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list Weka_interfaces()

e Normalize() To W B bR UE AL E S M B
Discretize() A B B A I S U
Cobweb() Cobweb %y
FarthestFirst() BRI I ALL K S3 4B SR 2R B
clusters SimpleKMeans() k| ¥
XMeans() S KA, RE E Bk E Rl %L
DBScan() RETHENRETE
_ Apriori() Apriori (=R7S
associators Tertius() Tertius Bk




R BERSEIZAMEARY Weka &%

classifiers

1BK() K| 4B
Lazy LBR() naive Bayes
J48() C4.5 PEME L, Quinlan (1993)
LMT() HEw e fyrLogistic  [H[H4AY, Landwehr
Trees (2005)
M5P() HE T A2 EH A, Quinlan (1992)
DecisionStump() L o S RPN
AdaBoostM1() ,(Bi%aglgost M1 Jj5y%, Freund and Schapire
Bagging() Bagging  &y:, Breiman (1996)
Meta : ] plogistic A1), Friedman, Hastie and
LogitBoos() ribshiran (2000)J
Stacking() Stacking , Wolpert (1992)
MultiBoostAB() AdaBoost TVERIME, Webb (2000)
LinearRegression() 214 7] 15
Functions |SMO() S HEAENL
Logistic() logistic ElE|
JRip() RIPPER 7574, Cohen (1995)
FAMS 537 Az [B] U 1) @ sk SR R0, Hall, Holmes
Rules HBIRUES] and Frank (1999)
OneR() fa] #.) 1-R 4327k, Holte (1993)

PART()

P4 PARTR S HLN], Frank and Witten (1998)




BAE T——J48

1

library(RWeka)
data(spam, package = 'ElemStatLearn’)
s <- sample(1:nrow(spam), round(nrow(spam)/3,0))

M.J48 <- J48(spam ~ ., data = spam[-s,],
control = Weka_control(M = 100))

ZRIER

J48 pruned tree
L.7T «=
L.53 <= 0.053
L.23 <= 25

L.16 <= 0.2
L.52 <= 0.106: email (1477.0/81.0
L.52 > 0.106

L.55 <= 2.655: email (269.0/43.0
L.55 > 2.655: spam (102.0/40.0)

L.16 > 0.2
L.52 <= 0.198: email (117.0/28.0
L.52 > 0.198: spam (103.0/18.0

L.23 > 0.25: spam (41.0/3.0)
A.53 > 0.053: spam (432.0/74.0)
4.7 > 0: spam (526.0/30.0)

Humber of Leaves

S5ize of the tree :



Weka Option Wizard

WOW/(J48)

-O | Do not collapse tree.
Set confidence threshold for pruning. (default O .25)
-M | Set minimum number of instances per leaf. (default 2)

n Use reduced error pruning.

-N | Set number of folds for reduced error pruning. On
fold is used as pruning set. (default 3)
n Use binary splits only.

Don't perform subtree raising.

Do not clean up after the tree has been built.

Laplace smoothing for predicted probabilities.

-J |Do not use MDL correction for info gain on numeri
attributes.

-Q | Seed for random data shuffling (default 1).
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predict  Z—MZRKE, /£ RWeka &, BERXEKT
» predict.Weka classifier

o predict.Weka_clusterer

predict & ¥(classifier) XEF type ZH, HANIEDUN:
« Class : %t 7tz
e Probability  : % HNAER

p.J48 <- predict(M.J48, spam]s,], type = ‘class’)
table(spam$spam, p.J48)
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e <- evaluate Weka_classifier(M.J48, newdata = spam[s,],
cost = matrix(c(0,2,1,0), ncol = 2),
numFolds = 10, complexity = TRUE,
seed = 123, class = TRUE)

e$details
> exdetails
poctlorrect poctincorrect poctlUnclassified kappa
286.8318123 13.1681877 0.0000000 0.7233885
meanibsoluteError rootMeanSquaredError relativelbsoluteError rootRelativeSquaredError
0.2086155 0.3256297 44 . 0108071 66.8901385

FEFIR T

details HAGIHEE | QIEMRE

string MeEmitER | LAFRFERN

detailsCost CostRmit{ER

detailsComplexity HTFentropylI%Eit

detailsClass SBEMNGFIHSE |, Wrecall, precision, AUCE:

confusionMatrix p =]
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library(RWeka)
data(spam, package = 'ElemStatLearn’)
M.PART <- PART(spam ~ ., data = spam,
control = Weka_control(M = 100))

ZRER R

0 AND
0.055 AND
0.25 AND

- -

0.378: email (2697.0/246.0)

.

LA L |

P
n
WO
Il
[

0.4 AWND

: Spam (1557.0/103.0)

=R
n
[Te]

B.25 <= 0.21 AND
B.21 <= 0.33: email (139.0/36.0)

L.25 <= 0.21: spam (105.0/38.0)

: email (103.0/710.0)

Mumker of Rules : 5



HiAE +——M5P

M5PEERIABERLGH LU , BBEME T , RAIMSPEIAIEMAIM
F E(ER 7 SR IRE,

library(RWeka)
DF3 <- read.arff(system.file("arff", "cpu.arff",

package = "RWeka"))
m3 <- M5P(class ~ ., data = DF3)

M5 pruned model tree: _ _ LM num: 4
(uzing smoothed linear models) claszs =

CHMIN <= 7.5 : LM1 (165/12.903%) ‘LLDf?fE“ HE;EW + 0.0086 * MMIN
4+ 0 = TN e S
CHMIN > 7.5 : . To.oeE i + 31 * MMAX
MMAX <= 28000 : T 0.0031 = MMEX + 0.6547 * CACH
MMAX <= 13240 : T D.7888 7 CACH - 2.3561 * CHMIN
— o CHMTHE o R
CACH <= 81.5 : LM2 (8/18.551%) 2 qgf: :;?:I 4 1.1597 = CHMAX
+ o7 CHMR .
CACH > 81.5 : LM3 (4/30.824%) S X + 82,5725
o a i

MMRX > 13240 : LM4 (11/24.185%)

MMAX > 28000 : LMES (23/48.302%) R LM num:
LM num: 3 clas=s =

class = 0.4882 * MYCT

in

class = —1.2037 = HICT + 0.0218 * MMIN
-0.0055 * MYCT + 0.002 & = MMIN + 0.003 * MMAX
e A oAnTA w T + 0.0031 = MMRX + 0.3865 * CACH
. i'iig: . EEA; + 0.7995 * CACH ~ 1.3252 * CHMIN
. 0.8007 = cacH - 2£.4303 = CHMIN + 3.3671 = CHMAX
+ 0.4015 * CHMAX N :F-?ffﬁ" CHMEX - 51.8474

- '\_FI__I_

+ 11.0971 =

Number of Rules : 5



W04 B RWeka FRVELE

R Hiyst Weka FiEMIER R
« make Weka associator
« make Weka classifier

« make_ Weka clusterer

## Random Forest
RF <-
make_ Weka _classifier("weka/classifiers/trees/RandomForest")

## Multilayer Perceptron
MLP <-

make_Weka_classifier("weka/classifiers/functions/Multilaye
rPerceptron™)

FC <-
make_Weka_clusterer("weka/clusterers/FilteredClusterer")



RWeka BY4&[E

plot(M.J48) #

<037

(1)

>0.378

email
(2697.0/246.0)

W Hparty 1, Rz E

<0

<0.055

0 25

> (0 08K

> ()

spam
(807.0/43.0)

spam
(656.0/123.0)

spam
(61.0/9.0)

<R4 _>A4
email spam
(191.0/56.0) || (189.0/27.0)




RWeka HY4z[E] (2)

## &8 Graphviz HIEEHAER
write_to_dot(M.J48) # AR Graphviz

B AR

digraph J48Tree {

NO [label="A.7" ] .
NO->N1 [label="<= 0"] spam (807.0/43.0)

N1 [label="A.53" ]

N1->N2 [label="<= 0.055"]

N2 [label="A.23" ]

N2->N3 [label="<= 0.25"]

N3 [label="A.52" ]

N3- >N4 [label="<= 0.378"]

N4 [label="email (2697.0/246.0)" shape=box
style=filled ]

N3->N5 [label="> 0.378"]

N5 [label="A.57" ]

N5->N6 [label="<= 64"]

N6 [label="email (191.0/56.0)" shape=box
style=filled ]

N5->N7 [label="> 64"]

N7 [label="spam (189.0/27.0)" shape=box
style=filled ]

N2->N8 [label="> 0.25'] email (2697.0/246.0)
N8 [label="spam (61.0/9.0)" shape=box style=filled ]

N1->N9 [label="> 0.055"]

N9 [label="spam (656.0/123.0)" shape=box
style=filled ]

NO->N10 [label="> 0"]

N10 [label="spam (807.0/43.0)" shape=box email (191.0/56.0) spam (189.0/27.0)
style=filled ]
}

= 64
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BESA R B2 ARSLH 7iE3 logistic @3, CART. RandomForest,
SVMsZEEX | i&E#: Weka FREX Weka REREZEBVE ?

HZE R PRRSZEIAZELL Weka HRINFS ;
RUNFANIEBER R RN GRS E | RE R IA2HWE Weka ?
BRI ETH GGobi HFT BERE

{8 RWeka IMEH A EE R HIEFSRIERIZHER | tbilpmml,
BFE RINEFEAT Java , ESHERIAN ( rules ) :RBUAR RS
REIRANAAKBS ZLI

Weka &1 Classification BUIFH{AZE ( Experimenter ) AT , B
£ RWeka F{HERE
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ROCR EfHi+4HT

« &EVIRAIF K ( classification ) AR IFEERE
« MERELTGET , BRIISSHEHITE

@ ROC Hhzk

@ AUC (&

@ lift H%:

@ precision/recall iz

£ R aJiift oAUt BE R B E3IN S -
prediction -> performance -> plot



ROCR BY/RIE N AFE

[RIR . BIEAEF—MER X BUtERERT , BT8R Y UMt EeSEETE |
BB AR 4R x_y plot MIEEE ;

« PRTROCHZ, precision/recallfizk , liftHiZk , costtiz: , SERIBRAFE
ZELTETEN x #H] y HEEEETET |

AL threshold (B4aHIFERZE E |, BE R RT |

- EREFERARXINIE. bootstrappingi XL AL FIIOKEFE., EEHF
I9akiRHEthreshold), LA standard error bars, box plots



'BiaFEME ( confusion matrix )

FAMRE -
TITHEREETR . Y ALFRER |, Yhat ATHNZEE , A + 1 - RRELEHFIGHGI(positive and
negative class) ;
BE  ARM—TERIMH
TSI/ positive(p)f0 negative(n) , BBAIRIBSERRZEEIEY p #0 n , NIRTLUERZIEIRS A ¢
TP (true positives) : FlilIA p B3LFRA p
TN (true negatives) : A n B3EFFEA n
FP (false positives) : A p B3LFRA n
FN (false negatives). A n BLFRA p

> table(actual = =zpam(=, ]%spam, pred = predict(M.J48, =pam|[=,]))
pred
ECt:a;_ emall spam True Positive(TP) False Negative(FN)
email 280 39
spam 141 474 False Positive(FP) True Negative(TN)

http://en.wikipedia.org/wiki/Receiver operating characteristic
help(performance )




performance measures

i/ E

Accuracy

Error rate

False positive rate
True positive rate
Recall(Sensitivity)
False negative rate
Miss

True negative rate

Specificity

Positive predictive value

Precision

Negative predictive value

Lift value

ROC curves

%5
acc
err

fpr

tpr
(
fnr
miss
tnr
spec
ppv
prec

npv

lift

Precision/recall graphs

Sensitivity/specificity plots

Lift charts

iR
(TP+TN)/(P+N).
(FP+FN)/(P+N)
FP/N.

TR/P.

True positive rate

FN/P.

False negative rate
P(Yhat=-|Y="-).
True negative rate

TP/(TP+FP)

Positive predictive value
TN/(TN+FN).
P(Yhat = + | Y = +)/P(Yhat = +).

measure=

“tpr', x.measure="fpr",

auc

measure="prec", x.measure="rec".

measure="sens", x.measure="spec".

auc

measure="lift", x.measure="rpp".(rpp = P(Yhat = +))

Area under the ROC curve



ROC ( receiver operating characteristic ) Fi%%

o  FNWEFOSCRRZER! - 7 head(as.aata fiane (ROCR. s
2 olsesaria 1
o FUUMERIZAL , tRIECUt-off 3 El s oliampens
— f(x) > ¢ & spam : oaserss s

— f(x) < ¢ = email

« ROC Curve : .| I

pred <- prediction( scores, labels ) 3 o | =

(pred: S4 object of class predi ction) g ° 067

perf <- performance( pred, - -

nmeasure. Y, neasure. X) g °

(pred: S4 object of class performance) _ G

pl ot ( perf ) G;fg
° T T T T T T

0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

0.2 04 0.6 0.8

0.01
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