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Steve Cheng 72 & %%

( http://netstat.stat.tku.edu.tw )
R-Web 2 =4 74118 & % %(7 Data Mining)
( http://www.r-web.com.tw )
SPSS+R %5§ E WA GO ML R
APLA 1T AL T SR 2 8 T 1O 4
Upcoming: t#2* o 8% ~ 3 ¥ i kg 1+ + & R

— f’l‘ ﬁ__’El_r /J‘ 2



http://netstat.stat.tku.edu.tw/
http://www.r-web.com.tw/

o R %8 ?E? 1y

(s %F el I
o R ¢ A I H T
o R ¢ & kap HT
o R © g4 5 L (ANN)
o R ¢ R B LR & 47 (Association Analysis)

o R and Big Data
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REE RN GE S P
Vector &2 Array & E%ﬁ.r;;»
2SR B B R R )
El'vﬁy:(functlon)lz? £ (* (package) % 1 & H ~
5 X ]’]ﬂ
/’rﬁ’&gf /%é < mE i+ (package)? & 22 § 37
R#Z;\ ¥ 12 8 * C, Fortran, Java % #% ;%
T {7 3i& & (Parallel Computing)
=

BBIREFH VIR S DRER



R £2 SAS ~ SPSS 1% &
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Rk 1 58 + «hlg Bl i (3)

Murder rate:




price

- 1 £, » /
R #c § & B i (4)
0, K12 0, A% 0, BI| 2% 0.BXE
10000
® £
<o
5000 - iR =5 = :
@ e ’: “! house_type
0- i, : Wet | ok
1,08 1, Bl 2% *NE
* HIEF
*EXE
10000 -
5000 - ¢
00&.’:0 *
0— 1 | 1 1 1 1 1 1 1
600 20 40 600 20 40 60

house_age



Riix 8 98 ~ ch%g Bl #* a¢ (5)

o AR ARk B (PM10) R




RAZ 3¢ 47 b © 3% fF A 47

# 2L 1Q Bl AR

students = read.csv("d:/mydir/students.csv")
result = Im(scores ~ 1Q, data=students)
summary(result )

Call:
Im(formula = scores ~ 1Q)
Residuals:

1 2 3 4 5 6
2.4883 -1.0897 0.6060 -0.7132 -0.4453 -0.8461
Coefficients:

Estimate Std. Error tvalue Pr(>|t|)

(Intercept) -2.69628 5.05144  -0.534 0.621786
1Q 0.67207 0.04476 15.014 0.000115 ***

Signif. codes: 0 *** 0.001 ** 0.01 ** 0.05°‘"0.1 ‘"1
Residual standard error: 1.514 on 4 degrees of freedom

Multiple R-squared: 0.9826, Adjusted R-squared: 0.9782
F-statistic: 225.4 on 1 and 4 DF, p-value: 0.0001147



Rk e * cnspE (1)

® Bayesian Inference [ = %3t = ;=
® Chemometrics and Computational Physics

T
Clinical Trial Design, Monitoring, and Analysis

A= - A
Cluster Analysis & Finite Mixture Models & % & 47
Probability Distributions & 3¢ & fie
Computational Econometrics 3+ & & /7
Analysis of Ecological and Environmental Data
2B TRE AT
Design of Experiments (DoE) & Analysis of Experimental Data
E i

Empirical Finance B4 rc§ 734 47



R#cHE B * 4 (2)

Statistical Genetics & F] X3t

Graphic Displays & Dynamic Graphics & Graphic Devices &
Visualization &] 7 %~ 47

gRaphical Models in R &7 fi- %=
High-Performance and Parallel Computing
B EE T FEE

Machine Learning & Statistical Learning
BEFY - THED

Medical Image Analysis %’? - T8 WA L
Multivariate Statistics 7 % & 4 47

Natural Language Processing p X355 4~ 47



Rix 48 s * cv4p = (3)

—

Official Statistics & Survey Methodology </t 3 4
Optimization and Mathematical Programming & #c s i 1*
Analysis of Pharmacokinetic Data 2 = & 4 5 4 47
Phylogenetics ,x sviF 4 &

Psychometric Models and Methods = 72 & p| & 4 47
Reproducible Research & Z 4§ &l 4 7

Robust Statistical Methods 3 &7 s+ = /=

Statistics for the Social Sciences 4+ ¢ 5 i3t

Analysis of Spatial Data 7 ¥ *i3+

Survival Analysis 75 7% 4 17 ~ ¥ FLAE A 17

Time Series Analysis P& ¥ #c 7]
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Example: ¥, & Ly 75 B &

<
{

A=

& & L% 5% % (Bay Area) Shopping Mall

;'2"? bﬁpﬂgﬁf\ﬁi

9409 Tl%%’;‘%iﬁ » 14 1B A v 5Lt ik
P &% #c © income
%% % ¥ © sex, marital, age, education,

occupation, livetime, dualincome, persons, young,
house, hometype, ethnic, language



CHAID /& % A4 7T » F] &

2 1 37
6]
<
1:8 2 1 235784 69 17 25 37 4 69 78
\ PP N 2 LN N
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& * . Bank of America

v

3R TR B A

COMPLEX, MULTI-DIMENSIONAL DATA SETS POSE SPECIAL CHALLENGES FOR
FINANCIAL SERVICE FIRMS

R Helps Visualize Data and Speed Analytic Processes

#5252 Background
Bank Of Ame"ca // Predicting economic trends is an essential capability for large

financial service institutions. But sifting through mountains of
econometric data is no easy task, especially in today's rapidly
evolving global markets. With data flowing in from multiple sources,
banks and other financial service companies must leverage the
latest technologies to stay abreast of changing conditions.

Challenge
Large, multi-dimensional data sets pose enormous challenges for quantitative analysts. The ability to
visualize subtle trends within the data can accelerate the analytic process, creating significant potential

advantages in competitive markets. But traditional analytic techniques offer relatively little in terms of
visualization capabilities.



& * 0 Mu Sigma A EE R 2

»

J

BRiFAREEEE S E e RS T

'PORTFOLIO" STRATEGY HELPS FIRM MAINTAIN LEADERSHIP ROLE IN
COMPETITIVE MARKET

Analytics Outsourcer Leverages Continually Evolving R Library to Stay at the Cutting Edge

Background

‘ Mu Sigma is a pioneer in analytics cutsourcing and provides business
decision support services to clients worldwide. The company applies its

expertise in statistics and econometrics to help its clients solve problems

in marketing, risk and supply chain management.

Mu Sigma

Challenge

In today’s ultra-competitive and rapidly changing economy, the ability to predict customer turnover with
reascnable accuracy is essential to many of Mu Sigma’s clients. Large data sets pose difficult technical
challenges for older analytic methods, creating the need for newer, faster and more flexible strategies for
handling “big data.”



J&* : CardioDx sk Fl# B o &

S B AR M gk TR R g

COMPLEX DATA SETS IN GENOMIC DIAGNOSTICS REQUIRE MULTIPLE ANALYTIC
METHODS

Revolution Helps Accelerate Process, Reducing Project Time
Background
CardioDx is a cardiovascular genomic diagnostics company located in Palo Alto. The
s company fuses expertise in genomics, biostatistics, and cardiclogy to develop clinically
validated genomic tests that aid in assessing and tailoring care of individuals with

CARDIO DX cardiovascular disease, including coronary artery disease (CAD), cardiac arrhythmias,
and heart failure.

Challenge
Analyzing complex clinical data from thousands of patients, and leveraging the results to built diagnostic

algorithms used by physicians to determine the likelihood that their patients have obstructive coronary artery
disease.



}’?E»,’}* Pfizer (Fa3 )F= 7 ¢

7 F1F AL~ 47 ~ MicroArray 7 AL 4 47

PFIZER CASE STUDY

“De facto, R is already a significant component of Pfizer core technology.

Access to a supported version of R will allow us to keep pace with the growing

use of R in the organization, and provides a path forward to use of R in
regulated applications.”

James A. Rogers Ph.D., Associate Director, Nonclinical Statistics Group,
Ffizer Global Research and Development

Background

R is an implementation of the S language which, “forever altered how people analyze visualize, and
manipulate data” (excerpt from the citation accompanying the Association for Computing Machinery Award for
Software Systems, awarded to John Chambers in 1998 for his development of the language). Pfizer current
uses of R include the following:



B R B (1)

® Australian Taxation Office — Case Study

® MEM X3 22,000 f 1

® Revenue Collection and Refund Management
® Compliance and Risk Modelling

¢ 12M Individuals, $450B Income, $100B Tax
e 2M Companies..., $1800B Income, $40B Tax

2005 F A R MBEERE !




B? RN R (2)

OB FEFE

High Risk Refunds

Required to Lodge (S110M)

Assessing Levels of Debt

Propensity to Pay

Capacity to Pay

Determining Optimal Treatment Strategies
ldentity Theft — eTax and International
Project Wickenby Text Mining



% B Fraunhofer p4 5 g B = &

+ 60 T L 1515 - 80 BAT Y H i
« 18000 B F 1 » 7 & 1.65 HEc~
* http://www.fraunhofer.org

A case study on using generalized

additive models to fit credit rating
Scores (% = 3 # =LA + % 1)

( Marlene Miiller,

marlene.mueller@itwm.fraunhofer.de )


http://www.fraunhofer.org/
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Short Summary about R

c BIFEFTH N RE

o GBI VA H B AFNE D B S HE
C BRSBTS

o B LTI LT H s FER i

=R 1

* PR BARPIRS CAFHEY S s
* APORIFMEYL XU RS )

© HE R K A5 (GUI)

- B3 = BA > o Big Data Solutions.



B FLIR #4 (Data Mining)



;;f‘ FLIEHs 0 F ¥ nB s R

g /2| (Prediction) &% 7% 3+ (Estimation)
B # (Clustering)

% ¢ (Classification)

LRl (Association) &% & 71 (Sequence)



R R R
5
g

i+ /&7 (Regression Trees)
TRIR 7 A R A 5 B (ANN) B



B # B w(Cluster Analysis)

« K-Means & # 4 47

* Hierarchical £ 3 %~ 7

o Fuzzy B 3 4 47

* SOM (Self-Organizing Map) 3 ¥

H s :e.g. %A H (%)% 4 #7,Factor Analysis)



LR/ B P 5

o [ B & 47 (Association Analysis)

{F#}-> {4 7
{Brs% &~ £ 3% &}->{Sonyip 8}

* 5 747 % (Sequence Discovery)



150 XERET , B—rxbALERE. TERE. liRE. wliEE.
miEit 5 EEH

> Iris

Sepal.Length  Sepal.Width Petal.Length Petal.Width Species
1 5.1 3.5 1.4 0.2 setosa
2 4.9 3.0 1.4 0.2 setosa
0 PP
149 6.2 3.4 5.4 2.3 virginica
150 5.9 3.0 5.1 1.8 virginica

> iris$Species
[1] setosa setosa setosa setosa setosa setosa

[145] virginica virginica virginica virginica virginica virginica

Levels: setosa versicolor virginica



R: rattle &

I|brary(rattle) rattle()

2) Petal.Length< 2.6 33 ©
3) Petal.Length==2.6 72 35
6) Petal.Length< 4.85 37
7) Petal.Length>=4.85 35

Classification tree:
rpart(formula = Species ~ .,

[1] Petal.Length

@ R Data Mmer [Rattle (iris)] -

Project Tools Settings Help

& O B G B @ <

;BT R BHE  BZE Report Export FlE #=F

"-Data| Explore | Testl Transforml Clusterl Associate] Model lEvaluate | Log‘

Type: @ Tree (7) Forest Boost ) SVM () Linear Neural Net Survival @ All

Target: Species Algorithm: @ Traditional () Conditional

Min Split: 20 = Max Depth: 30 '-;‘ Priors:

Min Bucket: 7 Complexity: 0.0100 = Loss Matrix:

1) root 105 68 virginica (0.31428571429 0.33333333333 0.35238095238)

setosa (1.00000000000 0.00000000000 0.00000000000) *
virginica (0.00000000000 0.48611111111 0.51388888889)

3 versicolor (0.0000000EAEO 0.91891891892 0.08168108168) *
1 virginica (0.00000000000 0.02857142857 0.97142857143) *

data = crssdataset[crsstrain, c(crssinput,

crsstarget)], method = "class", parms = list(split = "information"),
control = rpart.control(usesurrogate = 0, maxsurrogate = 0))

Variables actually used in tree construction:

Root node error: 68/105 = 0.64761905

n= 105

CP nsplit rel error xerror xstd
1 0.48529412 0 1.000000000 1.16176471 0.065042415
7 A ARRRR72% 1 A S147ASRR2 A 77?ASRR%4 A ATS177ARAA



ISR N s, Rk A

B4 TORARAEAS S B 5 VAR & 2 Rl A
Splitdata = function(data,p=0.9) {

#p = Uk~ IE 2 IRELB B B

index = sample(2, nrow(data), replace = TRUE,

prob=c(p,1-p))

train = data[index == 1, ]

test = data[index == 2,]

out = list(train=train,test=test)

return(out)
}
A3 FORAY 0 2 Y REchiry B i
notY = function(data,Yname) {

return(data[ ,-which(names(data) == Yname)]) }



PIHER A vs, BTk A

out = Splitdata(iris, 0.9) # 2" 5% & £90%, Pl:EH A +10%
Dtrain = outStrain H20AE A
Dtest= outStest #pliE R A

Xtrain = notY(Dtrain,"Species")]
Ytrain = DtrainSSpecies

Xtest = notY(Dtest,"Species")
Ytest = DtestSSpecies



R e 3 4 47 Packages/Functions

K-Means
Hierarchical
Hierarchical

Fuzzy Clustering

AR FETERE H

base

base

cluster

cluster

fpc

kmeans

hclust

agnes

fanny

pamk




o AR &

BOPRBSFORAG Y i iE R ik
NumVars = function(data) {
nc = ncol(data)
keep = numeric(nc)
i=0
for (1 1in 1:nc) {
1f (1s.numeric(data[,1])) {
j=3+1
keep[j] = 1
}
}

return(as.matrix(datal ,keep]))



K-Means £ # 4 37

# X% %K e 7 kmeans & #

iris2 = NumVars(iris)

ncluster =3

result = kmeans(iris2,centers=ncluster,nstart=10)
result

resultScluster # %81 % BLZ Bk 3
table(resultScluster) # 3+ 35 % # hfic P
plot(iris2, col = resultScluster)
points(resultScenters, col = 1:5, pch = 8)
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AT B 1E A ERHCP

library(fpc)
#Elbk 2~ 6 BF

pamk(B2,2:6)

Output:

$pamobject

Medoids:
ID tract lon lat medv cmedv crim
zn 1ndus  nox rm age

468 468 1101 -71.066 42.1780 19.1 19.1 4.42228
0 18.1 0.584 6.003 94.5

223 223 3733 -71.125 42.2134 27.5 27.5 0.62356
0 6.20.507 6.879 77.7

dis rad tax ptratio b Istat
468 2.5403 24 666 20.2 331.29 21.32
223 3.2721 8 307 17.4 390.39 9.93

Clustering vector:

1 2 3 4 5 6 7 8 9 10 11 12
13 14 15 16 17 18 19

11 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1

20 21 22 23 24 25 20 27 28 29 30 31
32 33 34 35 36 37 38

11 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1

495 496 497 498 499 500 501 502 503 504 505 506
111 1 1 1 1 1 1 1 1 1

sSnc
[1] 2

# 5 1E cluster B{H : 2



SOM: Self-Organizing Map




SOMbrero % #: iris F 4%

# SeZE8E glam, knitr, igraph Eff

install.packages("SOMbrero",
repos="http://R-Forge.R-project.org")

library(SOMbrero)

set.seed(4031730)

result = trainSOM(x.data = 1ri1s[, 1:4], verbose = TRUE,

nb.save = 9)

result$clustering

table(result$clustering)

summary(result)



SOMbrero # i

oldpar=par() ; par(mfrow =c(2,2))

plot(result, what = "obs", type = "color", variable = 1, print.title = TRUE,
main = "Sepal length")

plot(result, what = "obs", type = "color", variable = 2, print.title = TRUE,
main = "Sepal width")

plot(result, what = "obs", type = "color", variable = 3, print.title = TRUE,
main = "Petal length")

plot(result, what = "obs", type = "color", variable = 4, print.title = TRUE,
main = "Petal width")

par(oldpar)

plot(result, what = "obs", type = "boxplot", print.title = TRUE)

plot(result, what = "obs", type = "names", print.title = TRUE)

predict(result, iris[1, 1:4])

resultSclustering[1]



SOMbrero Plot (1)

Sepal length Sepal width
Clsker s Cluster 10 | Cluskr 15 | Clusker 3 | Clusker 25 Clusker 30 | Clusker 25
Chekr 4 ClekrQ Chekr 14 | Clusker 19 | Cluster 24 Chekr 4 Clekr 9 Chekr 14 | Cluskr 19 | Clusker 24
Clietker 3 Cliekr 2 Cheker 12 | Chusker 12 | Clusker 23 Clueker 2 ClLekr 28 Clieker 13 | Clusker 12 | Clusker 23
Clueker 2 Clekr 7 Clieker 12 | Clusker 17 Clielkr 22

ClLeker & Cluster 11 Clueker 16 Clueter 21

Petal length Petal width
Clusker 5 Clusker 10 | Clusker 15 | Clusker 20 Clusker 25 Clusker 5 Clusier 10 | Clusker 15 | Clusker 20 Clusker 25
Cuskr 4 Cluskr @ Clusker 14 | Cluskr 19 Clusker 24 Clusker 4 Clusker @ Clusker 14 | Cluskr 19 Clusker 24

Chuster 18

Clekr 18 | Clusker 23

Clusker 17




SOMbrero Plot (2)

Observations overview




SOMbrero Plot (3)

Observations overview

Cluster 5 Cluster 10 Cluster 15 Cluster 20 Cluster 25
37 21g 2610
11 2428
157746 | 473038 | T 50435523 | agiiin a2
33 146 495 18 40 36413 43
12
442?25 9248
G |uster 4 C |uster 9 Cluster 14 Cluster 19 C|uster 24
9499
5261
Cluster 3 Cluster & Cluster 13 Cluster 18 Cluster 23
111 107
1688" | 1agl%0e | soBSZe | oBTE | S2520
57137 12 64 5455 13068 5400
89 63
G luster 2 Gluster T Gluster 12 Cluster 17 G luster 22
1 129
144182 {05 72 88
E%1 146117148 52 74 120
142141 113 104 69
101 123
Cluster 1 Cluster & Cluster 11 Cluster 16 Cluster 21
132 131,123 77 124135
126 168130 597g 12775 109112
119 136 7657gg 55 73147115
102119 5357 134 841141413
106 15%;




& 38 1 Confusion Matrix(GR /% 4

confmatrix = function(Y,Ypred) {
t1 = table(Y,Ypredict=Ypred)
print(tl)
p = sum(diag(t1))/sum(t1)*100
cat("\n\nTECHIIEMER = ",p,"% \n")

# Example:

library(tree)

result = tree(Species ~ ., data=iris)
pl = predict(result,type="class")
confmatrix(irisSSpecies, p1)

TEHITERER = 97.33333 %

—

nﬁ‘_)

0
3
49

#ETEESR
Ypredict
setosa versicolor virginica
setosa 50 0
versicolor 0 47
virginica 0 |



& 5@ F pe(Classification)

Logistic 1% Eﬁ%"ﬁ?;‘

] %) & $7(Discriminant Analysis)

4 3% A Classification Trees)

“T 1% #+k(Random Forest)

g4 i 4 B (Artificial Neural Network)

£ FF e £ #(SVM:Support Vector Machine)
F. 3% & #f B (Bayesian Classifier)



A~ 3 #H Decision Trees)

Stock Levels

Buy All Buy 10 Buy 5 Don't Buy Buy 5 Don't Buy
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Step 1.
Step 2.
Step 3.
Step 4.
Step .
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A~ 3 #H Decision Trees)

R TR A

1. #~##H(Classification Tree): P &% #ci 4~ 5 % #c
2. it jF#H(Regression Tree) : P %8s B ¥ ¥

W AW A Algorithm -

CART (% #g/:% b )

CHAID (% #f)

QUEST (4 %7 /1% §F )

C4.5 (A% /@ )

Random Forest (4 #f/it jF)

Mob, Cubist (i Eﬁf) : Model based trees

Sy Ol i WO DN —



]2 A
L AT L .
7z fa RPN A 2
SEEGAIRE LS [y E LS [y E VK| LS [
A = 2 2 2 DLk EgE: 2 DL
TIHE: 2
o1~ SR BE /25588 BE /255858 B EE R
43 [ FH A 75 /F faE Gain ratio K E Gain Ratio
A 3% E R o) o) X X
Emises
ENKEED HIEVEAR MGV Stopping Rules  [E]HF 47 <7 B
o XY EEEE B AR s E
BHRE mﬁi;‘i REESEEE STHEBERER  [ERER
I Rwaib =l T T




CART

CHAID

C4.5

C5.0

Random Forest

Model based Tree

Model based Tree

rpart , tree

CHAID (in R-Forge site)

RWeka

C50

randomForest

party

Cubist

rpart, tree
chaid

J48

C5.0
randomForest
mob

cubist



http://r-forge.r-project.org/

R 4 g\?}fﬁ’ﬁ'ui{ﬁ & 33\:‘: E: (1)

result = o & FE(Y ~ X+ X+ +X, B @ E )
HY & 5 » 5% %8> § = Factor 3| i
#g'Yy~." N & K,f Y2 thendry BEISL AR R
e.g result =tree(score ~1Q + gender, data=students)
result = tree(score ~ ., data=students)

o

result 2 summary(result) # & 53-8 %%
names(result) # & 3 | mIE A
plot(result) # plot(result); text(result)



R 4 #g Bl * 3572 (2)

EARRE
(1) 2+ & 2 3 4% A crsEipl o 5 & FERE
Ypred = predict(result , type="class")
Ypred = predict(result)
(2) 3+ 5 RIFFBR & R A 2 N TR R
Ypred = predict(result , new_data,
type=“class”)

Ypred = predict(result , new_data)



R 4 #f S0 fcid * 3% (3)

L sE A R % 4B (confusion matrix)
ctable = table(Y % # ¥ §&, Ypred)

KRR R R R RS

sum(diag(ctable))/sum(ctable)

% G e 3+ 8 MAPE (Mean Absolute Percentage Error)
MAPE = function(Y, Ypred) mean(abs((Y - Ypred)/Y))
MAPE(Y, Ypred) 5, -y,
Vi

1
MAPE = EZ




Example: CART Tree(1)

library(rpart)

result = rpart(Species ~ . ,data=iris); plot(result2); text(result2)
Ypred = predict(result,type="class")

confmatrix(iris$Species, Ypred)

Ypredict
Y setosa versicolor virginica
setosa 50 0 0
versicolor 0 49 1
virginica 0 5 45

TEHITEESR = 96 %

result$variable. importance

Petal .Width Petal.Length Sepal.Length Sepal.Width
88.96940 81.34496 54.09606 36.01309



Example: CART Tree(2)

PetaI.Lenlqth< 2.45

Petal Width< 1.75

SSSSSS




Example:C4.5 (J48 in Rweka)
#148: 7 £ % % partykit 2 Rweka & i#

library(RWeka)

result = J48(Species ~ ., data =iris)
result

summary(result)

plot(result)

Ypred = predict(result)
confmatrix(irisSSpecies, Ypred)



Example:C4.5 (continued)

J48 pruned tree

Petal .Width <= 0.6: setosa (50.0)
Petal .Width > 0.6

| Petal . Width <= 1.7

| |  Petal.Length <= 4.9: versicolor (48.0/1.0)
| |  Petal.Length > 4.9

I I |  Petal .Width <= 1.5: virginica (3.0)

I I | Petal.Width > 1.5: versicolor (3.0/1.0)
|  Petal .Width > 1.7: virginica (46.0/1.0)

Number of Leaves 5

Size of the tree : 9



Example:C4.5 (continued)

-_——= Summary -_—=

Correctly Classified Instances
98 %

Incorrectly Classified Instances
2 %

Kappa statistic
0.97

Mean absolute error
0.0233

Root mean squared error
0.108

Relative absolute error
5.2482 %

Root relative squared error
22.9089 %

147

Coverage of cases (0.95 level)
98.6667 %

Mean rel. region size (0.95 level)
%

Total Number of Instances

=— Confusion Matrix —

a b ¢ <--classified as
50 0 Ol a=setosa

049 11 b =versicolor
0 248 | ¢ = virginica

TRATIERERR © 98%

34

150



0.8
06
04
0.2

Example:C4.5 (continued)

Node 2 (n = 50)

setosa

1A

0.6

Petal.Width

0.8
06
04
0.2

Node 5 (n = 48)

T
setosa

_—
I

0.8
06
04
0.2

=06

16 |
Petal Width

<15

73
Node 7 (n=3)

T 1
setosa

=15
Node 8 (n=3)

: Jl 1
08 0.8
06 06
04 — 04
02 — 02

P R v 0

setosa

Petal Width

>17\

Node 9 (n = 46)

=

1
setosa




Example: Random Forest

library(randomForest)

set.seed(71)

result = randomForest(Species ~ . , data=1ris ,
importance=TRUE, proximity=TRUE)

print(result)

round(importance(result), 2)

names(result)

( t = result$confusion )

t =t[,1:3]

sum(diag(t))/sum(t)



Example: Random Forest (2)

Type of random forest: classification
Number of trees: 500
No. of variables tried at each split: 2

O0OB estimate of error rate: 5.33%

Confusion matrix:

setosa versicolor virginica class.error
setosa 50 0 0 0.00
versicolor 0 46 4 0.08
virginica 0 4 46 0.08



Example: Random Forest (3)

# RSB ER

setosa versicolor virginica

Sepal.Length 6.04 7.85 7.93
Sepal.Width 4.40 1.03 5.44
Petal.Length 21.76 31.33 29.64
Petal .Width 22.84 32.67 31.68
MeanDecreaseGini
Sepal.Length 8.77
Sepal.Width 2.19
Petal .Length 42 .54
Petal .Width 45.77
#sum(diag(t))/sum(t)  # TEOHIIEAfERS

[1] 0.9466667

MeanDecreaseAccuracy
11.51
5.40
32.94
34.50



% Eﬁf‘z}%j: BostonHousing F il

# Boston Housing: 506 {E4IRITHEER, F—EH 14 [HER

# medv : ZEEEFEEEOFAE (median). H{r: 1000 EJT
#rm . ZEFEEHFEEEE (rooms)

# dis : ZEFEEENHE S (EpgEEAT IR e

# Istat : ZE(EULAFEEHI, crim @ ZEILIER

library(mlbench) ; data(BostonHousing)

library(rpart)
result = rpart(mdev ~ . ,data=BostonHousing)
result ; summary(result)

plot(result);text(result)

Ypred = predict(result)

MAPE(Bos tonHous ing$medy, Ypred)
[1] 0.1545698



% Eﬁ?zf%j: BostonHousing F il

11.98

rms< (IB 941

Istat=+14 4

1714

21.66

dis==

1.551

27.43

38

23.06

m< o

33.74



B 55 B (ANN)

Input layer =~ Hidden layer Output layer

Outputs




* Input: X;, X,, ..., X, , Output:Y
. —TI%ANNE’ﬁgig?J»%wg%/é] ﬁ%] R
e YengTE =f(SwX-0)
Hoe w3 & X e, 0 5 @ (threshold), £(.) & 3 281 & ik

weights

activation
functon

f

X ._.. net input
B net,

transfer
- function

6.
X ]
! @ threshold

o

activation




R - ANN E #

nnet: ¥ — *£& & ANN

neuralnet: Ti'J 2% ANN

RSNNS: # 7 MLP, RBF, SOM, DLVQ 4§
pnn: % & 3 ZE’ Rl =8

popsom, som, SOMbrero: SOM 3 i,

o>

n\.



library(nnet)

result = nnet(Species ~ ., data =iris, size=3)
a 4-3-3 network with 27 weights

Ypred = predict(result, type="class")
confmatrix(irisSSpecies, Ypred)

Ypredict
Y setosa versicolor virginica
setosa 50 0 0
versicolor 0 49 1
virginica 0 1 49

TEHIIERER = 98.66667 %



3 B D neuralnet

library(neuralnet)

y=as.numeric(irisSSpecies)

iris2=data.frame(iris[,1:4],y)

result = neuralnet(y~Sepal.Length+Sepal. Width+Petal.Length+Petal Width,
hidden=c(3,2),data=iris2)

result

cf=compute(result,iris2[,1:4])

Ypred = round(cfSnet.result)

confmatrix(irisSSpecies, Ypred)

Ypredict

Y 1 2 3
setosa 50 0 0
versicolor 0 49 1
virginica 0 0 50

TEURIIERER = 99.33333333 4



SVM: Support Vector Machine

library(e1071)

out = Splitdata(iris) ; iris.Train = outStrain ; iris.Test = outStest
result = svm(Species ~ . ,data=iris.Train)
print(result)

summary(result)

2 SR A TRRI T R

Ypred = predict(result, iris.Train)
confmatrix(iris.TrainSSpecies,Ypred)
S s A P I

Ypred = predict(result, iris.Test)
confmatrix(iris.TestSSpecies,Ypred)



SVM (continued)

# FlGRiEA
Ypredict
Y setosa versicolor virginica
setosa 45 0 0
versicolor 0 479 2
virginica 0 2 45

TEHIIEREZS = 97.05882353 %

# ISR
Ypredict
Y setosa versicolor virginica
setosa 5 0 0
versicolor 0 6 0
virginica 0 0 3

FOMIERER = 100 %



fod B3 R A FT

Ja 32 123 support i confidence $* 5 7|
,F""'( Jos v .

L 5
=4 #ic TR MR
tl 1 1 0 0 1
t2 1 0 1 1 1

o RPIX>Y (He XBYZFEqEE)

e {4, 37 ) > (47
* support=X & Y NI OTH )/ rr b ﬁ::
 confidence=X2Y R IRt H /X IR =T#H
* lift = 7 %2 Confidence/5g ¥ s-:Confidence



Support,Confidence, Lift

frq(X,Y)
N

Support =

y,

Rule: Confidence= Jrq(X.T)
X=Y \—..- fi (D)
Support

Lift =

Supp(X') x Supp(Y)



RE B 47 ¢ arules E 2

library(arules)

# 1 * iris LA

#9773 BolE ¥ B L = 4 §F % 8k (factor & ordered factor)
Sepl = ordered(cut(irisSSepal.Length,breaks = 4))

SepW = ordered(cut(irisSSepal. Width, breaks = 4))

PetL = ordered(cut(irisSPetal.Length,breaks = 4))

PetW = ordered(cut(irisSPetal.Width, breaks = 4))

iris2=data.frame(SepL,SepW,PetL,PetW,Species=irisSSpecies)
iris3 = as(iris2, "transactions")

rules = apriori(iris3,parameter = list(supp = 0.2, conf = 0.6, target = "rules"))
summary(rules)
inspect(head(sort(rules, by = "support"), n = 100))



arules: iris 7 4% Output

lhs
1 {Species=setosa}

2 {PetW=(0.0976,0.7]}

3 {Species=setosa}

4 {Petl=(0.994,2.48]}

5 {PetW=(0.0976,0.7]}

6 {Petl=(0.994,2.48]}

=

=

=>

=>

rhs
{PetW=(0.0976,0.7]}

{Species=setosa}

{Petl=(0.994,2.48]}

{Species=setosa}

{Petl=(0.994,2.48]}

{PetW=(0.0976,0.7]}

support confidence lift
0.3333333333 1.0000000000 3.000000000

0.3333333333 1.0000000000 3.000000000

0.3333333333 1.0000000000 3.000000000

0.3333333333 1.0000000000 3.000000000

0.3333333333 1.0000000000 3.000000000

0.3333333333 1.0000000000 3.000000000

# % Lift {Hi8# 1.0 B X B2 Y BRBH &S



Big Data ? Hadoop?

Don't use Hadoop - your data isn't that big

T’F—‘Fﬁ‘ Chris Stucchio 30, 5 -
'5TB r» )’]‘*u;?—,? & Hadoop. |

=2

= .
2% % Rama Ramasamy ™ J§ :

"Considering I've managed hadoop from 0to 40+ PB in a
single cluster , my magic nhumber for hadoop and datasize

would be 20 TB.


http://www.chrisstucchio.com/blog/2013/hadoop_hatred.html

Big Data vs.#% & g ?

ﬁ Google Ads 50 /I EENBUE ~ sDMER - FK %A/m
i - FreH - JUGENE > BREERE - B - g A X
B

' Yahoo ¥ B3k = EXHhfEEK (hockey) ~ Rap ~ #£/5%% - &&Y -
T REfA ~ IREE ~ {bil: 0 (£ Mac 8BRS - (FAEAEY |

"BlueKai S 5T 52 18 ~ 19 BAVER LM » HFHMEI
A2

2011/03/10, P& % 22 35(Time) i %, Joel Stein
-- Data Mining: How Companies Now Know Everything About You



http://content.time.com/time/magazine/article/0,9171,2058205,00.html

Big Data =i A,

% 1 Big Data > ARE

Comment:
it AR BT, R T

Big Data tF{ A F & I T AL & eh+ o] & i
I

¥ 3\ i & 4 47 Big Data BF >
dﬁmﬁA%%ﬁﬁm B AT P
algorithms o

% ;},7'( #75 ﬁ:il z‘/zuf‘z\,l. ;l?"g ";‘z" /‘T

CJ \h

-

N

g
’
’

(¢}

7

N

—

. [ A
N N
3\

a4
o
v

SO ™
= f_xﬂ

SMe



Ll

¥uz vs. Big Data

Q : BigDataz #T/ag AL ig Kbk A FF
R TR L AIRE RS E O

Example: ¥8— g 4] & AT RES ¥,

(1)@5}%—??‘%: e vk ‘"ﬁ‘;‘ﬁﬁ: RN ?ﬁ?‘
eg. EEIv ¢ PR TR k&
(2)2 & F 3 ¢ SEH 0 E 1000 A AT R X



Big Data 4 #7:% &

L H =Rl e
1~ 2 T/ T g

FrRte 3 T oA (e SAS) %
e P g, S)? FAE&E ? In-

z”'\‘:i |3 A5 22 AL > - e
PO A E e L‘ﬂr*\ R Pare Rt ¥
N TR R PP

77 02 A_E AL “'E!’f'] £ =Vl N

4,40 je =t E o> 2L E R B E-F -9



Big Data 4 7%f 4|

[ FHASL DA~ &8 g e
2. ®JFsezt 1 T i5%c > counting ~ vt By
3. — RS E i E - ANOVAE



A +7 B vs. Big Data

2+ 802 B (Algorithm) =% &

A S R NECY X R L

i te, g 95 A7 2] (Chunking) & %

Bic® te.g. MLE 3 &

FRACH + P /TR T
T

& ¢ e.g. Streaming Data



— g’, j"\ \»i ) . ;:::F, p((( ?\,,
R T =~ -] vs. & "aie R
R srddr =@~ -] @ 1B ¥
At 16 A R A
1 & 0.0763 Mb
10 & 0.763 Mb
100 & 7.63 Mb
1000 & 76.3 Mb
10000 & =1 {&|763Mb=0.75 Gb
1000% £ F4L ~ 100 %

=> 0.075x100 = 7.5 Gbh
=5k 7.5 Gbx3=225Gb<32Gb

=> INEFEE



R and Big Data

8 Gb =it @ &7 a2 1008 £ 3R
16 Gb z=a#d @ B¥ E4&S2 5008 £ 7
32 Gb z=fat @ ¥ "2 1000
64 Gb =it @ &7 E 1AL 2000
174 2 v ATB/PB% % @ £ ped57k RE

Fle @i o 2 % & PRtk (E Rt
SRR O A R TG



bigmemory

ff

DatABEL

pdbBASE ( % # - 7 i id2)

RMOA =R + MOA (Massive Online Analysis)
Resolution R Enterprise: xdf 4§ % # 3
Oracle R Enterprise: in-database & ¥

R + Hadoop +/- Mahout



