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e KDD (Knowledge Discovery in Database)
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=, 24, A4 5) L o)
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e SAS Enterprise Miner (E-miner)

e SPSS Clementine

e IBM Intelligent Miner (I-miner)

e Oracle Darwin

e Salford CART & MARS
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1
a-

o] oJ3t biasE =
5

HEE (repetition) AA]SH &

(=2ke
v

°o]7] Sl dlolgel et =

H71E #el dde d

e Penalization (Regularization) %Y
_ SRS olgdlel U BRE 2t RIS 73
~ 7} mye) oo mye] Bakwo] thak 4% penalty & U3 1§
% A4 (o) AIC, BICOIA glemse] 24
— ¥ &S Fadlels 7Y A

— dloly 2 e dnigle & 5
~ k-fold CV Zg)Z

13
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1. HolgE k7je Moz B3

2. 7 jol THSl j A AS AT JuAS olgstel By AF

3.5 0A AL BAE ARE ol§3l] dZexE 7Y

4. kNS ClEexte) Hde Stz Biste] A 2y AE o7
ji=1,...k

0l =
0 1
o| 8 1[I
&K
1 1 2 4
9 4 A :13

AA)0,91Z0) NI+ (AA 1, =1) 9 W%/ AAEE
(o) AEFE = (8+3)/13 = 11/13
=(AA 0,42 1) N=+(AA 1,912 0) 2] ¥% / AA R
& =1-11/13 = 2/13
— BIZFE (sensitivity)=(AA 1,95 1) <] W% /AA 1] W=

(o) WZE = 3/4
— 5o)% (specificity)=(A#10, <15 0) 2] ¥l= /A4 09 Q=

(o) Eolx= = 8/9

o WHAEE 104 BEFEE Bol=x 00149 FEF7E
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ROCE3

(a) Good (b) Fair

a3 1.6: ROC =% A

e ROC : Receiver Operator Characteristic

[ J
2
A
=
1o
gis
=l
N
N

Foll Al Fotof R RIZkE Solx

=
5, yEoe gEs Agsw 18 24

ROC =412 JH)|

7)€} : Lift chart, response threshold chart %5
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z: ool ook, y: ol A, e QAR (Fto] 00]aL #4ke] o?)

Qo) Zewso) BA 7 AFPRA
Far: uAEI]ARY (o y =sin(2x) +¢)
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16



90

80
1

70
o

60
|

50
1
o

40

30
1

a8 2.1 olojd i AR

-~ o7k @ U9 F74R W) o] St

17

50



~ b7k FelH a7 FASHEA y 7t F7H
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Variable df Estimate SE T prob>|t]|

Intercep 1 9.7364 6.6620 1.471 0.1796

X 1 1.4407 0.2004 7.188 0.0001

o z o tgt {-2]E (p-value) ©] 7i
7\ z+

—

< 2tom® (0.001) BFAS b7k 00leks M

rlo

o 249 BA40e RS T AU

AEge] £ 28A
o AFF BT AAAFE = AAABE + AAAFY

— AA|A|FE

>y — )
g i@ - )
b i — )

o AT R = IAAEE/ AAAES

- 374
- A

EH

EH
EW

- 0< R*<1
— 19 72 5 FAERZP] =k
— olojA g oA

R* =0.8659: #}52] HA WS 3]AERY] 86.59% 5 O™
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o 24 (39 A5 (Bo, By - -5 Bp)

A3 AATe 24 9 A3
X]‘EZ (ml,yl),...,(azn,yn), 047]/H xr; = (xh-,...,a:p,;)

.« 2%

— HaAZZAA: (B, b, 5y)
— QAAFT Zz 1( —Bo—Prr1i— _ﬁpxpi)2% HAE Sk (Bo, B, -

_ AREAEE. §o— B
=4 07:ﬂ o - tz - s.e.(B-)

|t 7h =W FAAS & KB F, 47 00] ohrkela AE

- w7 99 S W y o] S
— 0i 7t Feld 7k S7FEAAM y 7t S

- Bi7F S5Ol w7t B Wy P

21



2 AEY | AAE Al8a F-3k
39 | IAAEE p MSR F
(SSR) — SSR/p | =MSR/MSE
2 | ZAAE | n-p-1 MSE
(SSE) =SSE/(n-p-1)
A | AAAEE | n-l
(SST)

F-gro] =9 o] fosirtn A&

AP A <A

ARAFANE DA F2 e AR Aol Wizt duit et s Aol
o). o] Aol Wal7] skl A AYIARE 2079 ofEE oz FEs] theo)
3 714 gEe zAskar.

AdFWH4 IAAAS FEX T FoYFE
23 427.19 59.60 7.17 0.000

2= -4.58 0.77 -5.93 0.000
vl z) -14.83 4.75 -3.12 0.007
o] 6.10 4.01 1.52 0.14

e ANOVA #%
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29 | AF | A= | AFEw | F-3 | elgE
39 | 171220 3 57073 | 21.9 | 0.000
Zkz} | 41695 16 2606
A | 212016 | 19

y =427.19 — 4.582, — 14.83x5 4+ 6.10x3

- BELE 157} Dol W Wbz} 45899 %7}
—gaAe] T 199 A4S il 14830 4
~ olstEg] Uolzk 1 F7bskH Wt 6100 7

A3E oA

o3 A
A T At SAT HEAES Bt oM Jvie 4EAT] FAS F

gskr] g Aol
Zm) | 1.0 20 30 40 50 60 70 80 9.0 10.0

AREEF 1102 1371 19.6 235 25.6 233 25.1 17.5 14.3 0.02

udE =g
'Jﬂ?%

° 3 (polynomial regression model)

1
sob Qguigel BAE Aol op AT olAFEE T AFT £ YL

N{N' o

y=0o+ iz' +- +Bpaf +e

o B0 £7

n=0,2 =001, =22k 1 o] MER paIY YA SHES A}

o]2] %/\-]sﬂpj:rquzg ;961—

23



o
# o
u L=}
=
™ o
(=]
w
- o
[}
=
= _| L=
=
v
= o
T T T T :
? 4 B : 10

A% p el 2%

o« p=2%H Sy FAAEN Y 4%

chel A el 24
o X0 AA: 22 T AF

o AT 374

24



gt HAAS mEeR T RolEE
Zhv) -1.26 2.71 -0.46 0.65
T 10.32 9.11 9.11 0.00
x? -0.99 0.10 9.88 0.00

o o|xA] BFAAFTE FolstER oAt A

=]
= 0288
e o: J=3
‘§5§ X1 | T2
1 1 0
2 0 1
3 010
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Aag |4 4 W o oW oW oW oW & &
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=139 49 22 41 28 21 30 47 23 50

Aa%@) |0 o 1 1 1 1 1 1 0 0
AE(y) |39 49 22 41 28 21 30 47 23 50
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HAEE 2p —n o] F7betaL, whebAl

— W59 £V} ZUFeH SAAF TS AT
Agole Zasith Byo] HRs|AW thAl 7}

- T

Mallow’s Cp =
- Cpe Haz S =y ™

Regularization Methods*
59379 (Ridge Regression)

o 5YI FHF
ﬁrldge = argmin Z (Z/i — B — Z %‘kﬁk)
i=1 k=1

subject to Y r_, B7 <

n p 2 p
B“dge = argmin Z (yi — Bo — Z xkﬂk) +A Z 513 (2.1)
i=1 k=1 k=1

0 O]Eﬂ 232 A3 (intercept term) b EFSH) HHAE s = oo

°

1o

=2

R
®
I

o] ridge estimator+ Hoerl and Kennard (1970) ©] &708}9a, p > n Q@ w 3
FRA A Ao 22 Bk

o AYHANA FHHA HAAFFRFS olhel Lk

B=(X'X)"'Xy

where X = (x},...,x}) and y = (v1,...,yn)"

AR p>n AL, (XX) g AN 571 deH(EASA k). BE o 4

-, B A dl, o] Atele 87k 27 EAedt

o
K
rlr

(X'X)8 = X'y
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o #1°] 2] (1) oA ridge estimator = HAA|FFAHF] (X'X) ! HES (X'X+AI)!
2 X3t grolth. &

Bridge _ (X,X I )\I)_lxly
T
~ ridge ~ .
Bi 7 =6/(L+A),j=1....p.

LASSO: Least Absolute Shrinkage and Selection Operator

e Ridge regression o] @H 0 2= B E input HEEo] 20 E3H o] glo] B o
thst sfAdo] golakA] et ol Utk

o DT WRAES oS G A s s e g2ty

o =HAIE O™ "ol 9o, Tibshirani (1996) 7} Ak LASSO (Least Abso-
lute Shrinkage and Selection Operator) 2= = o]t}

o LASSOW2 th=e] 54dsE 48 5= g Feth

D ynxiB)+ A 15|

N——

penalty function

e ridge &} TF2 A2 penalty function ©] Aol AUjgteE vtk A ¢l
=3

e ©|#3l penalty S [; penalty 2t12 F-2r}, ¥FHo| Ridge 9 penalty £ [, penalty

et g

A5dA R AA: swiss Ho|E]
Swiss Fertility and Socioeconomic Indicators (1888) Data

e Fertility: common standardized fertility measure

e Agriculture: % of males involved in agriculture as occupation
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e Examination: % draftees receiving highest mark on army examination

Education: % education beyond primary school for draftees.

Catholic: % ‘catholic’

Infant.Mortality: live births who live less than 1 year

kil
|

-5
|

Cp
2
|

BIC

=
s
:
o
©
s
\ )
|
o\ I < /
) ~__
— -

T T T T T T T T T T
1 2 3 a s 1 2 3 a S

subset size subset size

a3 2.3: SwissH|o]E] Wy AHE

library(leaps)
data(swiss)
a = regsubsets(Fertility~., data=swiss)

summary (a)

Subset selection object
5 Variables (and intercept)

Forced in Forced out

Agriculture FALSE FALSE
Examination FALSE FALSE
Education FALSE FALSE
Catholic FALSE FALSE
Infant.Mortality FALSE FALSE

1 subsets of each size up to 5
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Selection Algorithm: exhaustive

Agriculture Examination Education Catholic Infant.Mortality

£ (1) " e " "
2 (1) no g i no
3 (1) "o " ! "
4 (1) " n o et g et
5 (1) "x" L L e e

> par(mfrow = c(1,2))
> plot(1:5, summary(a)$cp, type="b", xlab="subset size", ylab="Cp", col="red" )

> plot(1:5, summary(a)$bic, type="b", xlab="subset size", ylab="BIC", col="red" )

> Im(Fertility ~ Agriculture+Education+Catholic+Infant.Mortality, data=swiss)
Call:
Im(formula = Fertility ~ Agriculture + Education + Catholic +

Infant.Mortality, data = swiss)

Coefficients:
(Intercept) Agriculture Education Catholic
62.1013 -0.1546 -0.9803 0.1247

Infant.Mortality
1.0784
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A 3%

Z2A|2E 29N

e y7t WFY QW (y=0,1) AFAARY y=a+br+c AN 2AF

o Tt P(Y = 1j) = F(a+ bx), 9714 F(z) & A<0)1 Z7katn [0,1] Apo]olA]

o o3& 74 F(x)
— Logistic 23 : F(z) = exp(z)/(1 + exp(z))
— Gumbel B3 : F(z) = exp(— exp(z))
— Probit 28 F(r) 7} 22420 23 (B2 S44Y 5)

o ZANE RYo] At Holdem st M de 24
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e 2=H] (odds ratio) 2] <]

P(Y = 1]z + 1)P(Y = 0[z)

P =0+ DR = 1f) ~ =)

e 7St S wl y=1¢9 57 y=04 &E9 v F71&

o 9
re &%, yE olE Aol tig TR0 (1= 791,0- 7))
—b=3.72
- 450 @ W) ZUle BEE PulelA e #Eol did Tl 8
H] (LZ4]) 7} exp(3.72) = 42 0] S7}5F
w2l #4

o 953k (likelihood function)

La,b) =[] Fla+ br(— Fla+ ba),

A7IM F(z) = exp(x)/(1 + exp(z))

o SEFSE At HAUSEFAY (4,0) & FAA WS Sl 73

o AYNF 27}y B WS RAWA, F, AAAS b7 0AA, B B

f:_m@m@m—mam,
3714, I(a,b) = log L(a, b)
o X’7F W b7} 00] opet A&
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1]x)

P(Y

P(Y
A2 Ass A

p S

exp(z)/(1 + exp(z))
exp(z)/(1 + exp(z))

Z

AN ARgste AR Al =22

- QST 20 ool T BEMA R
oA7|A F(x)
oA7|A F(x)
3} o}
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olN

2 S0, AQALRANE 24 At 2SR Sl MY 2
=
=

o BYPAMH 7|0 2= AIC(Akaike Information creterion), BIC (Bayesian Informa-
tion criterion) 5 AR

o AIC XX BIC7} H40 23 A=l

A 2d  AdA

|
&
w
ofx
A
(o
4
=
)
ro
s
off
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o
o
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o
S
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o
S
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©
o
I
>

HE 21| 2
5021 o]} | 0| 0
50-100 <1 110
10081 o] | 0 | 1
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gAAS RS ¥ ReI9E
12.221 3.594 11.562 0.000

A
[
(g
)

r‘l

7 1072 0393 7438 0.006

9 11.524 4131 7.781  0.005

2 0.698 0.357  3.940  0.047

2 2.614 0.791  10.907  0.001
~ RE W47t 22 §o3ge Bonzg ZEW4E AYsiey fo
— 119

AAATY Rt ol FAhlee] = 5 AR Aol

Sae Anshal vy o AT Bt FrolBR dAFIHE0] B T
= 3RS Algo] Eord

— 211 50-100 1 FE9] Z|ARS} 50?1 mRRe] I|AR] FARA 4l-8Ewe =M
£ exp(0.6981) = 2.00 2 &, 50-100 &1 FE2] FJAR] SARZE 50 Q1 BTk
B|AEARell vlste] oF 2uiAHE Algo] Frie o7

— 290 100Q1 o4 7R 3k} 50 Q1 wwke] FJALY] FAR A85Fe o=
H]= exp(2.6141) = 13.65 22 10091 o4 FE22] 3JAke] 3pAx|7E 50 ¢ 1]
2ke] SjARf ol Hste] oF 13.65 M= 48] Frk= 9Vl

— 7PAEQ 2 3 2 9] S 4 509 ulke] A (ZPAS Fho]l BF 09))
oF ¥l

- 7S v wed A FAAVE @EAY L2843

& mebd, 2 23] sdelle Aot ge
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A 54 R JA: Sonar HoJE]

e Gorman and Sejnowski in their study of the classification of sonar signals using

a neural network.

e Input variable is in the range 0.0 to 1.0. Each number represents the energy

within a particular frequency band, integrated over a certain period of time.
e Class: "R” if the object is a rock and "M” if it is a mine (metal cylinder).

e A data frame with 208 observations on 61 variables, all numerical and one (the

Class) nominal.

\

library(mlbench)

\4

data(Sonar)

> t.idx = sample(1:208, 104)

> Sonar.tr = Sonar[t.idx,]

> Sonar.te Sonar[-t.idx,]

> logitl = glm(Class™., Sonar.tr, family=binomial())
Warning messages:

1: algorithm did not converge in: glm.fit(x = ..

2: fitted probabilities numerically O or 1 occurred in:

glm.fit(x = X, y = Y,

> logitl
Call: glm(formula = Class ~ ., family = binomial(), data = Sonar.tr)
Coefficients:
(Intercept) Vi V2 V3
143.3421 -336.9494 -195.2610 803.1947
V4 V5 V6 V7
-363.9940 37.2100 -138.6399 115.5241
V8 V9 V10 Vi1
-7.0440 -129.1505 19.7847 46.0523
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V12 V13 vid V15
0.5806 -175.1533 46.4356 -7.6232

Degrees of Freedom: 103 Total (i.e. Null); 43 Residual
Null Deviance: 144 .1
Residual Deviance: 1.861e-09 AIC: 122

> prob = predict(logitl, Sonar.te, type="response")
> p.class = ifelse(prob>0.5, "R", "M")
> table(Class=Sonar.te$Class, pred=p.class)
pred

Class M R

M 32 28

R 11 33
> mean(Sonar.te$Class != p.class)

[1] 0.375
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Credit status

Bad: 168 (52.0 %)
Good: 155 (48.0%)
Total: 323 ([100 0%)

Income < 2130%$ Income >= 2130%$
Bad: 143 (86.7 %) Bad: 25 (15.8 %)
Good: 22 (13.3%) Good: 133 (84.2%)
Tolal: 165 (51.1%) m_lﬁ_s_‘A&M_
[ |
Job: C,D,EF Job: A,B Age < 25 yr Age >= 25 yr
Bad: 143 (90.5 %) Bad: 0 (0.0 %) Bad: 24 (49.0 %) Bad: 1 (0.9 %)
Good: 15 (9.5%) Good: 7 (100.0%) Good: 25 (51.0%) Good: 108 (99.1%)
Total: 158 (48 9%) Total: 7 (2.2%) Total: 49 (1}5 %) Total: 109 (33.8%)
el [BHEF Job: A,B,C
Bad: 5 (55.5 %) Bad: 19 (47.3 %)
Good: 4 (45.5%) Good: 21 (52,7%)
Total: 9 (2 8%) Total: 39 (12 4%)

2% 4.1 YRR g o
AR 722
o U] (root node): AFHE vwitlz A ARE 74
o ZpAulE] (child node): shte] mir]=RE FejEo] Uzt 274 o)4e] witls
e FEHIT] (parent node): =013 upt]e} A9jwit]
o Zult] (terminal node): AFAWIL]7} ¢l wlit]
e Z74ult] (internal node): F-RulC]e} AAlur]7E BE 9l njr]

e 7}A] (branch): ¥ejultj2 e Zult)7ziA] 44 vigE

e 7o) (depth): BeWitiRE EultARe] F1hire] 5

NARUE 752 913 AR
oA £AE JAARUTEE BY thest ge AR |9 4 ok

o Ejmjrie] Aol of £5QUA7}?

. B87)<= (splitting rule) o] A€

o 4, 5, 7T ML Enttdl W 69 wiHs o S A

; BEE ASE AA7F avkE A7} (stopping and pruning rule)



o T8 HElol] &R ARE ASAEE o)9A ARsoloF Sl
= CRERE

A2d  AEPUT] I
o L2 A (growing):

Z_l
§ A0 S BE o

o 7FAA7] (pruning): LEFEe I/ T Al AU FAEE S22 A

I e THE AA BT =

)

223 7RIS AlA.

Z1 =
By} Balr} o]Fo] A 7% (&8 7|&, split criterion) 2 2] 1]

o 2o AMSE \_—I—(X
Z A RE X 7 cHth 39 2 8% AAuHE A5E £

_>J_4
rO
»
g
i
rO
o,
o
=2
<
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i
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N
o
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o
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[o
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(gam chart) U P =3 (risk chart) =& HIAE ALE (test

uptjoll A 2232 EElol ARE dHWs (FEWsr, split variable) o] A



. BE¥sY REE U »} T PEsTlol U SN EE (purity) Ei
= y
=% (impurity) & A

(o) 2B 0} 25 14 HlEo] 45% 2} 55% %1 Wit ZF 19| Wl 90% 2%
10% Q1 uptoll st} F4E7F Ut Be 27t Erekr

o 7} mhlolA Belusst Bel 7ze] A4S A4E T Ao A wswe
ol 1 2 (B Bewo) go| g Ae) Beuse) BevlEe A9
TR 5=
. BREY (859 BEAS)
— Z}olAlF SAFF (chi-square statistics)
— ZAIY A5 (Gini index)

— JdEZ 3|24 (Entropy index)
NEEEE

(A%7 BT

— FAHE Ao ofs F- BAI% (F-Statistics)

Fold Hewsol LelslEl ojsiel thee) #7} FoiFTh

Good | Bad | Total
left 32 48 80
right | 178 | 42 | 220
Total | 210 | 90 | 300

Hol 25 AA=F(0) 2k vk ko] oA ZF Aof tigt 7= (E) & vt
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good bad total

left | 3003%210 | 30080 %0 | g

left =56 =24 80
right | 154 66 220
total | 210 90 300

o ZholAlE EAH = (VIHE=s-AAES) o Alu/ 7Iti=) 9] &

(of) s¥el moA FholAl - E AT

(56 — 32)2 (24 —48)2 (154 —178)% (66 — 42)?
= 46.75
56 24 14 66

o TolAFEAR] A7} Hx s RelEe A

N
o

AU

AYAG = 2P(left ol A good)P(left 9|4 bad)P(left)

+2P(right o] A good)P(right %A1 bad)P(right)

3248 80 178 42 220
2222 L9t 22 (1355
3080300 | ~220220 300

o BE R} Eel7EolA AUATE 7P A sk Felhdast 2ElvlE
ae
Adezs] 24
e =3 et o] Beldrt
AEZT] (left) = —P(left A good)log, P(left A good)

—P(left o] A] bad) log, P(left 9| A bad)
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o AEZI] 24 = AERT] (left)P(left) + ANEZF] (right)P(right)

[\D»—t
l\D\]
C)OO
[\3»—t
l\D\]
| oo
v_|_
[\D
[\-]
C)
l\‘)
/\ OO
l\D
OL\D
N——
N——
OJ‘L\D
ol N
ol o
|
\]
\]
=~
\]

ool Aol iste] AUASE olg3te] AAe] RelE oAl

Temperature | Humidity | Windy | Class
Hot High False N
Hot High True N
Hot High False P
Mild High False P
Cold Normal False P
Cold Normal True N
Cold Normal True P
Mild High False N
Cold Normal False N
Mild Normal False P
Mild Normal True P
Mild High True P
Hot Normal False N
Mild High True P

Temperature & 7|22 8

e left={Hot}, right = {Mild,Cold}
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N | P | total
left | 3|1 4
right | 3 | 7| 10
total | 6 | 8 | 14
Gini index= 2%%% + 2%1—701—0 = 0.4071
o left={Mild}, right = {Hot,Cold}
N | P | total
left | 1|5 6
right | 5 | 3 8
total | 6 | 8 | 14
Gini index=232% + 2225 = 0.3869
e left={Cold}, right = {Hot,Mild}
N | P | total
left | 2 |2 4
right | 4 | 6 | 10
total | 6 | 8 | 14
Gini index= 2%%% + 2%%% = 0.4860
Humidity & 7|5£2=2 &
o left={High}, right = {Normal}
N | P | total
left | 3 |4 7
right | 3 | 4 7
total | 6 | 8 | 14

. _ 0347 347 _
e (Gini 1ndeX—2?7ﬁ —|—277—4 0.4897
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Windy £ 7|&0 2 2g

o left={False}, right = {True}

N | P | total
left | 4| 4 8
right | 2 | 4 6
total | 6 | 8 14
s 5426 44 8
e (Gini 1ndex-266ﬁ + 2§§—4 =0.4762

AIE £3ste] EEr) 71 2R BElE AESEE Temperature ©f] thste] left =

{Mild}, right={Hot, Cold} 2 &eJsk= Z°] 7 £

ARG Eexe 5%

ol 7HE 22 Fedsst BE7|ES ARgSke] 22

Asuitle] Age] Bas 222 Aquire] AR 2o ol b He

o BETEE 0|8 RE7|Ee] AdHlMe A 2k = 7P FA

uprje] BemolA ApAubt)e] Bewel stel xjolsl it o

o o] A9 ] Fold HAY BB R ASol: AAutly BeEel g
AgRA b, Rawieiel AAuk Abole] BeEe Aolg A St Relg
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BA
o AAY W7} ol Bzt Dojux] e Bk 73
o 79 22
- BE R8st @ 250 4% o)

~ wele] &3k ARt 94 5 o5 o

— B£5 9] 7hAEro] off ZRE uj

— Fenit2REe] o7t 44 & odd ul 5ol U=

712 2] 7]

o AUAA B tlE THE (B33 2Y) JAAAEE AR Alwd] H8d
u o =927 e Z JPsAdo] IS

O

° /\(-)1 ;g—

| B R S AR AYE 2718 e UREIL

o\

Q1 o

A 3A AR garEls
CART

e (lassification And Regression Tree

1984 \d Breiman 3 19| T3 50| U9

e 7]|A8Hs5 (machine learning) 232 AH=

7P de] AR A AYT daEls

o O|X]EFF (binary split) & ©]&
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o B ERHMSTV HFFY B AYUASFE ol&st FxWsTt o
ol BARE ol%
o CART A= 4TSS AFAF FolA HA9 288 7= &

C4.5

o 539 AT J. Ross Quinlanof 9]&te] 7t

o Z7IHAL ID 3 (Iterative Dichotomizer 3) 2 1986 def 7ivt

o CART 2= tlZ2A 7+ ulyo|A tfx]&2] (multiple split) 7} 7}

o WEY PEEsl tEME WS SuE
e BeE: dEZI] A5E AS

CHAID

e Chi-squared Automatic Interaction Detection

e 19754 J.A. Hartigan o] ¥3%

wel7h gl

e 1963d J.A. Morgan3} N.A. Souquist o] &3l A<&¥ AID S A

A ohm URE APet 270604 4

NESAEES
A4 A

ARl B
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A5 H R A

Iris Data

\

library(MASS)

\4

library(tree)

\4

data(iris)

> ir.tr = tree(Species 7., iris)

\

summary (ir.tr)

Classification tree:

tree(formula = Species ~ ., data = iris)
Variables actually used in tree construction:
[1] "Petal.Length" "Petal.Width" "Sepal.Length"

Number of terminal nodes: 6

o1

I

[:



Residual mean deviance: 0.1253 = 18.05 / 144
Misclassification error rate: 0.02667 = 4 / 150
> ir.tr

node), split, n, deviance, yval, (yprob)

* denotes terminal node

1) root 150 329.600 setosa ( 0.33333 0.33333 0.33333 )
2) Petal.Length < 2.45 50 0.000 setosa ( 1.00000 0.00000 0.00000 ) *
3) Petal.Length > 2.45 100 138.600 versicolor ( 0.00000 0.50000 0.50000 )
6) Petal.Width < 1.75 54 33.320 versicolor ( 0.00000 0.90741 0.09259 )
12) Petal.Length < 4.95 48 9.721 versicolor ( 0.00000 0.97917 0.02083 )
24) Sepal.Length < 5.15 5  5.004 versicolor ( 0.00000 0.80000 0.20000 ) *
25) Sepal.Length > 5.15 43  0.000 versicolor ( 0.00000 1.00000 0.00000 ) *
13) Petal.Length > 4.95 6  7.638 virginica ( 0.00000 0.33333 0.66667 ) *
7) Petal.Width > 1.75 46  9.635 virginica ( 0.00000 0.02174 0.97826 )
14) Petal.Length < 4.95 6 5.407 virginica ( 0.00000 0.16667 0.83333 ) *

15) Petal.Length > 4.95 40 0.000 virginica ( 0.00000 0.00000 1.00000 ) *

Petal Length < 2.45 w |
setosa o VoW
v
WW OV VY v
The gl Vv v
virginica | /", v
2 T vy v v
wov v
eV wWVyv v
v o
cc |c v
S =5 ¢ ccc gw
T ¢ cocce
E setosa ¢ ccoccee
b cccc ¢
& c cc
Petal Width < 1.75 S_ [y
o versicobr versicolor virginica
B
21 s
s sss S
Petal Length < 4.95 sss s
versicolor virginica S SSSSSS S
versicolor virginica s ss
T T T T T T
1 2 3 4 5 6 7
petal length
e 1 = Ha H =
1% 4.2: iris Hlo]Eld]] thd EE E -l
> ir.trl = snip.tree(ir.tr, nodes = c(12, 7))
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> plot(ir.trl)
> text(ir.trl, all = T)
> par(pty = "s")
> plot(iris[, 3],iris[, 4], type="n",
xlab="petal length", ylab="petal width")
> text(iris[, 3], iris[, 4], c("s", "c", "v")[iris[, 5]1)

> partition.tree(ir.trl, add = TRUE, cex = 1.5)

Petal.Length < 2.45
setbsa

100
1

60
1

misclass

4 Petal Width < 1.75
setosa versicolor

40

20
1

Petal.Length <4.95
versicolor

virginica
versicolor virginica

size

7 4.3: Tris HolHol| et L&F&S ©&3 7HIAZ|H 7HAA 7 Eg

> plot(prune.misclass(ir.tr))
> fin.tr = prune.misclass(ir.tr, best=4)
> plot(fin.tr)

> text(fin.tr, all = T)
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HIZ Xl (Cell body)

4 / = M (Axon)
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gl A2

e MLP (multi-layer perceptron):

e SLP (single-layer perceptron):
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Iris d|o]€]

plot(iris[,1:3], col=as.integer(iris$Species),

pch=substring((iris$Species),1,1))
Partition data into training data and test data

data(iris)

# use half the iris data

samp <- c(sample(1:50,25), sample(51:100,25), sample(101:150,25))
iris.tr<-iris[samp,]

iris.te<-iris[-samp,]
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Neural Network modeling

a3 5.4: Iris AFR

irl <- nnet(Species”™., data=iris.tr, size =

# weights: 19
initial value
iter 10 value
iter 20 value
iter 30 value
iter 40 value
iter 50 value
iter 90 value
iter 100 value
final value O.

83.513437

[

.427673
.620816

0
0.526732
0.484637
0

.445681
0.370717

0.369270
369270
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stopped after 100 iterations
View Neural network model

> names(irl)

"value" R A S
"wts" DR EFIA
"fitted.values" : outputF T *
"residuals" : TH*f

> summary (irl)
a 4-2-3 network with 19 weights
options were - softmax modelling decay=be-04
b->h1 i1->h1 i2->h1 i3->h1 i4->hl #2245 = 1
-6.48 -5.24 -3.83 8.15 6.37
b->h2 i1->h2 i2->h2 i3->h2 i4->h2 #L Y= = 2
0.39 0.61 1.79 -3.02 -1.30

b->01 hl->01 h2->0l1 #Z S x = 1
-2.48 -1.83 9.14
b->02 h1->02 h2->02 #&E 3= = 2
5.96 -9.13 -7.81
b->03 h1->03 h2->03 #&E 3> = 3
-3.54 10.84 -1.26
Model ¥7}: Test error
y<-iris.te$Species
p<- predict(irl, iris.te, type = "class")
tt<-table(y, p)
p
y setosa versicolor virginica
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setosa 25 0 0
versicolor 0 21 4

virginica 0 0 25

Hidden unit ¢] 4o} u}= Test error

test.err<-function(h.size)

{
ir <- nnet(Species”™., data=iris.tr, size = h.size,
decay = be-4, trace=F)
y<-iris.te$Species
p<- predict(ir, iris.te, type = "class")
err<-mean(y != p)
c(h.size, err)
}

out<-t(sapply(2:10, FUN=test.err))

pdf ("nntest.pdf")

plot(out, type="b", xlab="The number of Hidden units",
ylab="Test Error")

dev.off ()
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g= | Al
A 100
B 150
C 200
A+B 400
A+C 300
B+C 200
A+B+C 100
F7heHg | 550

F5o) w39 Ads | 28
900 0.450
850 0.425
800 0.400
500 0.250
400 0.200
300 0.150
100 0.050

Wi
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2 A==
X=Y |PXnNY)|PX)|PY|X)

A= B 0.250 0.450 | 0.556
B=A 0.250 0.425 | 0.588
C=20- 0.150 0.400 | 0.375
B=C 0.150 0.425 | 0.353
A=C 0.200 0.450 | 0.444
C=A 0.200 0.400 | 0.500

A+B=DB 0.050 0.250 | 0.200
B+C=A 0.050 0.150 | 0.333
A+C=B 0.050 0.200 | 0.250
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library(arules)
## 1. example: <transactions™® % =|2= ==
a_list = list(
c("a","p","c"),
c("a","b"),
c("a","p","d"),
c("c","e"),
c("a","p","d","e")
)
## set transaction names
names(a_list) = paste("Tr",c(1:5), sep = "")

a_list

## coerce into transactions

trans = as(a_list, "transactions")

## analyze transactions

5

g
e



summary (trans)

image (trans)

## 2. example: creating transactions from a matrix
a_matrix = matrix(
c(1,1,1,0,0,
1,1,0,0,0,
1,1,0,1,0,
0,0,1,0,1,
1,1,0,1,1), ncol = 5)

## set dim names
dimnames(a_matrix) = 1list(

C("a" llb|l IICII lld|l Ilell)

paste("Tr",c(1:5), sep = ""))
a_matrix
## coerce
trans?2 = as(a_matrix, "transactions")
trans?2

## example 3: creating transactions from data.frame
a_data.frame = data.frame(

age = as.factor(c(6,8,7,6,9,5)),

grade = as.factor(c(1,3,1,1,4,1)))
## note: all attributes have to be factors

a_data.frame

## coerce
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trans3 = as(a_data.frame, "transactions")

image (trans3)

## 3. example creating from data.frame with NA

a_df = sample(c(LETTERS[1:5], NA),10,TRUE)
a_df = data.frame(X = a_df, Y = sample(a_df))
a_df

trans3 = as(a_df, "transactions")
trans3

as(trans3, "data.frame")

adult A2

library(arules)

data(Adult)

str(Adult)

## Mine association rules: APRIORSF2®|E L °|2 T a3 X2 <hAk

## <<% >= 0.5, A% 0.9 °|A° FA SO SpApCr
rules = apriori(Adult,
parameter = list(supp = 0.5, conf = 0.9, target = "rules"))

## LB o|=c|-A

2o T

summary (rules)

# TIFIE >=0.4 °|goF

rules = apriori(Adult, parameter = list(support = 0.4))

## AE LD Y vsex' Tt £ 2w FAS FYE Y 0.3°14¢
# 3T G

rules.sub = subset(rules, subset = rhs %pin% "sex" & lift > 1.3)

H
k-
X
8
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J%
0
|0

s
_Q
o

7



inspect (SORT (rules.sub) [1:3])
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o Ao SAo] ojEe

Al 8 A R A

R libraries

e stat hclust

e cluster Cluster Analysis Extended Rousseeuw et al.

e clusterfly Explore clustering interactively using R and GGobi
e clustvarsel Variable Selection for Model-Based Clustering

e gclus Clustering Graphics

e mclust Model-Based Clustering / Normal Mixture Modeling

Al A%t

x = matrix(rnorm(100), nrow=5h)
dist(x)

dist(x, method= "manhatan")
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i 7.1: R Packages

Function Description Package
hclust Hierarchical Clustering stats
kmeans K-Means Clustering stats

dist distance matrix computed by using the specified distance measure stats
cophenetic | Cophenetic Distances for a Hierarchical Clustering stats
agnes Agglomerative Nesting (Hierarchical Clustering) cluster
clara Clustering Large Applications cluster
diana DIvisive ANAlysis Clustering cluster
pam Partitioning (clustering) of the data into k clusters cluster

“around medoids”, a more robust version of K-means.

fanny Computes a fuzzy clustering of the data into k clusters. cluster
mona MONothetic Analysis Clustering of Binary Variables cluster
bannerplot | Plot Banner (of Hierarchical Clustering) cluster
pltree Clustering Trees - Generic Function cluster
silhouette | Compute or Extract Silhouette Information from Clustering cluster
Meclust Model-Based Clustering mclust
hc Model-based Hierarchical Clustering mclust
mclustBIC | BIC for Model-Based Clustering mclust
plot.Mclust | Plot Model-Based Clustering Results mclust
uncerPlot | Uncertainty Plot for Model-Based Clustering mclust

dist(x, method= "maximum"

X

y

c(0, 0, 1, 1, 1, 1)
c(1, 0, 1, 1, 0, 1)

dist(rbind(x,y), method= "binary")

X

y 0.4

hamming=function(x,y){sum(x !'= y)}

hamming (x,y)

[1] 2
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X:

dist(x)

par (mfrow=c(2,2))

plot(h<-hclust(dist(x),
plot (h<-hclust(dist(x),
plot (h<-hclust(dist(x),

plot (h<-hclust(dist(x),

=]

Height

48 50 52 54 5B

LD

Height
1 1 1 1

45 50 55 B0 65 70

K-g¢ 2484

kmeans(x, centers, iter.max

—

—

=t

matrix (rnorm(100), nrow=5)

method
method
method

method

Cluster Dendrogram

™

dist(x)
helust (7, "single”)

Cluster Dendrogram

™

dist(x)
heclust (*, "average")

a3 7.5 A&

= 10, nstart =

"single"))
"complete"))
"average"))

"centroid") ,hang=-1)

Cluster Dendrogram

—

uw

75

65

Height

55

e B

45

-t o -

dist(x)
helust (%, "complete”)

Cluster Dendrogram

38 48
(NNNNERN]

Height

- w o~ — (3] -

dist(x)
helust (*, "centroid")

2 254 oA 27

1,
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algorithm = c("Hartigan-Wong", "Lloyd", "Forgy", "MacQueen"))

INPUT ARGUMENTS:

X :data matrix

centers : cluster® "% %€ cluster #°l ®IT=EE E I SISE .
iter.max: #F =i TrEH

nstart: If centers is a number, how many random sets should be chosen?

algorithm:

23

$cluster: A vector of integers indicating the cluster
$centers: A matrix of cluster centres.

$withinss: The within-cluster sum of squares for each cluster.

$size: The number of points in each cluster

clusplot(x, rbinom(25,2, 0.5)+1, shade=F, color=T, lines=0)

K-medoids

Function: pam(x, k=#, diss=)
Partitioning Around Medoids (K-medoids Cluster Analysis)
-the argument x can be either a matrix of data in which case
diss=F, or x can be a dissimilarity matrix where diss=T.
The parameter k, is the desired number of clusters

> data.pam = pam(data.diss, diss=T, k=3)
# Clusters the data from the dissimilarity matrix

# data.diss into 3 groups around medoids.
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A9 A SK telecom 7]A]= grouping

Lk
o BANS] AHAER (24, B4
o AT (FBA)E Aul o] Aold
o Aulne] E3o] B} e 2A 2T54E(QoS) S A

o Auast FAE AxFe] SAAE vlEre R $AR 717129 grouping o] 27

A% 28BS AT 2
. AT BAS (F2 89 AFL use B4 F 1249 ¥ A9
— Auj2a 7RI A hmix F++ (HS/Browsing, Streaming, Download, USB 25,
Application)

— AR 7FY A hmix FFHAF (HS/Browsing, Streaming, Download, USB &

. Application)
— AIFHA] Plysical Layer &) Forward Link Total Kbyte = 3

— AZHWA] Call Traffic ¥4 A|=F F+F

PYPA

p s

o
(it
i

HEE vlEg o g V)X 253 : cluster analysis& ©|83F 1

— clustering algorithm: hierarchical + k-means
— determine the number of clusters: TF22] 3 7}A] measure ©]-&

x Calinski and Harabasz (1974) choose K to maximize

B(K)/(K ~1)
W(K)/(n = K)’

CH(K) =

where B(K) is the sum of squares between cluster means.

x Hartingan (1975) selects the smallest K if H(K) < 10 where
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H(K) = W(KV)V(_KM;UB * 1)/(n —K—1).

« Krzanowski and Lai (1985): choose K to maximize

DIFF(K)
DIFF(K +1)|

KL(K) = ‘

where DIFF(K) = (K — 1)*?W(K — 1) — K¥*W(K), and p is the

dimension of variables.
o 15 Aol tst Reporting

— o xHY AFE.9] graphical display & 984 PCA AFE ©o]83}o] first, sec-

ond principal components & F 90 Z3= HHo| T A

- 2%yl NAFY HESARS AL (FT L B

PCA £ g3l o]Az]e] A% AA

HE thi®F oldAl= thi = Aqfaze] 7|Hkset =
L yHoge IR E B33 A171 T Y 289 center ol A 7—.‘ X}E@{L"/]
Mahaanobis 72]& At} Mahaanobis gl ThHE HA{522A 4% *(p) & =2
2 A3t AFE slol|A] yi-quantile S AAVET I ZF Kl 3 olAXE 7hRdit)
ol 949 AR tiste] AF® ES 2 & Aol gt x* quantile I} o] FA] =
HHE A5 vgolty. AR AsA A4FE Mahalanobis A2]9] quantile-> 718
QEZ columnof e} St}

o
i)
p
o
o,
Oko
_ﬁ
=
_|>:1,
52
s
s
i

prob(%) x?quantile n ratio data quantile
1 95.00 21.02601 1664 0.4349190 170.65
2 97.50 23.33660 1571 0.4106116 397.02
3 99.00 26.21693 1460 0.3815996 2935.89
4 99.90 32.90949 1279 0.3342917 33899.78
5 99.99 39.13440 1139 0.2976999

219 #oAE= ¢ W thgl Principal Component Analysis
Methods
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e Clustering algorithm

— k-Means
— Hierarchical clustering

— Model-based clustering
e Determination of the number of clusters.

e Output: numeric or graphical
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ABARED Ve kNS EAARR PGS Hasel 1Y BE das 2 N5
=
N, & z & 7R k709 Train AAR RS9 Agoletr & of (o]& z 9 k-t
5),

y(x) = arglegé?’(L} z%:\[ I(y; =1).
Al 2d AKFEE WE 7|4 (Support Vector Machines)*
{(zi,yi)}in) & FRAFHEOZA 2, € R oA y; € {—1,+1} o|th. A7IA 2, &} &= &
2 geass FHMse BAn. (L) S R4 Aol B4 RRt FURRS
V&S f(2) = (w,a) + b2 ATE HY BIFSE AL F, 21 $SE o] 334
AMEZ Y zol g S83ke dSske 222 & 5 Utk w9 sE 47 #5td]

subject to y;({(w,x;) +b) >1—¢&,6>0,1=1,...,n.
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Margin

/h"“ Separating
[ / Hyperplane

0+ FALRI WA AhE 2718 2Bk WAG Broln & &
=
=

A HAskete oAl ool that theat 22

mgn%ZZyiyjaiaj<xi,xj) — Zai, (8.2)

= Z Qi (@i, ) + b (8.3)
=1

2 Foldleh. of 37k 00] ohd 4, o FAmE oleie 00| ohd 4, 52 T35
=5, 59 29 AxE WEE RE0}h of7)4 b= Karush-Kuhn-Tucker 374 ZASL
2 0|83l

183te] Z2FEcE WA B8 BAs WA () tal wdy Ad k()
k

(z,y) = exp(—y[e —y[I*) = 4]

)

) 7ol k. A7A > 0 2AY maol) e
A4 Adz dAT T (32)9) A A% 2AS Ed w4 BRelAe sl (8.3)
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ROC =41, Mahalanobis A2], Kolmogorov-Smirnov A2 %
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A54d RFM 23

o A (recency), FUIRWIE (frequency), ol (monetary) 5 LA 4=¢]7]¢]
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library(class)

data(iris)

y<-iris[,5]

tr.idx<-sample(length(y), 75)

x.tr <- iris[tr.idx,-5]

x.te <- iris[-tr.idx,-5]
ml<-knn(x.tr, x.te, yltr.idx], k = 3)

# k=number of neighbours considered.

A WE 7]+

library(e1071)
data(iris)

attach(iris)
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## classification mode

# default with factor response:

m2 <- svm(Species™., data = iris, kernel="linear")
plot(m2, iris, Petal.Width ~ Petal.Length,

slice = list(Sepal.Width = 3, Sepal.Length = 4))

print (model)
summary (model)
Call:

svm.default(x = x, y = y)

Parameters:
SVM-Type: C-classification
SVM-Kernel: radial

cost: 1

gamma: 0.25

Number of Support Vectors: 51
(82221)

Number of Classes: 3
Levels:

setosa versicolor virginica

# test with train data
pred <- predict(model, x)
# (same as:)

pred <- fitted(model)

# Check accuracy:
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table(pred, y)

y
pred setosa versicolor virginica
setosa 50 0 0
versicolor 0 48 2
virginica 0 2 48

# compute decision values and probabilities:
pred <- predict(model, x, decision.values = TRUE)

pred, "decision.values")[1:4,]

setosa/versicolor setosa/virginica versicolor/virginica

1 1.196152 1.091757 0.6705626
2 1.064621 1.056185 0.8479934
3 1.180842 1.074542 0.6436474
4 1.110699 1.0563012 0.6778595

# visualize (classes by color, SV by crosses):

plot(cmdscale(dist(iris[,-5])),

col = as.integer(iris[,5]),

pch = c("o","+") [1:150 %in% model$index + 1])

w7

#single tree and bagging tree
library(tree)

data(iris)

y<-iris[,5]
tr.idx<-sample(length(y), 75)
x.tr <- iris[tr.idx,]

x.te <- iris[-tr.idx,-5]
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e o o o T A o o o o SRS A
m0<-tree(Species”™., data=x.tr)
m0.cv<-cv.tree(m0, FUN=prune.misclass)

$size

[11 4321

$dev

[1] 5 4 21 45

$k

[1] -Inf 1 18 24

m0.p<-prune.tree(m0, best=3)
mean(predict(m0.p, x.te, type="class") != y[-tr.idx])
[1] 0.09333333

R S S S

nbag<-20

m<-list ()

n<-length(y)

for(i in 1:nbag)

{
s.idx<-sample(l:n, n, replace=T)
m[[i]]<-tree(Species™., data=x.tr[s.idx,])

}

pred<-sapply(m, FUN=function(ml)

predict(ml, newdata=x.te, type="class")

pred.bag<-apply(pred, 1, FUN=function(x)

names (table(x)) [which.max(table(x))]
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)
cat("Bagged Error =", mean(y[-tr.idx]'!=pred.bag), "\n")

Bagged Error = 0.02666667

H
LR

library(boost)

data(leukemia, package = "boost")

## Dividing the leukemia dataset into training and test data
xlearn <- leukemia.x[c(1:20, 34:38),]

ylearn <- leukemia.y[c(1:20, 34:38)]

xtest <- leukemia.x[21:33,]

ytest <- leukemia.y[21:33]

## Classification with adaboost
fit <- adaboost(xlearn, ylearn, xtest, presel=50, mfinal=200)
plot.boost<-function (boost.out, resp, mout = ncol(boost.out), ...)
{

mcra <- apply(((boost.out > 0.5) * 1) != resp, 2, mean)

mini <- which.min(mcra)

mcrs <- round(min(mcra), 4)

mcrf <- round(mean(((boost.out[, mout] > 0.5) * 1) != resp),
4)
cat("\n")

cat("Minimal mcr:",mcrs,"achieved after",mini,"boosting step(s)\n")
cat("Fixed mcr: ",mcrf,"achieved after",mout,"boosting step(s)\n")
xax <- "Boosting steps"

yax <- "Error rate"

plot(mcra, xlab = xax, ylab = yax, type = "1", ...)
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AdaBoost

0.4

Error rate
0.3

0.2

0.1

T T T T T
0 50 100 150 200

Boosting steps

19 8.2: AdaBoost 43}

pdf ("adaboost.pdf")
plot.boost(fit, ytest, main="AdaBoost")

dev.off ()
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