~ iRAHIHEHE(SCC) ~ AAlHEAE(LCLC) -
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K’ (l) — {.]1: .. -a]K’} K'-NNs with regard to D; ;
ifv (l) — {kl, .oy ka} K'-NNs with regard to ||x; — x| (excluding 7).

normalize overlap to the [0, 1] interval: M K — — N K

adjusted LC meta-criteria (Chen 2006) M

Lee, J.A., Lee, J.A., Verleysen, M., 2009. Quality assessment of dimensionality reduction: Rank-based criteria. Neurocomputing 72.
Chen, L., Buja, A., 2009. Local Multidimensional Scaling for Nonlinear Dimension Reduction, Graph Layout and Proximity Analysis > JASA
104(485), 209-219.
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my.coranking <- function(X.high, X.low){
# X.high <- iris[1:10,1:4]
# X.low <- princomp (X.high) $score[,1:2]

D.high <- as.matrix(dist(X.high))
D.low <- as.matrix(dist (X.low))
f <- function (x)

rank (x, ties.method = 'first', na.last = FALSE)
> LCMC }
function (Q, K = 1l:nrow(Q)) diag(D.high) <- NA # NA is rank 1
{ diag(D.low) <- NA
R.high <- apply(D.high, 1, £f)
nQ <- nrow(Q) R.low <- apply(D.low, 1, £f)
nkK <- length (K) table(R.high, R.low) [-1, -1]
N <- nQ + 1
if (nK < 0.2 * nQ) { }
lcmc <- numeric (nkK)
for (i in 1:nK) {
k <- KI[il]
leme[i] <- k/(1 - N) + sum(Q[ecm.UL K(k, nQ)l)/N/k
}
}
else {
lecmec  <- diag(apply(apply(Q, 2, cumsum), 1, cumsum))/(1:nQ)/N - (1:nQ)/nQ
lecme <- lcmc  [K]
icmc The co-ranking matrix [23] can then be defined as
lenviromnent: namespace:coRanking> Q= [qkl]lsk,IsN71 with i = {(1,])) : Pij = k and Ij = 1}
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coRanking

Calculate the co-ranking matrix to assess the quality of a diminsionality reduction.
coranking(Xi, X, input = c("data", "dist", "rank"), use = "C")
Arguments
X1i: high dimensional data
X: low dimensional data
input: type of input

Plots the co-ranking matrix nicely

ij

I’ij= 0

imageplot (Q, 1lwd = 2, bty = "n", main = "co-ranking matrix",
xlab = expression(R), ylab = expression(Ro),
col = colorRampPalette(colors = c("gray85", "red", "yellow",
"green", "blue")) (100), axes = FALSE, legend = TRUE, ...)
Mild K-extrusion Hard K-extrusion
Calculate the local continuity meta-criterion from a co-ranking matrix. My
LCMC(Q, K = l:nrow(Q)) L X A
UL,
Arguments k| . ‘
Q:a co-rankl.ng matrix N | . vild Keintrusion
K: vector of integers describing neighborhood size p;
v
Hard K-intrusion
N-1
The co-ranking matrix [23] can then be defined as 1L o
k h

Q = [qkf]l <kI<N-1 with qkf = |{(19J) . pU = k and rfj = l}" Figure 2: The co-ranking matrix with four blocks.
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co-ranking matrix

143

> library(coRanking) # install.packages ("coRanking")
> library (MASS) 1
> par (mfrow=c (2, 3))
> x <- iris[,1:4]
>y <- iris|[, 5]
> pca <- princomp (x)
> Q.pca <- coranking(x, pcaS$scorel[,1:2], input = "data")
> imageplot (Q.pca)
> lcmc.pca <- LCMC(Q.pca, K = 5:10)
>
> mds <- cmdscale(dist (x))
> Q.mds <- coranking(x, mds[,1:2], input = "data") W
> imageplot (Q.mds)
> lcmc.mds <- LCMC(Q.pca, K = 5:10)
>
> mylda <- lda(x, grouping=y)
> lda.dim <- as.matrix(x)%*%mylda$scalingl[,1:2]
> Q.lda <- coranking(x, lda.dim, input = "data")
> imageplot (Q.1lda)
> lcmc.lda <- LCMC(Q.lda, K = 5:10)
> 1
> names (lcmc.pca) <- pasteO("K=", 5:10)
> rbind(lcmc.pca, lcmc.mds, lcmc.lda)
K=5 K=6 K=7 K=8 K=9
lcmc.pca 0.6077763 0.6108427 0.6292106 0.6521421 0.6581158
lcmc.mds 0.6077763 0.6108427 0.6292106 0.6521421 0.6581158
lcmc.lda 0.3171096 0.3286204 0.3396868 0.3638087 0.3781158

> plot(pca$scorel[,1:2], col=as.integer(y)+1l, main="PCA")
> plot(mds[,1:2], col=as.integer(y)+1l, main="MDS")
> plot(lda.dim[,1:2], col=as.integer(y)+1l, main="LDA")

co-ranking matrix

149

co-ranking matrix

143

Comp.2

mds[, 1:2][2]

LD2

0.0 10

-1.0

0.0 10

-1.0

4 5 6 7 8 9
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UCI machine learning repository datasets
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DR as a tool of feature extraction.

0.025
04

0.015
03
nw oa'.h
0.20

0.2
0.10

Data set n

Waveform database generator (wav) 600 21 3 (200x3)
Wine recognition data (win) 178 13 3 (59,71, 48)

0.005
0.1
e
0.00

0.35

0.15
04

p_ G(np)
Wisconsin breast cancer (bcw) 683 9 2 (444, 239)
Glass identification (gls) 214 9 6 (70, 76,17, 13,9, 29)
Ionosphere (ion) 351 33 2 (225, 126)
Iris plants (iri) 150 4 3 (50x3)
BUPA liver disorders (1iv) 345 6 2 (145, 200)
Pima Indians diabetes (pid) 768 8 2 (500, 268)
StatLog vehicle silhouettes (veh) 846 18 4 (212, 217, 218, 199)
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Datasets  Publication n p G(np) Response
Brain Pomeroy et al. 2002 42 5597  5(10, 10, 10, 4, 8)  Different tumor types
Colon Alon et al. 1999 62 2000 2(22, 40) Tumor/normal tissue
Leukemia Golub et al. 1999 72 3571 2(47, 25) Subtypes of leukemia
Lymphoma  Alizadeh et al. 2000 62 4026  3(42, 9, 11) Subtypes of lymphoma
Prostate  Singh et al. 2002 102 6033  2(50, 52) Tumor/normal tissue
SRBCT Khan et al. 2001 63 2308  4(23, 20, 12, 8) Different tumor types
Brain Colon ° Leukemia
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