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ABSTRACT

The purpose of this report is to study about the data mining processes and to compare the
performances between three popular data mining software, for example, Weka, RapidMiner and
R Data Mining. To compare the performances of this three softwares, we use three popular
classification algorithms, such as Naive Bayes, Decision tree and AdaBoost with seven datasets,
which each have several characteristics. Each algorithm has a different solution to build a
predictive model from each dataset. When we use different algorithms with same dataset. We will
know which algorithms is suitable for that dataset for the best efficiency of prediction. This
experiment makes us know that each software has similar correctly classified percentage. It does
not has any software which is outstanding more than others. And we can conclude that the
correctly classified percentage depends on different algorithms and different dataset
characteristics, such as the characteristic of dataset, amount of instance, amount of attribute in the
dataset and etc.

In this experiment, We have Split the original dataset into training set and test set by the
different three ways as follows the first is 70% of training set and 30% of test set, the second is
80% of training set and 20% of test set and the last is 90% of training and 10% of test set. We do
this for finding which way gives the best of predictive model and we can summarize that 90% of
training and 10% of test set is the best. Data mining is the process of analyzing data from
different perspectives and summarizing a big data into useful information, It is very interesting

useful.
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. ¥ -] o a = a W a 2
TiJLﬂﬁiHﬂ Traimng set INTUU Hﬂ!ﬂuﬂaﬂﬂiﬁll"Vlfl]$ﬁll3JWﬂ’]ﬁJBQﬂQILﬂiﬂﬁigsﬂuﬂulﬂx

w

° o w ?\’J i ~ o
Arnamamalddudanlsdu Tasdedfid1fyve Naive Bayes Aodoanisdayaiiiilu

]

@ o

' d o o . . !
Training set 1310 Ansaiimsadilumadmsuswundoya (Classification) 180619
HUUE

= & & &
TUN1TVDY Bayes theorem °1N WUIIUUIDIN Probabilistic model Nanyazaall

P P(x|C
PG lxy= EEEEIR L g

TnyeruN15¥04 Bayes 92 3 Auidnnde
- Posterior probability W50 P(Ck|X) fie anuningfluiidayaiiiueaniiindiu X ay
~ =
vnmanilu Ck

o

Yundoya Training set a1 Ck tazi)

- Likelihood 138 P(X|Ck) fio arunitez !
uoA3iiad X Taofi X = X,N X,... N X, Tavfi n Aos1uamiean3 i1y Training set
- Prior probability w50 P(Ck) fenininziluvesnaa Ck
udiiioannmsuean3iiag X = X,N NG DY fiRA31 11 Training set 0100z § 10071
v

4 - L o & e v ¥ 2Ny y o -
uaU?J’]ﬂ'ﬁiﬂvluugﬂ“uuma\ulﬂﬂﬂSﬂjﬂlluuulﬂﬂﬂlulafJ AIUUV lﬂi“ﬁﬁﬁﬂﬂ’liﬂ?“lﬂﬂgua

N3 AU Independent Aofurh IdmmsalAvuanmsvos P(x| Cr) 18
P(x[Cy) = P(x1|Ci) X P(x3]Cp) .. (x| Ci) 22)

Taslumsa$19Tuina Naive Bayes @15130111903A Training set 1A 1UIUANALATT

a g = a a 5
TaduaznadluTumanilseanInmiy
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2.6 dane3Nudu15idadule (Decision tree Algorithm)

“ . A~ (=] ' ! . . 23| ¥ v 3/
Decision tree algorithm ¥38158NDNDU1971 Decision tree learning Aumslsumunimdu 15

o) o v o =2 d . . a : 1
Wuluaadmsuriue Fuilu Classification tree ¥ilanila Tasununiwdu1dii 10 (Leaves)

A 4 " v Y e g
i]gllﬁﬂQﬂﬂ’]ﬂHﬁZﬂﬂﬁtlu (Branches) ﬂxllﬁﬂﬂﬂ]il%a“ﬂﬂqI@Qﬂﬂ"iﬁlﬁﬂ]uu Decision tree !.'IJUW

a ' & A ) Ao s o - - '
nsued1nnlumsiimilosdoya TaelidagilszasrnomsadiaTlumaiiannsomueaives

& ¥ a4 a ' 1 “ ) . g
ﬂ')LL’lJiL‘]J'IﬂM'IEJIﬂUlJWUﬂ'I‘l—ﬁl']ﬂ'ﬂﬁ’lﬂ"] ﬂ')LL‘].J'iﬂ'E]“LI'ﬂu"Iu NITI38UIVD] Decision tree l‘]J‘LlﬂTi

= o , o = ' [
Fouilasmssuundoya (Classification) Tasmssuunoonfunanianiey Taeldnadnume

(Attribute) voetoyalunz N

#2U15£NOVVDIHATHTUDI Decision tree

I

Tuan1e1u (Internal node) AonuanyazA19q voedoyaraiiodoyalan anaaud

¥V
@ W a

Tua wldgadnpusiliiluddadulaidoyans U lusienala Tao Tuanolufidy

v

yasuAuvesdu iy

= U

158071 9110 (Root)
a =1 1 Y a ala
N (Branch) iunvesgauanyuz luTuamelufiuanniiioanun

Tualy (Leaf node) Aonque1en Fudlunaaws lunsswmniszinndoya

FY
Vo A

¥ s . . A g e LY o
ABUNTTAI13 Decision tree 910 Training set ma"lﬁnmuuﬂmaga i ldnail

A aa Ja o ¥ A g ot v A A
1) 1@9nuean3ItIAN My NI U Root node Tautnasinsaoanaulalunisidon Root

A A 2T AN w o Y A d [ ' =]
node ﬂﬂﬂﬂﬁﬂ\‘uﬂﬂmmﬂﬂﬂnﬁlLiﬂﬂ&ﬂ’)llﬁmﬁuwuﬂu Root node AU 171 Gain ¥4

2 1 g @ ' aa  Ja Y A o 9 Vet
lﬂuﬂ’lﬂi‘h’u@ﬂ'ﬂ'llmﬂﬂiﬂ?ﬂ mwmmﬂu Root node ﬁ]lﬂ‘iﬂ‘ﬂﬂ!uﬂﬁ]ﬂyﬁqﬂﬂﬂ'lﬂ

[l 1
A =

o aa A =]
vouiivala Tavazhinisidenueanind a1 Gain gefigaiflu Root node Tnens

a

AUIUNIAT Gain W1 199 1NHUNITU

Gain(x) = info(T) —info,(T) (3)

T A0 1¥AYD4 Training set

A aa oo = Y o @ o £
X fio ueansiangminenlviiuariuundoya

Info (T) e WanFunsyySuadeyaiidoamaiiie lfaunsaswunnaaidoanis

¢

Info,(T) Ao WanduiszySunadoya

Y

=] A o B v
TIW’FNﬂTilWﬂﬂ"l‘iﬁ]'lL!uﬂﬂﬁ'lﬁ“Uﬂﬂﬂ]ﬂyﬁiﬂﬂcl‘]f
£

aa o < o A
HoRNIUIN X Lﬂum?ﬂi?%ﬁﬂﬂlﬂﬂlwﬂ“ﬂﬂyﬂ

o

1 EY
Tawe Info (T) Tw1s0i5on 1ABnee1aniladn Entropy Hanmsmsmulaeall
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entropy(Py, P,, ..., B,) = —PylogP, — P,logP, — --- — P,logP, 4

o aa  da g o A an  da A a

2) #a391n 1aueAn3 TIda15U Root node 9x¥irnsiAanueans iddamasuuiulua

1 ° ° = % ' A ' ) = A

g 1) Tamimsanudsaums@ay Famaznas ldm Tuada llfluseansing

Y o 1 g d‘.
Auazal Huyull lliseon
2 4 1 2 W

3) NIEUIUMIATN Decision tree WAUAAID Leaf node ITunguvastoyanamasafiu

4
NInuaA

Tree View

= sunny = overcast = rainy

it

= high = harmal =TRUE = FALSE

EE S mew

71 2.1 fedhasunménidadulovnaevidning

| outlook
= Overcast - “.\inv = sunny
A" .
’ - yes ;} 'windy | \hum@p,
- = FALSE = TRUE = high = normal

_— - S " &
yes [ ne | ——— J yes |

= = I

o v a 4 = d
31l 2.2 Medanmumwndulidaaulonnveriunssidlamenes
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2.7 dane3Nuaaya (AdaBoost Algorithm)

o | a = o ' g ] 9 .. Al e 3 G
msemyainanmsaemsiiuaniminyesyadoya Training set A5ou3 lasnnio

o

° 3 ' £y kY () & ' &
Huunszinndoya higndes Taomsaiamsumnvumnlundazson fail

D fmuald s, Aeswuntsziandoya Tash i={0,1,2, ..., n}

s g

2) fEududiemsaiiedasuun s, 1indoya Training set #a9wmATi0 liTnnugnAs
dn v d Ao a A a @ o A g £ i A o
wnd I# Aeithininssin@ueindaswun s, Aedoyalathalu Training set A3

Tuun S, Suundoya lignsas

o 5 @ ¥

4 ] %’ a n:s' o 1
3) @316 un S, uin Tagiunnnmin linudoyandwumlszian ligndesdae

o d o <

Aaduun S eai s umn s, udanrhmsiisanhmin s uyadoya Training
A o 1 ) <3| ) "
set Nwunsziandoya lugndesdnaswazaradiudaduun s, de'ly
4) MAnTTUIUMIANDNATIIUNWITWUN S, angarhmTmIu

v =

=y 4 @ o LY o 1 %‘ o
FgnuIBMIH mIaFemsuun luseundsn asiidhnueao el Tuanimin

).

! ¥
Mo o & o v W

YB4U0YA Training set AU sziandoya bigndos iioidasuunyndanaud s,

e

p { 1 i~ AR ' v w o e
NTENANe S, s 1w 1g5aunu fefimadie 1dsude Iddasuundsanndeyaiiiaim
gndsannn Mz lddasuundszinndoyauddladanils Tavemyaazidhlgae1i i

cs' = a Y LY a2 = %’, = aoa ng ° £ o =
Tuimaiimannmssmndredanesivdndiu Suszansamuinuu uazsilinisswund

4 X
ANYNADININTAT U

= g7 d

2.8 30N 3NUF13015 (ZeroR Algorithm)
o di as i | o ) ' 1
Flioiitusnsidwiigalumssmundeya Tasordsmsaulaudidmnouas b
[ 2 st o 9/ = @ Y et & 1
aulsmsihunedug Fliofizainluaaninmsauluiissnaandnvosyadoya uis s

o« (= (7] ° ae— - 1d o o o @

o1y hilmsadeTueaisninnsaulaeaniidnanue uafiiluilss Temldmsuns

L g g o o W as A 9 ) o o
mmummgm (Bascline) #1M3U0ANDINUDUA ﬂluﬂﬁﬁiNTmﬂﬁﬁTﬂ'ﬁUWTuW

=y

a%fuﬁﬁuﬁ!ﬂu Machine learning model ‘ﬁ"ﬂizﬂaué’z’mﬁ’u“lﬁmwﬂﬁuclmmu One-level f1D
Sludul¥qaiulefid 1 Intemal node (Root) Fudoude i luaan AFsuaduiizhlfifa
msisuasReIR N ansadendneiianiiadn 1-nles Adsuaduiingn iy
ﬁ’)ﬂﬂ‘i:ﬁﬂﬂﬂﬁ%ﬂ“ﬁﬁﬂﬂ’h Weak learning 130 Base learner 14P13%1 Machine learning 1)3z10%

Boosting !1f1¥ Bagging Audu
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2.10 9an@39134015 (OneR Algorithm)

' & " o @ A4 AQq Y o
OneR 8911910 “One Rule” Faulaindronazgnaes ueriiflusdanasinilddmsy
o ) ) g W g ) 2 & v ow LA A~
sJmuﬂwyaiﬂﬂﬁiwﬂf,]mmumuwmayawummﬂgmmmamam InHUaa NNy
A Y A v 2 o 1 '
deranamiaoiigainl¥iunanue dedasuy
‘ Which one is the best predictor ?
Outiook  Temp  Humidity  Windy  Play Golf Frequency Tables
Rainy Hot High False No
Rainy Hot High True No
Overcast Hot High False Yes * Play Golf Play Golf
Sunny Miid High False Yes Yes No Yas No
Sunny Cool Normal False Yes Sunny 3 2 Het 2 2
Sunny Cool Normal True No Outiook | Overcasz a 0 Temp. | Mik a 2
Overcast Coal Normal True Yes Rainy 2 3 Coal 3 1
Rainy Mild High False No
Rainy Cool Normal False Yes
Sunny Mild Normal False Yes
Rainy Mild Normal True Yes Sy Gokt izl
Dwercast Mild High True Yes oy o L s
Owercast Hot Notmal False Yes % Hah 3 4 Windy Fais d 2
Sunny Mild High True No " | Norma 3 1 Troe 3 3

71 2.3 Medumsiauvesdaneinuiues

[

Taovingilaunsoetio 14l 010 Frequency Tables ¥99 Outlook
i1 outlook = sunny Ui play=no  9%IfA 2 errors 11 5 records
1 outlook = overcast 1147 play = yes 92IAA 0 errors 1Y 4 records
01 outlook = rainy 1 play = yes 92109 2 errors 1U 5 records
391183 Outlook 9231 4 errors 910 14 records Fafeifumsifia Error foofign fuerisa

aen Outlook ﬁ]u Decisive attribute

2.11 giluuulvidieerseviovl (ARFF Format)

ARFF 6911910 Attribute-Relation File Format '%!ﬂ!“-ﬂu ASCII text file ﬁﬂ%ﬂ‘lﬂﬁ@gﬂ%@&
Instance 11AZHBANT T19@ ARFF gna’1aduTasamzinoimanineufinass yminede
Waikato tite 1 fumendinging

ARFF vzutiseanily 2 dou 1din

1) @7U Header §91d5znov lUdrsdruvessrvazidonueayatoyn Tao Header 9%

) o

¥
meTuwuesyatayn, :19msveueansing uag aate AI8619V89d I Header 1Husadl
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2.1 @74 Header ﬂlﬂd“lﬂﬁ ARFF

oo oo o° o

o

1
2y

Title: Iris Plants Database
Sources:
(a) Creator: R.A. Fisher
(b) Donor: Michael Marshall
(c) Date: July, 1988

@RELATION iris
@ATTRIBUTE sepallength  NUMERIC

@ATTRIBUTE sepalwidth NUMERIC
@ATTRIBUTE petallength NUMERIC
@ATTRIBUTE petalwidth NUMERIC

@ATTRIBUTE class {Iris-setosa,Iris-versicolor,Iris-virginica}

@ ] FY Vv = Y w dg
INAIDYNNVNAU ff’]?J']ﬁﬂﬂﬁ‘U"lUllﬂﬂﬂu

2)

1 =]

o A o 14 "
ussvianvudude % sziun1s Comment lifinans 15 luyadoya daulnajozil

]

o1 [ iievenfinueagadoya 509112 Instance L1aZ0T BT 18AZIDIAYDINA

ALUDANT IR

¥
w o

44 9 v ' g ” o
VITNANVUAUAIY @RELATION ﬂ$ﬂﬁﬁﬂﬂ?1lﬂuﬂfiﬂﬂlliﬂ'llﬂﬂvlwﬁ ARFF Uu
X
U

= 1

= u’c!‘d
sUaaNToyluga

o

= d
USTRANTUAUAIY @ATTRIBUTE (1 UM3Iaas18msvadionn
3/ £ v o £y an- o w " o
doyatn Tavagniualvanuuzdoyaveaneanitiinuy ludiedrsaziiy

& = [ ' 3) - 1 () o = . i
NUMERIC Faitluddtay uanindoyanu lulydravazdivuaiiiu (value’,

= o

‘value’, ‘value’, ..} Tagg1uIuUITNAVDINITAIHUAAILDANTUIN VNI IUIU

VTTNAMUIIUIUYDAULDANTLIALAZARE

@

' =] ! = 5 3/ A o i e
@74 Data (Juaunuaastoyaveyadoyn ARFF Taoiidiotaaail

@798714 2.2 @I Data ¥04 114 ARFF

@

5

LSS O TR G 1 I G IS S N

DATA

~ = 0~

-

~ = 0~

-

O = O b O -~ W
W WWWWwWwww

L8

.2,Iris-setosa
.2,Iris-setosa
.2,Iris-setosa
.2,Iris-setosa
.2,Iris-setosa
.4,Iris-setosa
.3,Iris-setosa
.2,Iris-setcsa
.2,Iris-setosa
.1,Iris-setosa

~
~

-~
~

~

-
L i T S T S S S S Gy G

~

-
-

~
~

~
~

-
~

H Wb O oy DO WL
b O s 0 U WD
OO OO0 00C0O0OO0

-
-
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=

o ]

3/ Y ! @ = 1 £ v " o '
Aot n lumaz uII1A9EYNITEN 1M TN Instance Taguaazaouiozilualy

a  da

uaansthan ldmmual3ludiuves Header nazilavhemenaavoadoyalu nstance 1
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UNN 3

d
ﬂ1§3!ﬂ§1$ﬂ!!ﬁ$ﬂ1iﬂﬂﬂ!mﬂ

9/ y =Y J
3.1 gadeyanldlumsdnaizy
! o n 3 s o
TumsnaasnyuNefUATzUIUM IR IHiosdoualulsziduaien Taeldaending
U
eafumsiunilosdoya 18R Weka, RapidMiner 1182 R Data Mining HA991005£1IUMS

o" a n’: o o ar 9) | o 4 = 9 3/
ﬂ’nui'ﬂﬂﬂl!ﬁ:ﬁﬂﬂﬂﬂ“ﬁﬂwﬂlﬂﬂmﬁgﬂﬂllﬁ? ’WW']J'J'I?LJ“H@WWLUﬁ Weka rﬂllﬂ']'ii“r’i‘l{ﬂﬁ]ﬂllﬁlﬂ

1 1 G'J L} é 1 L]
Arweguds uazdmsadadin1ddre Tusunsuna 'l 1u Notepad++ Fevsiidaugaoldis
= P a ) Y o a4 4 g s '
awIsaAnEINYINUTIeazBeavesdoya laid lnnngey dedeyamariazeglugiuuy
s & Yo @ A W o ° = ¥ ~
Yo3ana 1WA ARFF 49 185umssasiyluaedduisnng dafis1agsiinsiinm lavyadoyah
v
o at o o é = 1
swimsdademinnlalumsnaaes dszneudogadoyaisnue 7 4 Faaziinnuuandis
A
a o aa o o
funaluduinavesdoyn uaanitog uazdnyaizvesdoya
3.1.1 aenlesa (Iris.arff)
= ehmagh v 4 e = Ao oo
Wumsnudeyaniundie Aue12 veInau@suazaduann ediuunindly
a a aa o 3 aa o 1 aa o
aan lesawiala Tavszisznoudlueansindiavua s uoansiim udazueansione
9 T [ ar ::?’
Usznoun1uaInIee Al
e 1 A g a 1 ] r
- sepallength AN1W1INAVLABY (cm) Ysznaudemmuauay finregluag 4.3-7.9
4 1 A d ] " 1 [l
- sepalwidth AU T1INAVEL (em) Ysgnoudremidiuduay Taregluaig 2.0-4.4
1 A g @ 1 ] 1
- petallength AUB1INAVADA (cm) Ysznoudemniiiuauay Tawglure 1.0-6.9
= 1A d ] ] 1 1
- petalwidth ANUNT19NAVADN (em) Usznoudomiidiuduay Tareglurig 0.1-2.5
o 1 d a = Y g dy. . . s
- class 3wunIniluaenlesariiala sznoudie 3 1szian §97l iris-setosa, iris-
versicolor L0 iris-virginica

v
yadoyanen losavzilszneudiodeyaianua 150 Instances
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Relation: iris
No. | sepallength | sepalwidth | petallength | petalwidth class
Numeric Numeric Numeric Numeric Nominal

1 5.1 3.5 L4

2 49| 3.0 1.4 i

I - 13

& 4| 31 15 |
5 5.0 36 L4 0.21ris-setosa
6 54 339 17 O.A4lrssetosa |
7 T 4.8 E e 0.3|Iris-setosa
8 5.0| 3.4 15 0.2]Iris-setosa
s | 44 29 14 0.2Irissetosa |
10 43 3.1 15 0.1]rissetosa
111 54 37 1.5 0.2[Iris-setosa
12 4.8 3.4 18| 0.2]ns-cetosa |
[13 4B 3.0 14 0.1fIns-setosa |
14 43 3.0 11 0.1fris-setosa
|15 5.8 40| 1.2 0.2[fris-cetosa
|15 | 57| 44| 15 0.4]Iris-setosa
17 ] 54 39 13 0.4]Trissetosa |
(18] 5.1 3.5 14 0.3ris-setosa |
B SAse 17 o3iesemsa
20 — 3.8 15| 0.3]Iris-setosa
21| 54 34 17 0.2rissetosa
22 ] 5.1 3.7| 15  0O.4Trssetosa
23 46 3.8 10 0.2]Iris-setosa
BN N\ N\BYT 1737 17 0.5rssetosa |
25 48 3.4 13, 0.2]Irs-setosa |
26| 50 'i.'u}' 16| 0.21Tris-setosa i
{27 [~ 50 3.4 16  O.4lnssetosa
@[ 5d 35 15 o2imsets
@] 52 Eull 2T 0.2[Iris-setosa |
30 4.7 3.2 16 0.2[Iris-setosa

1 3.1 Aeesyadeyanenlosa

Saht

3.1.2 n3zan (Glass.arff)

[l
= 1 =

= ¥ a4 o 4 Y P ' o b
Hlugateyanednuentlszneumaniiaie dldlumsiudnlszinnaie fu Taeld

a A Ve A

9/ I3 aa o [ = o c_'.y
“U'ﬂHﬁﬂﬁﬂﬂﬁz‘ﬂﬂurﬂquﬂﬂﬁ']u!waﬂTlﬂfnﬁﬂ'ﬂ']']ﬁﬂﬂuﬂﬁﬂﬂigﬂ@ﬂllﬂuu!ﬁuﬂigﬂﬂﬂﬁgmcﬂﬁlﬂ

q q

¥
o

a e aa o 1 ey o o
Tagg1l52noUA8UeANI TIANINUA 10 LBANT TR uAaZLoAN3 1Rz 152noUA 18R 19199

Ed
=1

A1
1 w 9/ = @ = 1 1
- RIMMSnm dsznoualeminitiudeulinieg 1uaie 1.511-1.534
v 1 "

- Na lRen Gridedailudosazvoniminfi e lumsesn lod) Useneudaeaigy
Aa HA1eg U599 10.73-17.38

a Al " o ) & o 0 o, 3 1A

- Mguunil@en mietadiudesazvanimiinila luniseen lag) Uszaeudaesiii
fluduay Taeguae 0.0-4.49

9 . '

- Alegidoy (mireImilusevazvenimniniildlumsoon las) Usznoudreari
dudnay Taoglutg 0.29-3.5

T v '

- sidaneu (ieiadluesazvenimminii 14 unsoon lad) Uszneudieaidy
Aav U108 1ure 69.81-75.41

Vv [ v

- K Tnunadeon (e dadiudesasvouivniniild lunisoon lae) Useneudieai
Wuduay Taeglugae 0.0-6.21

v ' N

- Caupaton (Mueladlusesazvoninminf 14 luniseen led) Usznoudeai

Huduay Hmoglurag5.43-16.19
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- BauuBow (mireSadiuevazvonimiindldlunsesn lue) Uszneudaeriuiiy
Ay lmeg e 0.0-3.15

- Femn (mheiadhutesazvonimminildlumseon o) Uszneudieiiiiy
A% 110411499 0.0-0.51

- Type FUAUDINTZIN wiuduianun 7 i 180 build wind float, build wind non-
float, vehic wind float, vehic wind non-float, containers, tableware Uarheadlamps

4
- yadeyanszansziliznoudodoyananun 214 Instances

Relation: Glass g - )
| No. RI Na Mag Al Si K Ca Ba Fe Type
| Numeric | Numeric | Numeric | Numeric | Numeric | Numeric | Numeric | Numeric| Numeric Nominal
1.51793] 1279 3.5 1.12| 73.03 0.64 B.77| 0.0 0.0/build wind float

151643| 12.16] 3.52|  1.35| 72.89|  0.57] 8.53 0.0 0.0[vehic wind float

[ B
|

1

2

3 | 151793 13.21] 3.48] 141 7264 0.59 8.43 0.0 0.0|build wind float
4 | 151209 14.4] 174 154 74.55 0.0/ 7.5 0.0 0.0 tableware
.
5
7
5

153393  12.3 0.0 1.0] 7.8 012 1619 0.0/ 0.24build wind non-fioat
151655 1275 285 144 7327 057 879 0.1  0.22buidwind non-float

151779 13.64] 3.65 0.65  73.0 0.06] 8.93 0.0 0.0 vehic wind float
~ | 151837]  13.14] 284 128 72.85 0.5 9.07 0.0 0.0/buid wind float
f B | 151548 1214 00 268 7338 008 9.07 061 0.05/headiamps

10 | 151788 13.19 3.9 13| 72.33]  0.55) 8.4 0.0  0.28/buid wind non-float
11 | 151625 1336 3.5 148 7272 0.5 8.21]  0.0]  0.0/buid wind non-fioat
12 | 151743 12.3]  3.25] 116 73.55 0.62 83| 0.0| 0, 24buid wind non-float
13 [ 152223 13.21] 377 0.7 7193 0.13) 10.02] 0.0, 0.0buidwind float
14 | 152121 1403 3.78| 0.8 7L7 011 9.65 0.0 0.0 vehic wind float
15 [ 151665 13.14] 3.45 17 7248] 06| 8.38  0.0]  0.17/vehic wind float
16 | 151707 13,48 3.48 171 72.52 0.62 7.99 0.0 0.0/build wind non-float
17 | 151718 1475 o0 20/ 73.02 0.0 853 158 0.08headiamps
.18 [151628] 12.71]  333] L8] 73.28] 0.67 8.24 0.0 0.0}build wind non-float
19 | 151994/ 13.27] 0.0 L7 7303 0.47 1L32 0.0 0.0/containers
20 | 151811 12,96  2.96/ 143 7292 0.6 878 0.4 0.0/build wind non-float
|2t | 152152 13.05| 3.65 087 72.22] 0.9 9.85 0.0/ 0.17buid wind float
[22 | 152475 1135 0.0 188 7219 081 13.24 0.0,  0.34buid wind non-float
23 151841 1293 374 11| 7228 064 8.96 0.0)  0.22)buid wind non-float

28| 15754 3.3 366] 119] 7278 057 827 0.0  0.11puidwindfloat

N @ T K Wy
31 3.2 feensgadeyanszan

3.1.3 uzIS a1y (Breast-cancer.arff)

]
=

= 3 o @ ¥ A ' d d4 v
Lﬂu‘]‘jﬂﬂﬂyﬁﬂ']\‘lﬂ'l‘iu‘v‘mﬂmEJ’Jﬂ‘lJ’fj:ﬂJﬂ'lW‘U’ﬂ\‘lﬂull‘il oIz uNgs ad
A 1 9 aa J 3 aa J ] aa J 3 "
‘Hﬁﬂvlll Iﬂﬂ“ﬂﬁﬂ‘iﬁﬂﬂﬂﬂ’Jﬂllﬂﬂﬂiﬂﬂﬁﬂ\‘li’mﬂ 10 LBANTUIN Llﬂﬂ%i!ﬂﬂﬂiﬂ?ﬂﬂtﬂixﬂﬂﬂﬂ'JEJﬂ'I
1 o/ aly
7199 Al
- age @y uﬁuﬂwﬁ’mmq 10-19, 20-29, 30-39, 40-49, 50-59, 60-69, 70-79, 80-89 LAY
90-99
- menopause sznuAIee 1t40, ge40 LIRE premeno
- tumor-size Y5ENOUAILAI 0-4,5-9, 10-14, 15-19, 20-24, 25-29, 30-34, 35-39, 40-

44, 45-49, 50-54 11aw 55-59
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= imv-nodes ‘]J‘i::ﬂf)‘ljﬁ’clﬂ"ﬁ’N 0-2,3-5,6-8,9-11, 12-14, 15-17, 18-20, 21-23, 24-26, 27-
29,30-32, 33-35 1a 36-39
9/ 1
- node-caps Y3znoUaun yes LAY no
- deg-malig 1JsznoUA0A1 1, 2 1Ay 3
- breast U5£NOUAIUAN left LA right
- breast-quad Usznoudem left up, left low, right_up, right low L8 central
H : y 1
- irradiat Y52NOUAIBA yes LIAL no
- Class ttjuihi 2 Uszan Ao Ussnnidiuneid adum (recurrence-events) tag 13
3 = 3
U5 AT (no-recurrence-events)
) g 9 Yy gy 2 &4 ~
YAUDYAULIT A WuIzilsenaun e DUAMNTIUA 286 Instances %41141)14 Instance 923

ot

A lunaeansina i lufidoya

|INo.| age | menopause deg-malig | breast | breast-quad | iradiat Class
Nominal |  Nominal Nominal | Nominal Nominal Nominal Nominal
L W0 premeno IS g faht  Jefiup oo frecurence-events
E ApO-STosy §\6 Jt [ [ fght keatrd | no. | no-reasrence-events
3 [s088 jgesd - 2 ieft left_low |no recurrence-events
|4 4045 |premeno - 3 fight fefilow  |yes  novecurence-events
5 o8 g 2 ke roww  mrearee
6 I50-59 1:@“ 25 2 roht  Jefiip  yes
7 5059 lged0 ; 3 left lleft o
| %o penens 115 62 e et Jefup o poreurenevent
S w0 premeno 04 02 e 2 gt ightkw no  norearenceevents
10 40499 ige40 40-44 15-17 yes i right ‘Ieﬁ_l.p_ yes _no-recurrence-events |
11 [50-59 premeno 2523 02 ino W |Ie_ﬂ— et _ow no [no-recurrence-events
e ow 5B 02 e 2 gt et e omanemens |
|13 [50-58 |ge40 30-34 0-2 no 1 right  |central no Ino-recurrence-events
!iif 50-53 jged0 58 o2 o 2 right feftup [no Ino-recurrence-events
5 o pen 5m 02 m p Jer emlw e emeeenss |
16 |30-33 |premeno  |20-24 0-2 Ino 3 Jieft central Ino no-recurrence-events |
[17 s0-58 ,,éﬁeﬁ 1018 ~ B35 o i right  left_up o |no-recurrence-events |
B e gew i 062 he 2 pom ki e rerewrsnmeerns
19 0% prevena 444 02 o 2 kR kRip  po  rorenmenceevens
(20 (5059 loe40 202407 102 o 3 left Jeft o |no-ecurmence-events
21 |50_-59 It40 _77'1213—24 0-2 | 3 1 left left low o recurrence-events
2 5063 et o4 35 o 2 moht  Jefiwp e novecenceevents |
23 |50-58 iged0 15-13 0-2 Ino 43 rght  Jleft_low no |no-recurrence-events
[24 048 |premeno 1014 o2 ) 1 " jnght  Jleft_up no Ino-recurrence-events

Y] T k4 g Y
31 3.3 Aeeagavoyanzs ui

3.1.4 11N% 11U (Diabetes.arff)
< 3 = Yy A o ' 3
huavoyanumsumndneriuguamvesau 14 o e ndulsawnynu
A ] Y aa c{cf aa o ] an o 9 [l
“H'i@llll Tﬂﬂﬁgﬂizﬂﬂﬂﬂ’JEJLL?J@I“VI‘;?U’WWN‘HIJ?I 9 LIIANTUIN Llﬂﬁa‘ilmﬂ“ﬂiﬂﬂﬂﬂﬁﬂ53ﬂﬂﬂﬂ'ZIEIFI’]
1 ar dy
A AU
9 3 3 o 9/ 1A g o o ] ]
= preg VTHIUATIVDINITAIATIN ﬂ?%ﬂﬂﬁﬂ?ﬂﬂ?ﬂ!ﬂu(ﬂ?mﬁ] umagaimm 0-17
Y 9 1 9 1A g a A T ]
- plas ANULIVYRINg Inawanmi Yszneuateaiidluduay fiseg lura o-

199
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pres ATWAUIADA (mm He) sznovdleafidiuduay aieglue o-122

skin ATMNLIVBIRINITL (mm) Uszneudiearfidiuduay Taragluaig 0-99

insu SEAUBUYAY (mu U/ml) sznovdieaifidiuduay Taieglue 0-846

o T A o o 1 1 1
mass A¥HUIANY (kg/m) Usznovdleniniudaiay Tateglurg 0-67.1

pedi A191anHu DPF widnwzilunnnieand Usznendaed fiily

Aav Uaog Ui 0.078-2.42

age 019 (i) Usznevdoa fifuduay aeglurig 21-81

[ a3 [~
class utauilu 2 Ysznn Ao Wulsawnmau (tested positive) iaz 11y

T3AHIM (tested_negative)

b
yadoyaniuelsznoudoteyanviue 768 Instances

Relation: pima_diabetes

NelccE s =lar =1
=0 | Numeric | Numeric | Numeric Hurr-n: HNumeric | Humeric | Humeric | Numeric Nominal
1 60 1%8.0] 720 350 0.0  33.6 0.627 Oltested_positive |
‘g'_ | 10 850 e60 200 00 266 0351 31 o&s&—d?egaq_n_e_ ;
3 80 1830 &40 00 00 233 0672 320/tested_positve |
e 10, ®.0]  6s0] 20| 940 28,1 0,167  21.0/tested_negative |
EGYAL| 00 1370] 0.0 350 168.0] 43.1 2.288]  33.0/tested_positve |
(6 | 50 8o a0 9-0} 256 0201 30.0tested_negative |
[7 30 70| s0.0] 320 83.0] 310/ 0.248)  26.0/tested_positve |
B 00, 1150 00 08 00 353 0.134  29.0/tested negative |
] 20 1978] 7.0 350, 5430 305 0.5 53, 0|te_steg_pgs.m |
(o | B0 1250 860 0.0] 00 0.0 0232 540[tested_positve
[ [ 40 10| e20 00 08] 376 0181  30.0[tested_negative |
iz | o w80 740 00| 00| 380 0537 340 lested_positve |
13 | 1.0 13 8 271 1431  57.0/tested_negative |
3T 10 0 | 30.1] 0.398)  53.0/tested_positive
5 el ] 8 057 510t pesive
16 7.0 300/ 0484  32.0/tested_positive
177 00 1180 840 ; 45.8| 0,551  31.0/tested_positive
B8 [ 70 w07 ) & 20,6 0.254) 310 tested_positive
{187 1o 103 .0 .0 433 0.183]  33.0ftested_negative
20| 10 1150] M0 300 %0 346 053]  32.0/tested positve
21 3.0/ 1260] 880 41.0] 2350 333 0.704  27.0/tested_negative
(22 | 80| s30] sad T 0.0 0.0 354 0.388]  50.0/tested_negative
& | 74 %0 800 60 00 398 041  410wsted posive |
124 90| 180 800 350 a0 230 0263 29.0[tested_positive

31 3.4 Medngadeyannrny

3.1.5 9N (Soybean.arff)

<] Y =~ o o =
Hugavoyaneiuanyasi

4
aa o aa d 1 =
I‘iﬂﬂg\li Tﬂﬂ%&ﬂ‘itﬂ@ﬂﬁ'}ﬂuﬂﬂﬂ UIA m'mm 36 UDANTUIA LADLLLOANT

¥
1A 199 AT

£

=

1A

v Y o = A "YW = d”d
NAVUAUAUD AW AD LWE’]’%’I']H'IEJ’II"IFJHE]’JL‘}’TEI‘ENHL‘]JH

4

sznouale

date fOUNINARNHYILAINGT UsLNOUAIYAT april, may, june, july, august,

september L0 october

plant-stand U5¥n9UAI6A1 normal 1AL lt-normal

precip Usznaumen lt-norm, norm L% gt-norm
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k4 '
temp Usenaua lt-norm, norm L8 gt-norm
. v v
hail 1/52NOUALAT yes 1AL no
crop-hist Usznaudiua diff-Ist-year, same-Ist-yr, same-Ist-two-yrs L1 same-Ist-sev-
yrs
area-damaged Uszneude scattered, low-areas, upper-areas (102 whole-field
severity 15 $ﬂE]‘]J% WA minor, pot-severe LI severe
seed-tmt 1/52AOUAIWA none, fungicide L1A other
. . 1 1 [~ 1
germination UszneudlsAwaduyg 90-100, 80-89 LI 1t-80
plant-growth 1J5¥NOUA LA norm 1AL abnorm
9 ¥
leaves 1J52NOVAIBAT norm LLAE abnorm
leafspots-halo UYsznavaem absent, yellow-halos L& no-yellow-halos
g 1
leafspots-marg senaud v Ww-s-marg, no-w-s-marg i dna
leafspot-size Y5¥NBUA AN 1t-1/8, gt-1/8 11D dna
leafshread 1/5nOUAIA absent LIAZ present
leaf-malf U5¥NOUA AT absent LAz present
Jeaf-mild Y5¥nOUAIUA absent, upper-surf LA lower-surf
9 1
stem 1)5¢NDUAIUAT norm LA abnorm
! T
lodging U32N0UALA yes LAL no
stem-cankers 1/5¢N0UA LA absent, below-soil, above-soil LAY above-sec-nde
canker-lesion 1529114981 dna, brown, dk-brown-blk 118 tan
fruiting-bodies /3 YADUAIUAT absent LAY present
external-decay Usgneudem absent, firm-and-dry LL1R& watery
mycelium 152N0UAIUA absent 1AL present
. . g 1
int-discolor 1/5&no1A A none, brown LAY black
sclerotia 13£N0VAIBA absent 1A present
fruit-pods Usznoudiual norm, diseased, few-present LI0g dna
. y_ o .
fruit-spots 1Jsznouniean absent, colored, brown-w/blk-specks, distort Lifi¥dna
seed 1/32NDUAIUA1 norm LAY abnorm
mold-growth 15 ¥NOUAIUA1 absent LA present
s ¥
seed-discolor U52nNOUA 101 absent LA present
. 9
seed-size U52NOLAIWA norm LA lt-norm

F 5 i '
shriveling 1/52NDUA A1 absent 118 present
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- roots J5£NOVAUA nom, rotted LA galls-cysts

- class tlatszinnaealsnludus avaeseendy 19 Tsn Ao diaporthe-stem-canker,
charcoal-rot, rhizoctonia-root-rot, phytophthora-rot, brown-stem-rot, powdery-mildew,
downy-mildew, brown-spot, bacterial-blight, bacterial-pustule, purple-seed-stain,
anthracnose, phyllosticta-leaf-spot, alternarialeaf-spot, frog-eye-leaf-spot, diaporthe-
pod-&-stem-blight, cyst-nematode, 2-4-d-injur I herbicide-injury

v k4
gadeyanunteszilszneudsdoyaiianun 683 Instances

Relaticn: scydany .

sevet e eatinafshlestriein| sm ol i J ot rod seef kgl seecd seedivnnl ot class |

EMJWJWWrtwm] ph i rm-} tond hnqhod W | W mmrm-:]kﬂm bo| ool how ol Nomi] N Norial hor) ma raﬁ lmﬂamb:ih:f hovi |

-+ Gt o e s, ket m'ﬂ‘. now ﬂ 0030, m‘.MﬂmM isbseridbeeriabn.. ho 2houe .bmr present frm-,, absenthone laoeert mmwuqx- abeest o aboentorm dapect

2 y e gbaentid dra et e 1S o bow green i, e Maert o o e abuentabsen: bom aboenkrern dport
s sbsertea crw tosen acvent zbsectan L ves :

ey shaert i ar dbmat Beeert abser

..t&.’l

irore aeert rmldremratm
; Pors wert nam dra nem abosnt
S et o e et et e, Broar st rifoe: lbsert vam dre pe skt
o: 20... ,ﬂmmnw_ X . [¥e5 adE.. Bronr pnni}in— pione et rom a—a-m-Mlm
. b absenlichd cra abset btert abeerbabn,.. s abeve.. broan present o t

s 200 abserl;ba d'am )

“"’mgsw;‘m

e St et b 2 bgert i e o abuerd absent

31] 35 mamngmagnmmam

3.1.6 MIAINUUMTEUADNAT (Vote.arfh)
3/ = o = ng = 4=i W oty o ~
L‘ﬂu‘]gﬂﬂ]’ﬂylmﬂﬂﬁlﬂﬁﬂﬁlﬂﬂﬂﬂQﬂ]ﬂﬂﬂi$1ﬂﬂﬂlﬂiﬂ1ﬁﬂﬂ'ﬂiiﬂﬂLHN‘U‘L!FI‘L! Iﬂﬁﬁ]guﬂ'ﬁ
g o ' ' 3/ 3/ -
NV DY amﬂﬂﬁwwmwwuiﬂmﬂiﬂ Tizovuloinelathe uazgaiiolssnmudonniinle
aa oo aa o 1 afe 47 T
Tagazilszneudiuuoanstiamn. qmm 17 upaN3 UM LABLLOANS TIRILY T2NUA AN
@ dy
JU
- handicapped-infants Usznaudlumnas y
- water-project-cost-sharing UsznoudIun n LAz y
- adoption-of-the-budget-resolution U52NoUA AT n LAY y
- physician-free-freeze Uszneudea n uaz y
- el-salvador-aid 152N0UA AT n LAZ y
J% | ¥
- religious-groups-in-schools 1/52nOUA WA n LAY ¥
’ L Y
- anti-satellite-test-ban ﬂ‘igﬂ’ﬂﬂﬂ?ﬂﬂ'l nkazy

- aid-to-nicaraguan-contras Us£APUAIAT n LA y



- mx-missile Yszneudea n oy y

- immigration 1/52neUAIA 0 LAY y

. Y 1
- synfuels-corporation-cutback U5zN0VAIBA1 n LA y

- education-spending U52nOUAIAT n LA y

- superfund-right-to-use Us¢nOUA LA n LA v
‘. Y

- crime 1sznoUAI0 n uae y

- duty-free-exports 5EnNOUAWA n 1AL y

- export-administration-act-south-africa 15£AOUAIGA n AL y

- Class Wjseoniuy 2 W55 A8 democrat LAz republican

24

Y a4 oA 5 y g > =
PAVDUANTIIASLULUUIT YR ﬂﬂﬁﬁﬂ%ij‘i%ﬂﬂﬂﬂ?ﬂ‘ﬂ‘ﬂy‘ﬁﬂﬁﬂﬂﬂ 435 Instances G]NG\lH’UN

a U

1= )

a an oda
Instance i]g‘lJﬂﬂuU’NMﬂWVﬁ‘]J'Jﬂ‘l"lhlllll“ll@lla

U

Relation: vote g .
gﬂhamwatqadtim el-g refif anti aid| mx- imm)| syn] ed( supg crifdut expd  Class
i Ng  N¢ Nonj Nominal
i Y in y iy v m nin ¥ Y v ly in ly irepublican
2 n y iy iy oo n ¥y ¥y I republican
3 iy oy Y W in inin in ly In iy ¥ In in [democrat
4 n y =y Yy In nIn in ly n ¥ n |n iy |democrat
5 v iy v In iy v n n na fy y ¥y |y iy idemocrat
6 o ¥y yomlyfynoinkh oononly ly ly iy democrat
FA R R VI VI S N O y ly y democrat
8 In vy n ly 5 vmﬂ—“n n i n n v ¥ Y republican
9 n ¥ n Y ¥y v h mn oy Yy v In y republican
10 iy v n e ly Wy n n in i 'd_e_rqpcrat‘
0 n ¥ ;n iyl injn in [y % 0 In|republica
2 n vy Ny ylyhnhinlh ol v __
13 n v Y nnly iy y in In y SAnALHY B
14 v” v ¥ N in v iy Iy v oy - n in |y idemocrat
15 n iy “n Y Y y' n n !1 no vy i N rEpublican
5 in ¥y in iy ¥y Iy m in vy noly iy n republican
17 ¥ noly nnn y W ly | n |0 iy democrat
By by onnh v ¥y om Y n vy ¥ idemocrat
9 n vy nly vyl iniwim jn | v ¥ |nin irepublican
20 ¥ Y Oy i in nly iy iy imn ¥y inin n Jy ly idemocrat
21y w Iy nn y Yy n n |y n n in |y iy Idemocrat
22 iy ¥ vy in in nijy lyly n |p n y ¥ |democrat
sy Yy nnnly iy in I n in ly iy democrat |
24 Wy Iy My ¥iy n p nn in ly iy democrat |

31 3.6 MeenayavayamsainzIUUBEIABNA

3.1.7 @14¥0 (Credit-g.arff)

) Y 4 o o9 o ' Y ¥ o a
Lﬂu‘lzﬂﬂﬂgﬂlﬂﬂﬂﬂﬂﬂlﬂuﬁﬂ')""]‘l‘l_lﬁ"lﬂ"] VOGN Ltﬁ%ﬁ]ﬂy‘ﬁﬂﬁﬂ"I'iﬁﬂiﬁlliuﬂﬂﬁl‘ﬂﬂﬂ

9/ ] & o A o 1 =] 9/ o o = 1
gnn1veIsuImsuraviialuwesiy ieswuniudugnAnavesesdnsnielu Tasey

3/ an 0’3 aa o 1 aa o 3 T [ ¥
ﬂigﬂﬂﬂﬂﬁﬂlmﬂﬂiﬂ’lﬂﬂﬂﬁﬂlﬂ 21 LaaniuIn Llﬂﬂmmﬂﬂﬁﬂ?ﬁ%%l“igﬂﬂﬂﬂjﬂﬂ'mw"] ﬂﬂﬁ

- checking_status 1/32n0UR20A1 <0, 0<=x<200, >=200 L1 no checking

- duration Usznoudaeanidluduay a1y uae 4.0-72.0
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- credit history U52nouA0AT no credits/all paid, all paid, existing paid, delayed
previously LLQi% critical/other existing credit
- purpose U52N0UAIAT new car, used car, fumniture/equipment, radio/tv, domestic
appliance, repairs, education, vacation, retraining, business 8¢ other
- credit_amount 1szneudeaiidluduay a1y uae 250-18424
- savings_status 13¥NOUAWAT <100, 100<=x<500, 500<=x<1000, >=1000 LA no
known saving
Vv '
- employment Usznaualem unemployed, <1, 1<=x<4, 4<=x<7 lIng >=7
. o v 1A @ a ' '
- installment_commitment 15zneudeAriifludaay Hiaioglume 1.04.0
- personal status U52n0UA A1 male div/sep, female div/dep/mar, male single, male
mar/wid 118 female single
- other parties Usgnaudua none, co applicant LLfi& guarantor
. d b VoA s 1 1 [
- residence since sznoua aﬂﬂmﬁ‘lummﬂj umagiuma 1.0-4.0
- property magnitude U32ADUA AN real estate, life insurance, car, Lli¢ no known
property
9/ A g s o 1 [}
- age Ysznovdemiitlua iy Haeglugae 19.0-75.0
- other payment plants Usznoudaem back, stores LITi& none
- housing Usznandlen rent, own LAY for free
o ¥ Vv 1A g o o v 1
- existing credits Usznovud emndlugaay Iaeglumg 1.04.0
- job Usznaudum unemp/unskilled non res, unskilled resident, skilled (8¢ high
qualif/self emp/mgmt.
" A o 1 v 1
- num_dependents Usznaudasmindluduay Haegluaag 1.0-2.0
9/ 1
- own telephone 1/52NOUA A1 none LAY yes
B Fl 1
- foreign worker sznevudlem yes LAE no
1 o3|
- class uiiagnAnii 2 1szinn Av good 11AZ bad

] ¥
yadoyaduiozlszneudlodoyananum 1000 Instances



Relation: geman_aredit o o o
d\edu'g‘sjd.ré aedll'sm ’ ‘crec’i:;’ samgs_staws ’urdnmmt{ persend stahs |obel e ‘_mag-mﬁ olhe‘ o i ‘nn,m_bj dass
Norial | e | | Nemieal Mo | Morinal e u‘ Neriea
100 mefoﬁsemw«eﬂ radafty llﬁwmhwnsamgs =1 4.0 make sngle none 4.0real estate §70nonecrn | 2.0.skled 10yes yes good
7 D=0 [B.0wistgpad radofty 51,0100 [M=X( | 2.0Femse dvidephrar pone 20redlestate | 20noveonn | L0sked 107one yes bee
3 o cheding (120 ritcalfoher exsting qedt edacaton 20%6,0 (10 =7 [ i0mdesnge  pone lredestate | Sdnoneorn |10k resdent 20ne s ed
40 nestgpad furt... 7320 (10 40 [ 2Ondksnge  qu. d0enmeve: | GOnefvfer |L0sded 20w e gued
i Biddyedpeiny  nevar @R[ =4 | 3omdesnge none 40nc known property | S3.0mene for ree | 2.0 gled 20no0e s b
& nocheding 36,0 existing pad education 9055.0n0 known savings  |1(=4(4 2.0 male sngke Tone 4,010 known property |35.0nane for free 1,0 unekled resident 20yes yes good
7 nocheding (240 existng pad firniw,., BB0RE(D0N )7 l0mdesnge  oe 40lenmmne Si0noeom | Lisded 107ne yes good
8 0= %0edtngpad wedcar 634, (100 X5 [ 20mdesnge  poe L0ca 0ponerent | L0gh quafseferpigmt L0yes yes good
3 rodhedng 120 eistngpsd radofty | 3053.0)=1000 M a0mekedvie e 4Dpedest [610mneom | LOunsliedrestent L0 s good
000 B0bkdhe estgoedt nevar S340(0)  uewpoed A0ndknafid o 20r | Adporemm | 20he adef enphnt Lot es bad
{L10(=X(20 [12.0stng pad newea 12950 (10 U [30frdedikepharone L0cx | 0poreret  |L0sed L0none yes bad
120 9.0 existing pad busness 43080 (100 (1 | 3.0 female dvjdep/mar none 4.0} insurance HOnonerent | 10iskiled LOnons yes bad
BO=0 [12.0etngpad ol 1557.0(100° =5 | LD fenakcvidenfrar pone 10car [Z20mreorn 10sded LOyes yes good
Ho 40 itcaljother exstrg cedlt newcar | 1199.0(100 )7 | ddmdesnge  hone 40cr ~6)M0neomn | 20knsh 10none yes bad
500 15,0 existing pad rencar 14030 (100 UsX(4 | 2.07emale dvidepimar jone e Blnoverent |10 skled _ L0mone yes good
BO |40 redofty DBLOMGENE0 [ | A0%ende avoepina pone 20 [Rrreon | Liisdediesdent 10700 = bd
117 ra chedng (240 aticaljoher exsting cedt radofty 2040 na ko savngs )7 -wmm poe 40Kenswrane  |Sidnoreown | 20sed T 10 = goed
E(B 300mm'alp;d ~ busress 80720 naln 1 e noe 30car | 5.0barkionn | 3.0 sklled ljmysgmd
B0 Mlestngpsd  weder | 135..(100 -7 Hcmammmzummnmn #0oner e | L0ngh aulfef empiogmt 10yes s bad
2 nachedng (24 enstng pad adofy MRIEHDN )7 [i0mdesnge  noe 20 J10mneon |10 skied 20y e good
{21 o chedng | 9.0 el e dt en 2140 (100 U= | i0mdksnge  none 40cx Blereom  |3.0saed L0y ves good
20 "s.0extng pac redofty ZOOSUENDN UK | d0mdksoge  poe d0jedese  |40pmerst | Lisded 20 s good
B 10,0 ibcajobes esting et rewcar 22410 (1) T | i0mdesnge e d0feslestte | BOhorersnt  |20unshedresdent 2000 o good
[240(=x000 120 oibcalfother exsting cedt wedcar 1BMONNAEN (1 3,0 malke sngle e 40Herewance | HOnoneown | 10skled L0none yes good
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A o =] £ o w ) Y & da £ 4 > 1
toannmsnumilestoyaiida lasuarmilunidoumniuioos aluandsamauas lu
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nowldiuuniigadasuduuesfunuuiamsorinn1d1éns Husonduasfimden

W 1Flumsineimaasalseneudesondurs 3 wendusne A1 (Weka) S1ilaunomod
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(RapidMiner) 1182915 A1A13NYT14 (R Data Mining) #3173 19974 18235 19y o azasens ngd
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3.2.1 Msaalaaarinnaa v rasnm

5w Y v AT P W P &
ﬁ’]‘r’iillﬂu'l‘ﬂNﬂ‘lii“}i\ﬂuﬂﬂ\icﬁﬂﬂﬂlL'Jiﬂﬂ']mﬂﬂlllﬂﬂﬂﬁﬂﬂ'JulﬂﬂE)Uﬂ’]ﬁ'aL‘]}'\T]u‘Uuﬂﬂﬂﬁ

Usnguiimnaagll

7] Weka GUI Chooser = O [HEM
Program Visualization Teels Help
Apphcations
‘WEKA | === |
The University
of Waikato Experimenter
-
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set and test set and
"";' . gy evauates the model This
® 3 Samples -~ operator performs a spiit e
o © Basnmmardwans nawe

g‘l] 3.21 vhealuau Subprocess
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m3i /14 dievinsde lugaasunndauazinsasmniines G sufosuda fl3nsna

U Process wxsngriiwuaaswan i ldne luga'ld dmsudioiadnduszuanamadng

1931
f a4
o <new process*s - RapidMiner Sudio 6,3.000 @ Baby-hon - o ER
fle Edt Process Jools Yiew Help
; b ] & = (9]
* ‘QEJ' Yy f'"'. !' g T xc-"" ‘ Homs  Tesge F  Rascls F5)  Ascwhmtst
% Result Oveniew % l; ) ion (Hakve Bayes)
7 F—m_ o TazeView  PlotView S ," Rapasiecny
% [ 84-990m
Performance Kkappa accuracy 91.30% B ) samples
. bue ris-selosa v kis-versicolor ¥us kis-srginica dass predision B (508
= pred kis-setosa 15 0 o 100.00% 2 ::::Wm::‘
= 8
Description pred kis-varsicolor v " 2 S150% ® & NewLocaiReposhon?
pred Wis-wpinica 0 1 1 8286% @ NewLocoRipotkond
% dlass recall 100.00% LR BE6T% B & NewLocalRepcsions
=/ B Clud Repository
Anctaizn
Ud B
o

Y
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| 4 4 w A T = o o v o @ a
GUI wmilouyondnas 2 AINHIUUN !.!.ﬂﬂ%lﬂuﬂ'l'il“llﬂﬂﬂ'lﬁﬂllﬁgil.lﬂ’IfN‘H'ﬁx‘Ui‘i‘ﬂﬂﬂﬁ']fJ

Command line ﬁqgﬂ

R RGui (64-bil) - o ER
File Edit View Misc Packsges Windows Help

R veraion 3.1.2 (2014-10-31) -- "Fuspkin Helmet™
Cepyright (C) 2014 The R fo:

T 1 C
Platform: x86_64-w64-mingwi2/x€4 (64-bit)

R is free scftware and comes with ABSOLUTELY NO WARRANTY.
Yeu are welcocme to rediscribute it under certain conditions.
Type 'license()' or ‘licence()' for distribuczion decails.

R is a collaborative project with many concributors.
Type ‘contributcrs()' for more iaformaticn and
"citatien()' on how to cite R or R packages in publicacions.

Iype ‘demc()’ for seme demes, 'help()' for cn-lize help, or
"help.start()' for an HTML browser interface to help.
Type "q)' tc quic R.

>

31 3.23 wihehaldanesens mdnedia

A 1 o . ar o ﬂ'l o L o
4921159011171 R Console A umssusida dmsuisms 1o ldamsoh
A4 o o ) o o o a a4
M3 39 Seript oM s@oumdanzsiuinsidaiu 131918 Tasin1saanii File>New
¥ [
seript 921)59ngMT1A N R Editor gl vdsnmivgifemnsoimsdousida i inminwoya
@ . i, 3 A o elr ' o’:
Uszuianadeya nozuaawwadwideyanalu R Editor 1118 Gemsidouddadie Wuszdos
o = ax S a0 ' ¥ 0w Y . ~
MmNy IsMslisumdainegeggnaseae il ieiideenzdeadinisdade laus Gmwe

" ¥
vaaidaiug Aegl
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R RGui (64-bit) - oiEH

File Edit Packiges Windows Help

R Console [si® (&

R version 3.1.2 (2014-10-31) -- "Fuspkin Helmer®
Copyright (C) 2014 The R Foundatien for Statistical Computing
Blatform: x86_€4-w6i-mingw3z/n64 (64-bit) _

R i3 free software end comes with ABSOLUTR R
You are welcome to redistribute it under ¢ library(foreign)
Type ‘'license()' or 'licence()' for distr

1ris_train <- read.arff(file="iris-70-30-seedl0-train,artz") $fread file arff at document
R iz & collaborative project with many coy iris_test <- read.arff(file="iris-70-30-scedlf-tesc.erff")
Type ‘centributors()' for more informaticy dim(iris_crain) phnau number of inscance and attribuce
"cicaticn()' cn how to cite R or R packagq iris ##show d table

| str(iris) #fsncw data statistic
Type 'demo()' for some demos, *help()' foi summary(iris)

‘help.starc()’ for an HIML browser interfq 1ris train

Type 'q()* to quit R. 1ris test

> l 1ibrary (e1071)
medel <- naivedayss(iris train(,1:4], iris _trein(,5))

table({predict (model, iris train(.-5]), iris train],5))
‘et <- table(predict(model, iris_train(,-5]), iris_train[,5))
sum(disg (prop.tablefee)))

table(predict (model, iris tesci,-S]), iris_tescl,5])
itest <- table(predict(medel, iris test{,-5]), iris test[,5])
sum (dimg (pzcp.table (Test)) |

31 3.24 fheensmseumdamsrinmiieavayalues mdnneiia

A o= y Y ' : i A8 34
o ihms@ou Ifamdassuioondn aa ldaedluduaoudins Susdafis 1@ o
aunsoild lasmsadnundanaseusideluussiaiis 1desns Sy taznan'loAoy Run line or

ke !
selection W49 INITLHATNS 135 vzl IA 19 R Console agil

R RGui (84-b1) - s IER
Fie Edt View Mixc Peckages Windows Help

Sl lalio/8

'data.frame': 150 obs. of 5 variables:
§ Sepal.lengch: num 5.1 4.9 4.7 4.6 5 5.4 4.6 5 4.404.9 ...
§ Sepal.Mideh : num 3.5 3 3.2 3.1 3.6 3.9 3.4 3.4 2,931,
§ Petal.Length: num 1.4 1.4 1.8 1.5 3.42.7 2.41.53.41.5 ..
§ Petal.Wideh @ pom 0.2 0.7 0:2°0.2 0.2 0.4 0.3 0.2-0:2°0. 1.
§ Species : Factor w/ 3 levels “setosa™,*versicolor®;iit111 12111135
> summary (1ris)
Sepal.length Sepal.Hideh Petal.Length Fetal.Width seedi0~train.axff™) ##read file arff at document
Min,  $4.300 Min. :2.000 Min. 31000 Min,  :0.100 eedild-ceat . arfin)
1st Qu.:5.100 lst Qu.:2.800 lst Qu.:1.6000 lac Gu.:0.300 ##anow nimber of instance and atcribute
Median :5,800 Median :3.000 Median :4.350 Hedian :1.300 f#ahov data table
Hean :5.243  MNean 33,057 Mean :3.75% Mean 31,198 #é2now date szanistic

3xd ©a.:6.400  3rd Qu.:3.300  3rd Qu.25.100  3rd Gu.tl.200
¥ax. :7.800 Max. :4.400  Max.  :6.900  Max. 12,500

Species
setess 150 =
versicelar:§0 |
virgintca 350 2_czasn],s])
18 trein{,5])

1), aris zzmin],5))
> iris_train
sepallength sepalwidch pecallength petalwideh class
1] £a 3.3 1.4 0.2 Iris-setcss o [p=emisn
511, 2xis_cesci,s))

31l 3.25 wadws maSumids
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4.1.1 Manayateya
YR =1 T £l = w dy
HANEIIEUMsLyAveyaeanily 3 Juuuy dail

' Y
- waflugadeyaisous 90% unsyadayanaaon 10%

3 = 9/

1 g
- uuiluyadeyaiioug 80% uazyadeyanaaou 20%

LI~
- minThugadeyaious 70% uazyadeyanamel 30%
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Halundazgatoynszdinaudoyai limhidulumsntwaazuuy vaziluns
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wiaTngldwensiuasens adunoiis fhundoedolumsiisgadoya
4.1.1.1 ManvagaveyansnleSa (Iris.arff)
yatoyanonloSailsznoudaudeyanamn 150 instances
msuigateyanon lesauuutiafugadoyaf ous 90% tazyeadoyananoy

i

10% vz ldqgadoyanaaonsan 15 instances tazyadioyas o113 135-138 instances Tavannso

e &

Yo A

Weudid laaail

-~

(R C\Users\snow\Documents\90 irisr - R Editor =-|[-E 3]
library(foreign]

##Imporc data

iris <- xead.arff(file="iris,arff") ##read file arff at document

dim(iris) ##show number of instance and attribute
iris $4#snhow data table
stri{irisj) #4show dacta statistic

summaryfiris)

#90-10

set.seed|3} ##Set random sead

ind <- sample(l:nrowiiris},size=(0.l*nrow(iris},replace=TRUE)
train.data <- iris[-ind, ]

test.data <- iris[ind, ]

writeLines ("Split data90-10 iris.arff Seed=3")
test.data

31l 4.1 1AafF4 Split data Iris.arff 1Y 90-10
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1 = (] 9 =1
nutigadeyanen leTauuuuaiiugadeyai oug 80% uazgatoyanaaou

20% vz lAgAdayanaaoU§ 119 30 instances Az AT oY A 813 121-126 instances 1ABATNITD
v ¥

Wousidalanail

[ R C:\Users\snow\Documents\80 iris.r - R Editor o[- 2|3

##Import data
iris <- read.arff(file="iris.arff"} ##read file arff at document

dim(iris) ##show number of instance and attribute
iris #%#show data table
striiris) ##show data statistic

Sunmmary (iris)

$80-20

set.seed (1) ##Set random seed
ind <- sample({l:nrow(iris),size=0.2%*nrow(iris), replace=TRUE}

train.data <- iris(-ind, ]

test.data <- iris{ind, ]

31 4.2 1AM Split data Iris.arff WUy 80-20

' £ a L=
nsuisgadeyanon losauuuuiaiiugedeyaions 70% uazyadeyanadey

30% vz lAyadoyanaaous I 45 instance UAzAYOYAF 01T 109-114 instance TABANINT DA BY
o w Vo n=iv
Adaldaail

R C\Users\snow\Documents\70 irisr - R Editor o[ B |3

##Importc data
iris <- read.arff({file="iris.arff") ##read file arff at document

dim{iris) ##¥show number of instance and attribute
iris ##show data table
str(iris) $##show data statistic

summary (iris)

F#70-30

set.seesd(l] k#Set random seed

ind <- sample(l:nrow(iris)},size=0.3*nrow(iris)}, replace=TRUE)
train.data <- iris[-ind, ]

test.data <- irisf[ind, ]

3 U 4.3 1A Split data Iris.arff 1UU 70-30

4.1.1.2 MIUUIYAUDUANSZN (Glass.arff)

y Yy o ,
%AY0YANTZINTENDUAITOYATIINNA 214 instances
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msutayadeyanszanuuumiuiugadeyai oui 90% uazyadoyananoy

0% 92 [dgadayanadeu§uIu 21 instances Az AT oY AIT 413 193-196 instances TABA1ANTD

Q au
td

ﬁn

e

R C\Users\snow\Documents\90 glass.r - R Editor | m=le| @

##Import data
glass <- read.arff(file="glass.arff")##read file arff at document

dim(glass) ##show number of instance and attribute
glass ##show data table
str(glass) ##show data statistic

summary(glass)

#90-10
set.seed(l) P#Set random seed

ind <- sample(l:nrow(glass),size=0.l1*nrow(glass},replace=TRUE)
train.data <- glass[-ind, 1]

test.data <- glass[ind, ]

31 4.41AAA G Split data Glass.arff U 90-10
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p

"

R C\Users\snow\Documents\80 glass.r - R Editor = =
##Import data
glass <- read.arff(file="glass.arff")#fread file arff at document

dimiglass) ##show number of instance and attribute
glass #%#show data table
str(glass) ##show data statistic

summary (glass)

#80-20

set.seed|l) k#Set random seed

ind <- sample(l:nrow(glass},size=0.2*nrowiglass},replace=TRUE)
train.data <- glass[-ind, ]

test.data <- glass([ind, ]

31 4.5 )AAA 14 Split data Glass.arff 111 80-20

1 1o
msutlsyadoyanszanuuuudailugetoyaisoui 70% uazyadoyanasou

30% 3¢ lAyadoyanadouimom 64 instances LazyadoyaF vu3 154-163 instances Taoe 0

' ¥
weousdaldaail



R C:\Users\snow\Documents\70 glass.r - R Editor =N R ™

$#Import data
glass <- read.arff(file="glass.arff")##read file arff at document

dim(glass) $#show number of instance and attribute
glass #4#show data table
str(glass) ##show data statistic

summary (glass)

#70-30

set.3eed(l) ##Set random seed

ind <- sample(l:nrow(glass),size=0.3*nrow(glass),replace=TRUE}
train.data <- glass[-ind, ]

test.data <- glass[ind, ]

31 4.6 JAAA 1@ Split data Glass.arff 11 70-30

4.1.1.3 M3uVIYATYaNI5 UMM (Breast-cancer.arfl)
3 g w Yy 9 & .
gavoyauziTaiuullznauAIetoyanevua 286 instance
1 EY =1 9 1 g kY =t 3 £
mIusyateyavzis udnuiuvntailugadeyaisous 90% uazyatoya
nATEY 10% 12 IAgAToyanadon$ 119U 28 instances 1AL YAV DYAITUUF 259-261 instances 1Ay

= o @ 9 as dy
s euA 1T Idaadl

-~

R C\Users\snow\Documents\80 breastr - R Editar o= |3

##Import data
breast <- read.a:fftf11e="breaat—cancer.arff"]k#read file arff at document

dim(breast) ##show number of instance and atctcribute
breast ##show data table
str (breast) #%show data statistic

summary (breast)

#90-10

set.seed(l) #¥Set random s=ed

ind <- sample (l:nrow(breast),size=0.l*nrow(breast), replace=TRUE)
train.data <- breast[-ind, ]

test.data <- breastl[ind, 1]

31] 4.71naMaa Split data Breast-cancer.arff 411 90-10

80% uazyadoya

e
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&ale

' 9 -] g 9
ﬂWiuUﬂﬁﬂM@Eﬁnxﬁanuhuﬂﬂuﬂﬂﬂ}uﬁﬂﬂﬂ
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R C:\Users\snow\Documents\80 breast.r - R Editor ol & =
##Impcrt data

breast <- read.arff(file="breast-cancer.arff") $%#read file arff at document
dim(breast) ##show number of instance and attribute
breast $#4show data takble

str (breast) #¥show data statistic

summary (breast)

$80-20

set.seed (1) ##Set random seed

ind <- sample(l:nrow(breast),size=0.2*nrow(breast),replace=TRUE)
train.data <- breast[-ind, ]

test.data <- breast[ind, ]

31.' 4.8 1AAA1Ea Split data Breast-cancer.arff L1 80-20

' vy = 1o £ = 9/ 9
malgaveyangEunuuLulailuyateyaieug 70% uazyadoya

NANDY 30% v IAgAdoyanaaeUT LI 85 instances Az ATDYAIT UUF 208-216 instances Tae
" bl

ansnmsuiT 1daadl

- ~

R C:\Users\snow\Documents\70 breastr - R Editar =R ECR ™

l4Import data
breast <- read.arff(file="breast-cancer.arff"} ##read file arff at document

dimi{breast) ##show numxber of instance and attribute
reast ##show daca table
strx (breast) #¥show data scatistic

summary (breast)

#70-30

sec.seed(l) ##5et random seed

ind <- sample(l:nrow(breast),size=0,3"nrow(breast), replace=TRUE}
train.data <- breast[-ind, ]

test.data <- breast[ind, ]

3 1 4.9 1Aams Split data Breast-cancer.arff L1 70-30

4.1.1.4 M3UUIYATOYAUIN I (Diabetes.arfr)

3/ 3 3 3 A
ﬁlgmaymmmmﬂi:ﬂam'Jmfmg”amwm 768 instances

' ] 1 g 3 ~ ] )
MILNYAT YA THNUUUVLL ST UYATRY DT 81 ] 90% LagyAdoyanaToL

10% 12 Idyndoyanadousuiu 76 instances LAz AT YA 015 693-698 instances TAgaTD
¥

q

1
[

WeouiT ldaail
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[ R C\Users\snow\Documents\90 diabetes.r - R Editor o @

##Import data
diabetes <- read.arff(file="diabetes.arff")##read file arff at document

dim(diabetes) ##show number of instance and attribute
diabetes ##¥show data table
str(diabetes) ##show data statistic

summary (diabetes)

$90-10

set.seed (1) $##5et random seed

ind <- sample(l:nrow(diabetes), size=0.l*nrow(diabetes), replace=TRUE)
train.data <- diabetes[-ind, ]

test.data <- diabetes[ind, ]

31 4.10 TAaf1da Split data Diabetes.arff Uy 90-10

v ~

1 3/ 1 & 9 9
ﬂ'lﬁllllQaljﬂﬂ]ﬂﬂgﬂlu']TT’J'IHLL‘U‘]JLLUQL']JUBHﬂql@nakﬁﬂuz 80% Llﬂgaﬁﬂﬂl@yﬂﬂﬂﬁﬂu

q a 9

¥ ¥ 3 P ¥

20% i]xllﬁ‘lfﬂ‘llﬂyﬁ‘l"lﬂﬁﬂmlu'lulu 153 instances HASYAUDYDITYUT 622-637 instances Taseansn
¥

Ll U ¥

v
o

T TGRGRY G

-

R C:\Users\snaw\Documents\80 diabetes.r - R Editor oo [-En

k#lmport data
diabetes <- read.arff(file="diabetes.arff")##read file axrff at document

dim|diabetes) ##show number of instance and attribute
diabetes ##show data cable
stx (diabetes) ##show data statistic

summary (diabetes)

£80-20

set.seed(l) ##5et random seed

ind <- sample(l:nrow(diabetes),size=0.2%nrow(diabetes},replace=TRUE]
 train.data <- diabetes[-ind, ]

test.data <- diabetes[ind, ]

31l 4.1 1AAAIAY Split data Diabetes.arff 4y 80-20

i 1o
nstisgadeyanmamuuuailugadeyais sus 70% uazgadoyanadou

= 3

30% vz Idyadeyanamousnmau 230 instances tazyadoyaBE oui 568-578 instances Tagannn

@

WA 1asatl



R C:\Users\snow\Documents\70 diabetes.r - R Editor ==

##Import data
diabetes <- read.arff(file="diabetes.arff")##read file arff at document

dim(diabetes) $#show number of instance and attribute
diaketes $#4show data table
str (diabetes) ##show data statistic

summary (diabetes)

$70-30

set.seed (1) ¥#5et random seed

ind <- sample(l:nrow(diabetes),size=0.3*nrow(diabetes), replace=TRUE}
train.data <- diabetes([-ind, ]

test.data <- diabetes[ind, ]

31 4.12 1AM Split data Diabetes.arff 1111 70-30

4.1.1.5 M3nUgadoyadANa0a (Soybean.arfh)
Y o A 9 g s .
yﬂmayamutwaaaﬂiznaumamauﬂamwm 683 instances
1 @ 1 df L
msnsgadeyataviewmwumiuiluyadoyas oug 90% uazyadoyanaaoy
10% vz lAgndoyanaaouinau 68 instances AZYATDUAIT YU 616-620 instances 1ABAITD

=1 o u‘J 9 dy
AeuA1aa 1Al

R C\Users\snow\Dacuments\90 soybean.r - R Editor =N EoR ==

k#Import data
soybean <- read.arff(file="soykbean.arff")#¥read file arff at document

dim(soybean) ##show number of instance and attribute
soybean ##show daca table
str(soybean) ##show data statistic

summary (soybean)

$90-10

set.seed (1) ##5et random seed

ind <- sample(l:nrow(soybean),size=0.l*nraw({soybean}, replace=TRUE)
train.data <- soybean[-ind, ]

test.data <- soybean[ind, ]

3 4.13 1AaAda Split data Soybean.arff 11Uy 90-10

1 @ 1 d =
nsuvaedeyadaimdewuuniailugadoya’ oui 80% uazyadoyanaaou
20% vz ldgadoyanaaous Iy 136 instances azyAToYAG U 553-566 instances 1ABA1UITD
1 4

[

Weudda ldaadl
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( R C:\Users\snow\Documents\80 soybean.r - R Editor =N (EcE

##Import data
soybean <- read.arff(file="soybean.arff")##read file arff at document

dim(soybean) ##show number of instance and attribute
soybean $##show data table
str (soybean) ##show data statistic

summary (soybean)

$80-20

set.seed (1) ##5et random seed

ind <- sample (1:nrow(soybean), size=0.2*nrow(soybean), replace=TRUE)
train.data <- soybean[-ind, ]

test.data <- soybean([ind, ]

31 4.14 IAAA I3 Split data Soybean.arff U 80-20

o A 9 = k4

1 [
mauyadoyadamdowmunadugadoyai vui 70% uazyateyanadey

a Q L) “

kY ° 3/ - 9/

30% 3¢ lAyadoyanadon§ I 204 instances Laz At oyAE B13 499-516 instances TAUAINITD

¥ WU U

¥
=

Aoumdaldaeil

-

e

R C\Users\snowA Documents\70 soybean.r - R Editor o] &=
k#lmpnrt data
soybean <- read.arff(file="sgybean.arff")#iread file arff at document

dim(soybean) ##¥show number of instance and attribute
soybean ##show data table
str(soybean} ##show data statistic

summary (soybean)

#70-30

set.seed(l) ##5et random sesed

ind <- sampletl:nrow{soybean),51ze=0.3*nrow(soybean},replace=TRUE}
train.data <- soybean[-ind, ]

test.data <- soybean[ind, ]

3 1 415 Inamaa Split data Soybean.arff 41U 70-30

4.1.1.6 MIUVYATeYAN1TAINTUUMTEUABNAY (Vote.arfh)
s ¥
yadoyanisasnzuuuiFeudonanlsznoudiedoyanianun 435 instances
' v = A & (- | ¥ = v
nsuayateyamsaenziuudsadendununiaiugadoyas ouf 90% uaz
yadoyanameu 10% vz ldyadoyanadeuduin 43 instances uazyntoyaiund 378-396

x = v W e e
instances TagaINIOBUA1TS 1As 9Tl
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e ~

R C:\Users\snow\Documents\90 vote.r - R Editor =N E=R

F#Import data
vote <- read.arff(file="vote.arff")##read file arff at document

dim(vote) ##show number of instance and attribute
vote #%#show data table
str (vote) $#show data statistic

summary (vote)

#90-10

set.seed (1) ##Set random seed
ind <- sample(l:nrow(vote),size=0.1*%nrow(vote),replace=TRUE)
train.data <- vote[-ind, ]

test.data <- wvote[ind, ]

31/ 4.16 1AAA 3 Split data Vote.arff 11y 90-10

v
1 o 1 3/
msuagadeyamsanzunuudeadondauwunaiugadoyaidoud 80% uaz
v Y o

yadeyanaaou 20% vz 1dgatoyanaaousugn 87 instances UnzgATDYAIToUT 352-358

q QU

\

v

instances 1agaMINTaAoUfIF 1Ad 1)

¥ Bt

R C\Users\snow\Documents\80 vate.r - R Editor E=aEC]
##Import data
vote <- read.arff({file="vote.arff";$fread file arff at document

dim{vote) ##show number of instance and attribute
vote ##show data table
strx (vote) ##show data statistic

summary (vote)

$80-20

set.seed(l) ##5et random seed
ind <- sample (l:nrow(wvote},size=0.2*nrow|vote}, replace=TRUE}
train.data <- wote[-ind, ]

test.data <- wvote[ind, ]

31/ 4.17 THAM1&4 Split data Vote.arff 1 80-20

1 £y = A 3 1 g ¥ =) v
nstnisgedoyamaasnsuumdsafonduuniaiuyadoyai vui 70% uay
yadeyanadon 30% vz lAgadoyanaaous i 130 instances HAzyAToyaFouS 318326

Y
=]

instances TAa 30N EUA T IARa1l
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R C:\Users\snow\Documents\70 vote.r - R Editor =n EoR(

§#Import data
vote <- read.arff(file="vote.arff")##read file arff at document

dim(vote) #¥show number of instance and attribute
vote ##show data tabkle
str(vote) ##show data statistic

summary (vote)

$70-30

set.seed(1) #4#5Set random seed
ind <- sample(l:nrow(vote),size=0.3*nrow(vote)},replace=TRUE)
train.data <- wvote[-ind, ]

test.data <— vote[ind, ]

~

31 4.18 1AAM4 Split data Vote.arff 1111 70-30

4.1.1.7 Mauuayateyaduso (Credit-g.arff)

) Ed
yadoyaduioilsznoudiedeyaianua 1000 instances

msutsgadeyadudeuiuiuilugadoyas ouf 90% uazyadeyanaaoy

10% i]“’vl AU ﬂyjnmﬁammm 100 instances uﬂw“]fﬂﬂ]ﬂiml,iﬂu‘i 902-907 instances 1AHFIUITN

= o a.l z:ly
Reusde ldaatl

[ R C:\Users\snow\Documentﬁ\QO creditrs - R Editor =N R ™|

##Import data
credit <- read.arff(file="credit-g.arff")i#read file arff at document

dim({credit} ##show number of instance and attribute
credit ##show data table
str(credit) #¥show data statistic

summary(credit)

$80-10

set.seed (1) ##5et random seed

ind <- sample(l:nrow(credit),size=0.l*nrow(credit},replace=TRUE)
train.data <- credit[-ind, ]

test.data «<- . creditfind, 1]

S

gﬂ 419 1nAMds Split data Credit-g.arff 4U1 90-10

9 ~ 9/

1 a 4 (]
nsusgadeyadudaiuumiaiuyadoyai ous s0% uazyadoyanaaou

U a

~ i3

20% ¢ ldgadoyanaaous 9w 200 instances LAz gAY BYAT HUS 815-825 instances 1ALENTTA

q G

au
v b4
o

= o =
Wendda ldaatl
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-

R C:\Users\snow\Documents\80 creditr - R Editor o] B[]

k#lmport data
credit <- read.arff(file="credit-g.arff")##¥read file arff at document

dim(credit) $#show number of instance and attribute
credit ##show data table
str(credict) $##show data statistic

summary (credit)

FE0-20

set.seed(l) ##5et random seed

ind <- sample (l:nrow(credit),size=0.2*nrow(credit), replace=TRUE)
train.data <- credit[-ind, ]

test.data <- credit[ind, ]

31 4.20 YeiaAda Split data Credit-g.arff 4111 80-20

e

' a 4 (-1
nsusyedoyadudenuuiadugadoyai oui 70% uazyadoyanaaou
kY ° x .
30% v lAgadeyanaaou§ U 300 instances Aoy 013 737-753 instances TAveuTn

U

De e

TR AN TR

R C\Users\snow\Documents\70 creditr - R Editor =N o =
##In;ort data
credit <- read.arff(file="credit-g.arff")##read file arff at document

dim (credat) ##show nuwber of instance and attribute
credit #4#show data table
stx (credit) $#show data statistic

summary (credit)

#70-30

set.seed(l) ##5et random seed

ind «<- sample(l:nrow{credit),size=0.3"nrow|credit},replace=TRUE)
train.data <- credit[-ind, ]

test.data <- credit[ind, ]

31 4.21 1AAMT3 Split data Credit-g.arff 1111 70-30

4.1.2 MINHUANUIUATIUNITTH (Random seed)
' ] v s 4o ¥ a o il ' )
nsutivgatoynlaglywenduisons aduneis fuaiesdelumsimigedeya
Yo o . 4 o Y a [ [ A A 4
Tav1ldfrdaluns split data Favzihldinamsudsdoyauuugy lunsnaasuie s 1ziina
v Ed ] '
FiMgudsiuimua 10 ase memaAunfevesmamiudazunuluudazyadoya
9 ' ¥ Ed
uaziwazdanesiin Tasnisnaaosdu 10 a¥eh lmilousufusiaunsadsn 18 luduves
i = 4 2 o
Random seed Tagmsnlasunauiu 1,2, 3,4, ... liiSosqaunsy 10 a3 sz s 1dyadoa
't o ¥/

Auanandy ualisnavvesyadeyanameuiiviiulumsdimuaninsulsimioudu ud

o o Y = 9 o v = e Y oA 4 v ' '
ﬁTWiﬂiu%ﬂﬂauﬂﬁﬂugﬂT%Nﬂ1u3u%ﬂ¥ﬂﬂuﬁﬂﬂWQﬂuUWMWﬂﬂﬂﬂuﬂﬂﬂWNﬂﬁHSQNﬂﬂQ
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o ¢ o " ] 3 a [~ 9/ - 9
¥aHALIT Aredunsutisgateyanenleia uuuwiudugadeyaseous 90% uaziluye

9/ o ~ ' o =] Y
UVolaNATOY 10% lABiA1 Random seed Auanaei ez laaegy

@

R R Console =) £2
~
> writelLines ("Split data90-10 iris.arff Seed=1")
Split data90-10 iris.arff Seed=1
> test.data
sepallength sepalwidth petallength petalwidth class
40 5:d 3.4 1.5 0.2 Iris-setosa
56 5.7 2.8 4.5 1.3 Iris-versicolor
£6 6.0 3.4 4.5 1.6 Iris-versicolor
137 6.3 3.4 5.6 2.4 Iris-virginica
31 4.8 3.3 1.6 0.2 Iris—-setosa
135 6.1 2.8 5:ib 1.4 Iris-virginica
142 6.9 s K | Lo 2.3 Iris-virginica
100 5.7 2.8 4.1 1.3 Iris-versicolor
a5 g 2.7 4.2 1IM8yir¥s—versicolor
10 ] 3.3 .5 0.1 Iris-setosa
31.3% 4.8 3531 Alg Q.2 Iris—setosa
27T 5.0 3.4 X5 0.4 Iris—secosa
104 6.3 o) 5.6 1.8 Iris-virginica
S8 4.9 2.4 e - 1.0 Iris-versicolor
1186 6l 3.2 53 2.3 . Iris—wvirginiga
£
>4 .

31 4.22 Medumsmiagadeyanaaeunenleda munailuyadeyaiseui 90% naziih

yAYRaNATDY 10% A1 Random seed MM 1

R R Cansale =8N =
I> writelLines ("Split data%0-10 iris.arff Seed=2") "
Split data%0-10 iris.arff Seed=2
> test.data

sepallength sepalwidth petallength petalwidth class
28 Sy2 g | 1L 0.2 Iris-setosa
106 7.6 3.0 6.6 2.1 Iris-virginica
=1 6.0 a.5 4.5 1.6 Iris-versicoloxr
28 5.0 3.0 1.6 0.2 Iris-setosa
142 6.9 T Sl 2.3 Iris-wvirginica
142.1 6.8 - i f a1 2.3 Iris-virginica
20 8.4 3.8 o 0.3 Iris-setosa
126 748 3.2 6.0 1.8 Iris-virginica
71 8.9 < Js 4.8 1.8 Iris-versicolor
B3 5.8 207 3.9 1.2 Iris—versicolor
B3.1 5.9 2T 3.9 1.2 Iris-versicolor
36 5.0 = o 1.2 0.2 Iris-setosa
115 5.8 2.8 Sradr 2.4 Iris-virginica
28.1 5.2 3.5 1.5 0.2 Iris-setosa
61 5.0 2.0 3.5 1.0 Iris-versicolor
> |

v

71 4.23 Medamsuisgadeyanaaeuaenlesa suumiailugadeyaiSaus 90% uazily

¥ATONANAADY 10% A1 Random seed 1911111 2

Q U
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> writelines ("Split data®0-10

> test.data

sepallength sepalwidth petallength petalwidctr
0.

a

26
122
58
50
91
91.1
15
48
87
a5
77
Té
81
£4
131
> |

O w o,

Aoy s (n
O onmo -l <)o,

s

=l Mmoo oW b

MR R WM R W W NN W N W
. afli W s = = = = 8 % & a

M - & O

©

R Console

iris.arff Seed=3")
Split dacaf90-10 iris.arff Seed=3

1.

L T T Y S o N - -
ey v ol M r 2 v 8 B OB & b 0w

b R -0 =) b b B WD Oy

DR RERORKRN
W o s s WO bW NN O

T R R

= |

[ ¥ )

class
Iris-setosa
Iris-virginica
Iris-versicolor
Iris-setosa
Iris-versicolor
Iris-versicolor
Iris-setosa
Iris-setosa
Iris-versicolor
Iris-versicolor
Iris-versicolor
Iris-versicolox
Iris-versicoloxr
Iris-versicolor
Iris-virginica

71 424 dedhamamisyadeyanaaevaenlesa uwumisiuyadeyaizens 90% uazii

o ~ v 'Y ¢ [ k4
4.2 m'i°nmmmmuawayamwaﬂmnmm

o =] 9/ o -4 9 9/ o/ o 9/
nanediuiieateyalugeddudind Tasmsaruguyateya nasnmstindiifeya

~

13013

\ ; o 1
fﬂ&‘ﬂﬁﬂu‘u@iﬂﬁﬂ'muﬂ‘]jﬂ‘ﬁ%)%{ﬁﬂﬂﬁﬂﬂ HagnIIMuuan lumsiaaIng AvUeUAIRaY

[ = 9 P
HAagnmmalasniyavuayano

ymé‘iaagammum% A1 Random seed Y 3

I=1

Tumisnaaesdnywadns ludumsnFewfoulseansnnvesyandns aziing

¥

-t

9/

aj

poudnzignizuiumsaiialmaareteya ¥ lunihamedmsunsinnedoya

De &

¥
MIN13AIA1 Test options TAIAB AL UIDY Supplied test set 11AZAAN Set...>Open file. ..

N

(3

mluyateyanaao
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Q Weka Explorer - D
Preprocess Oasafy  Custer | Assocate | Selectatvbutes  Visuskae
Classier
Choose  NaiveBayes
Test options Classfer autput
Use
o s Testinstances - O & Open [x ] ‘
e
® Supoled test set Set.. Relation: Hone. 2
Cross valdation Instances: None  Atirbutes: Hane Ladkis: | Jy S0 v 2ol
Rk 4 Open fle... Cpen LRL... L r—r—
Ciose 2% L iris-spitSO-10-ceed -trpin.arfl [ iris-splitSO-10-ceeditrain arff
L L am?m T iris-spiins0-10-seed2-testarft ) iris-spiitS- 10-seed 10-test aeff
2 s spltS0- 10-seed2-tranatt [ ans-cpheSs- 10-seed 10-train. arft
(Hom) dass ¥ | iris-spieSO- 10-seedd-test arft

Stabs

|
Deskiop | L) ins-spitS0- 10-seedd-test aeff

Soamantc
'
LY 1gH290- 10-seed T-train.aeff
Tha PC T irvs- 4SO 10- seedi-test Y
T in-pietS0- 10 seedt-tran aoff
. -
“ Flerane:  ra-oiS0-1)seed st arff pen
Y Besoftoe e fes Carf) v Cance

it X8

71 4.25 dumerlumsmvuayadeyanaaeoy

nsdmuamilunisuaatna dl¥auaimsaiimuaiiosaziBoanisaninaved

szuums lumsaie Tunamsiinem 18 Tagadn More options & vziaamihdiadagll

& Classifier evaluation options

Qutput model

[] Qutput entropy evaluation measures
Qutput confusion matrix
Store predictions for visualization ‘
(] Output predictions
Qutput additional atiributes
[] Cost-sensitive evaluation

Random seed for Xval { 3: Split 1

[ Preserve order for 3& Split
Qutput source code | WekaClassifier
QK

71 4.26 wivihamsAsmm suananaly Classify ¥99 Weka
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y 4 ¥ v U

galuitiezshmsasa Iuaaanadoya 3 ad1a 1din

- Output model

- Qutput confuse matrix

- Store predictions for visualization

o ¥ ¥ ! =] A

naaInmsaImzUuuumInaaey uazmsuaainand vuasuae laziflunisiden
as = e 3 =] ' o/ o ] ] L) =) 4 ! a o 1 A
ganesiulumsrinned FamazdanesiuzlinasnmnaineSunnaiu dede il

4.2.1 Naive Bayes UazN 1561971

g n 1819 Classify i1n151Aendana3 i u NaveBayes Taunan

Choose>classifiers>bayes>NaiveBayes

Q
Praprocess Classify Clustar | Assocats | Selectattrbutes ¥
Classifier

weka

o

Filter.... Remove fiter Close

71 4.27 Fumerlumsidenlddana3iu NaiveBayes Tu Weka

y ¥ F= v [y ) 5 A A
MAIINIUIININITAIAIIN I8 5 A 199 Y938 AN0T 111 NaiveBayes Tnon13aanfide

8083111 NaiveBayes vztianantiaianag 1
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L) weka.gui.GenericObjectEditor
weka, classifiers.bayes.MNaiveBayes
About
Class for a Naive Bayes classifier using estimator classes. More
Capabilities
debug False v
displayModelInQldFormat  False v
useKernelEstimator  False v
useSupervisedDiscretization  False v
Qpen... Save... QK Cancel

71 4.28 wihdhsdmSumsdsmmniinessana3nu NaiveBayes 114 Weka

¥ 3
MMIAIAIMN NI A1Y Ya99anas iy NaiveBayes Adli

@

& g oAy 9/~ A A A 9
debug AIANTY false n3diAdR NI Il msuaaanasvazid oA
s A " o ¥ ~ A o

aaulea lunsainadaman dldamnsninsdsangiimes ity True 14

f e e poc ¥ 199 =
displayModellnOldFormat #4AUTU False Wis1imestiilumsasarinisine

1 A

9 - 9 P 1 A Y A
A mﬂ!ﬁﬂdNﬁ‘ilm;;ﬁclugﬂ!l‘ljmﬂij ‘]53"1]31‘1)’ lﬂﬂﬂ'J‘IGIUf]imT]sUﬂMﬂNﬂ]ﬂﬂ.lﬁ

U

naroa udeg g dnun i 18and lunsdiideyaiimaaiatosnazinaone
aa oA 9 [ (= ~ y &
anitg Falunanaaesteyadiulvaiininaimiios 2-3 class mniu

& Ady

p ¥ v g o Pt (- ~
useKernelEstimator @9 1111 False W13 1491935 U2zA9a 11U True °luﬂimmaams
1 o [ aoa { a cu 'f:! !
Iinesmalunisdszmaardmiveand it udmuiinisnsz oo
mnanlna
{ . . ¥ 14 a oA 9 .
useSupervisedDiscretization @4 111 U False W1510 a0 51 g 14 Supervised

. i AA da g 4 o3, X
discretization “lummﬂamammwmﬁxﬂu numeric I]ﬂ!ﬂu nominal

¥V
nasnahmsaanninesanfouies 1Madn start wznannadwidagy



=== Run infermation ===

Scheme:weka.classifiers.bayes.NaiveBayes
Relaticn: iris
Instances: 136
Attributes: 5
sepallength
aspalwidth
petallength
petalwidth
claszs
Test mode:user supplied test set: size unknown {reading incrementally)

=== (lassifier model {(full training set) ===

Haive Baye= Classifier

Claas
Attribute Iris-setoss Iris-versicolor Iris-virginica
{G.34) {0.33) {0.33}
sepalliength
mean 4.9972 5.9765 6.6024
! atd. dev. £.3673 0.5009 0.46
weight sum 46 45 43
pracision 0.1059 0.10539 0.1058
sepalwidth
mean 3.4174 2.7812 2.9552
std,. dev. 0.4025 0.3015 0.3135
weight sum 46 45 45
precision 0.1091 0.10%1 0.1091

31l 4.29 MeeaHadnEMIIIIBAIOANB3TIN NaiveBayes 14 Weka

petallength
mean 1.4623 4.2611 5.5628
atd. dev. 0.1843 0.4€92 0.5788
weight sum 48 45 45
precisicn 0.1405 0.1405 0.1405

petalwidch
mean 0.2758 1.313 2.0343
acd. desv. 0.1081 0.1922 0.2478
weight sum 46 45 45
precision 0.1143 0.1143 0.1143

Time taken to build model: 0.C1 seconds

=== Evaluation on Test 3er ===

=== SUMmAry ===

Correctly Classified Instances 14 93.3332 %

Incorreccly Clasaified Inatances 1 §.6667 %

Kappa statistic 0.8

Mean absclute error 0.0357

Root mean sguared errcr 0.1451

Relative absclute error £.0256 %

Root relative =zgquared error 30.7852 %

Tetal Humbker of Instances 15

=== Cponfusipon Matrix ===

&8 bc <-- classified aa
50C | a=Iris-aetoas
250 = Iri=-veraicelor
014 1 ¢ = Iris-virginica
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o weka.gui.GenericObjectEditor n
weka,dassifiers, trees.J48
About
Class for generating a pruned or unpruned C4. More
Capabilt
binarySplits  False v

confidenceFactor 0,25

debug False v
minhumObj 2
numFolds 3
reducedErrorPruning  False v
savelnstanceData  False v
seed 1
subtraeRaising True v
unpruned  False v
uselaplace False v
QOpen,.. Save... oK Cancel

3 4.32 winehadmsumadammaniimasdanasfin J48 Tu Weka
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=== Run information ===

Scheme:weka.classifiers.trees.J48 -C 0.25 -M 2
Relaticn: iris
Inatances: 136
Attributes: ]
sepallength
sepalwidth
petallength
petalwidth
claas
Test mode:user supplied test set: size unkncwn (reading incrementally)

=== Clagsifier model (full training set) ===

J48 pruned tree

petalwidth <= 0.6: Iris-setcaa (46.0)

petalwidth > 0.6

| petalwidth <= 1.7

| | petallength <= 4.9: Iris-versicoleor (43.0/1.0)
| | petallength > 4.9

| | | petalwidth <= 1.5: Iris-wvirginica (2.0)

| | | petalwidth > 1.5: Iris-versiceler (3.0/1.0)
| petalwidth > 1.7: Iris-virginica ({42.0/1.0)

Nurbker of Leaves 5

Size of the tree : 9

Time taken to build model: 0.02 seconds

=== Evaluaticn cn test set ===
=== Sumrmary ===

Correctly Classified Instances 15 100 %
Incerrectly Clasaified Instances a a 1
Kappa statistic 1

Mean abspolute errcr 0.00384

Root mean sguared errcr 0.0143

Relative absclute error 2.1152 %

Root relative sguared error 3.1592 |%

Total Number of Instances 35

=== (Confusicn Matrix ===

abec <-- clasaified as
500 | a=Tris-setosa
050 | b = Iris-versicolor
005 | ¢c=Iris-virginica
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Q
Preprocess Classify Cluster | Associate = Select attributes | v
Classifier
[ weka ~l
(=) dassifiers
1 @ bayes
i+ functions
+ lazy ;
= meta
h |
. 1
® AttributeSelectedClassifier 1
& Bagging

#® ClassificationviaClustering
# ClassificationViaRegression |
( @ CostSensitiveClassifier |
® CVParameterSelection |
® Dagging
@ Decorate
® END
il # FilteredClassifier
{1 @ Grading
| @ GridSearch
@ LogitBoost
® MetaCost
& MultiBoost4B
If ® MultiClassClassifier |
L e muscheme v

I
Filter... Remove filter Close
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L weka.gui.GenericObjectEditor
weka.dassifiers.meta. 4daBoosti1
About
Class for boosting a nominal class classifier using the More
Adaboost M1 method. Canabilities
classifier Choose  DecisionStump
debug False v
numIterations 10
seed 1
useResampling False v
weightThreshold 100
Cpen... Save... CK Cancel
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=== Run infcrmation ===

Scheme:weka.classifiers.meta.hdaBogatMl -P 100 -S 1 -I 10 -N weka.classifiers.treea.J48 —- -C 0.25 -M 2
Relaticn: iris
Inatances: 136
Attributes: 5
sepallength
sepalwidth
petallength
petalwidth
classa
Test mode:user supplied teat set: size unknown {reading incrementally)

=== Classifier model (full training set) ===
RdaBoestMl: Base classifiers and their weights:

J48 pruned trae

petealwidth <= 0.6: Iris-setcaa (46.0)

petalwidth > 0.6

| petalwidth <= 1.7

| | petallength <= 4.9: Iris-versicolcr {43.0/1.0)
| | petallength > 4.3

| | | petalwidth <= 1.5: Iris-virginica (2.0)

| | | petalwidth > 1.5: Iris-versicolor {3.0/1.0)
| petalwidth > 1.7: Iris-virginica (42.0/1.0)

Humber cf Leaves : 5
Size of the tree : 9

31 4.36 freeawadNEMsMIEMSana3iin AdaBoostM1 1 Weka



Weight: 3.79

J42 pruned tree

petalwidth <= 0,6: Iris-setosa {23.52)
petalwidth > 0.6

| petallength <= 5

| | sepallength <= 4.9: Iris-virginica (22.67)

| | sepallength > 4.9

| | | petallength <= 4.8: Iris-versicclor (44.14/1.02)

| I | petallength > 4.8

| | | | petalwidth <= 1.7: Iris-verasiceler (2.05/0.51)
| | | | petalwidth > 1.7: Iris-virginica (2.56)

| petallength > 5: Iris-virginica {41.07/0.51)

Nurber cof Leaves : €

Size of the tree : 11

Weight: 4.18

J48 pruned tree

petalwidcth <= 0.6: Iris-setosa (11,34)
petalwidth > 0.6

11 petalwidth <= 1.4: Iris-versicoler (3.05)
i | petalwidth > 1.4

! sepalwidcth <= 3.1

| | petalwidth <= 1.&

| | I sepalwidth <= 2.3: Iria-virginica {17.26/0.26)

| | | sepalwidch > 2.3

| | | |~ petallength <= 5.4: Iria-veraicelor ({13.34/0.26)
| | | | petallength > 5.4: Iris-virginica (11.51)

| | petalwidch > 1.6: Iria-wirginica (53.03,/0.28)

| sepalwidth > 3.1

| | petallength <= 4.39: Iris-veraiceleor {12.03)

| | petallength > 4.8: Iris-virginica (2.83)

Number of lLeaves : g
;Size of the trees : 15
Weight: 5.16€

J48 pruned tres

petalwidth <= 0.6: Iris-setosa (£.0)
petalwidth > 0.6

| petallength <= 5

| | sepallength <= &

| | | aepalwidth <= 3.1

| | | | petalwidcth <= 1.4: Iris-veraicolor (2.48)

| | | | petalwidth > 1.4: Iris—virginica (23.67/0.52)
| | | sepalwidth > 3.1: Iris-versicecler (5.79)

| I asspallangth > €

I I | petalwidth <= 1.7: Iris-versicolor {47.68)

| | | petalwidth > 1.7: Iris-virginica {8.94)

| petallength > 5

| | asepalwidth <= 2.7: Iris-versicclor {38.2/0.&5)

| | sepalwidth > 2.7: Iria-virginica {32.24)

Humber of Leaves ¢

m

Size of the tree : 15
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Weight: 4.74

J48 pruned tree

petallength <= 5

petalwidcth <= 0.6: Iris-setcsa (3.03)

petalwidth > 0.6

| petalwidch <= 1.7

| | sepallength <= 4.9: Iris-virginica (2.92)

| | sepallength > 4.9: Iris-versicclor (52.83/4.31)
| petalwidth > 1.7

| | sepalwidth <= 3.1: Iris-virginica (8.35)

| | sepalwidth > 3.1: Iris-versiceler (2.92)
petallength > 5: Iris-virginica (58.35/4.31)

|
|
|
|
I
I
|
|

Kumber of Leaves : [
Size of the tree : 11
Weight: 2.€9

J48 pruned tree

sepalwidth <= 2.6

| petallength <= 4.9

| | sepallength <= 6.1: Iris-virginica {2.01/0.48)
| | sepallength > €.1: Iris-versicolor {6.17)

| petallength > 4.9: Iria-virginica (42.14)
sepalwidth > 2.6

| petalwidth <= 1.7
| | sepallength <= 6.2

| | | petalwidth <= 1.4: Iris-setcaa {2.0/0.42)
| I | petalwidth > 1.4: Iris-versiceclor (50.13)
| | aspallength > 6.2

| | | petallength <= 5: Iris-veraicolor {€.43)
| | | petallength > 5: Iris-virginica {7.66)

| petalwidth > 1.7

| | sepalwidth <= 3: Iris-virginica ({17.34)

| | sepalwidth > 3: Iris-versicoler (2.05/0.49)

Number cf Leaves :

o

Size of the tree : 17
Weight: 4.359

J48 pruned tree

petallength <= 4.7

| petalwidth <= 0.6: Iris-setosa {2.54)

| petalwidth > 0.6: Iris-versicolor (54.04,/0.73)
petallength > 4.7

| petalwidth <= 1.7

| | petalwidth <= 1.5: Iris-virginica (20.31/0.05)
| | petalwidth > 1.5: Iris-versicolor {21.04/0.73)
| petalwidth > 1.7: Iris-virginica {38.06/0.79)

Humber of Leavea : 5

Size of the tree : 9
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Weight: 4.01

J48 pruned tree

petallength <= 5.1

sepallength <= 4.9: Iris-virginica (23,21/1.04)
aepallength > 4.9

| petallength <= 4.9: Iris-versicolor (52.24/1.46)

| petallength > 4.9

| | petalwidth <= 1.5: Iris-virginica {10.31)

| | petalwidth > 1.5

| | | petalwidth <= 1.7: Iris-versicolor (10.31)
I | | petalwidth > 1.7: Iris-virginica (3.0)
petallength > 5.1: Iris-virginica (36.93)

|
|
|
|
|
|
|
|

Number of Leaves : €

Size of the ctree : 13
Weight: 3.98

J48 pruned tree

petalwidth <= 0.§: Iris-setcsa (35.13)

petalwidcth > 0.6

| sepalwidth <= 3.1

petalwidth <= 1.6

|  sepallength <= 7

| | petalwidth <= 1.5

| | | petallength <= 4.9: Iris-versicolor {14.56)
| | | petallength > 4.9: Iris-virginica (5.25)
| | petalwidcth > 1.5: Iris-versiccler (4.45)

| sepallength > 7: Iris-virginica {11.29)
petalwidth > 1.6: Iris-virginica (43.03/0.8)
aepalwidth > 3.1

| petallength <= 4.3: Iris-veraicglor (11.31)

| petallength > 4.9: Iris-virginica {4.37)

|
|
[
|
|
|
I
|

Huxker of Leaves : &
Size of the tree : 15
Weighe: 5.13

J4& pruned tree

petalwidth <= 0.6: Iris-setcaa (17.67)

petalwidth > 0.6

| petalwidth <= 1.7

| pevallength <= 5.4

! | sepallength <= 4,93: Tris-virginica {5.€8)

| | sepallength > 4.2

I | I sepalwidth <= 2.2: Iria-wvirginica {(3.1/0.86)
| ] | sepalwidth > 2.2: Iris-versicolor {(77.11/0.4)
| petallength > 5.4: Iris—virginica (5.68)

petalwidth > 1.7

| sepallength <= 5.3: Iris-versicoler (6.34/0.66)

| sepallength > 5.9: Irzis-virginica {20.42)

Huxber cf Leaves : P

Size of the tree : |

v d o o a
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Weight: 4.25

Number of performed Iterations: 10

Time taken to build medel: 0.11 seconds

=== Eyvaluation on test ser ===
=== Summary ===

Correctly Classified Instances 15 100 L
Incorrectly Classified Instances 0 0 £
Happa statistic 1

Mean absolute error 0.0018

Root mean squared error 0.0088

Relative absclute error 0.41 %

Roct relative sguared errcr 1.8334 %

Total Number cf Instances 15

=== Confusion Matrix ===
abc <-- classified as
S00 | a=1Iris-setosa

050 | b=1Iris-verasicolor
005 | c=TJria-virginica
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naaeiuniieateyalugeddng s lanoues Tasmsnruauyateyamorduivyadeya
inanaalugrerdinnidug Tasnisnanealugeidinges mduneiisdlfazdevimsdou
TaaiedasuIumih R console Falumsonlfudarsanasiiniuers wwfinmsonlnield
) (] ¥
Taamdanuanaranulil daae 114
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4.4.1 M31V8UIAASANDINY Naive Bayes
) Y o = 9/ 9 asy o 19 9/ o - R
dmiumsiumiiesdeya d1835msvinnemdeya Iasl¥8ane3 in Naive Bayes

' ¥
Tumeulding R Data Mining a1insn@aulfamdvesyatoyasan 1daatl
g E] u

9/ N a
- yaveyanen losa

R CA\Users\snowA Documents\supplied test-bayes-iris R - R Editor : e

library(foreign)

iris train <- read.arff(file=tiris-70-S0-sesdll-train.arff™)$iread file arff at documant
iris test <- read.arff(file="iria-T0-30-seedil-tesc.arff")

dim{iris ctrain) ##show number of inscance and attribute
ixis ##show data table
striiris) je#snew data statistic

sumary(iris)
A¥is tTrain
12‘13_EQ5:

library(el071)
model <- naiveBayes (aris train[,1:4], airis crain(,5))

table (prediet (model, iris crain[,-5]), iris trainf,5])
Ct <= table (predict(model, irda_ctxain[,-5]), iris train[,5])
aum{diagi{prop.tablefct)))

table (predict (mcdel, iris cestc(,-5]), iris teac|[,5])
Tésat <- table (predict (model, iris cteat[,-5]), ixis tesc[,5])
aumidiag (prop.cable(tesac)))

71 4.58 Medhsldamdslumsinesidiedane3nu Naive Bayes 14 R Data Mining oy
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R C:\Users\snow\Documents\supplied test-bayes-glass.R - R Editor = Ech |

library(foreign)

glass_train <- read.arff(file="glass-70-30-seedi0-train.arff")$fread file arff at document
glass_test <- read.arff(file="glaas-70-30-seedll-tesc.arff")

dim(glass train) ##show number of instance and attribute
dim(glass_test)

glass train ##show data takle

glass_testc

str(glass_train) }##shnw data statistic

summary (glass_train)

library(el071)
model <- naiveBayes(glass _train(,1:9], glass trainf,10])

table (predict (model, glass_train([,-10]), glass train[,10]}
ct <~ takle(predict (model, glass train(,-10]), glass train[,10])
sum(diag (prop.table(ct)))

table jpredict (medel, glass _tesc(,-10)), glass tesc(,10])
test <- table (predict (model, Qlass testc(,-10]}, glass_cesc(,10])
sumidiagiprop.cakble (tesc)))

31 4.59 dhedalfasmddumainnemdissane3fin Naive Bayes 114 R Data Mining fugn

403yan 39N (Glass.arfh)

- yaveyauziFudu

7 D mgenpRgeT T IO LA WA . oot D | o9 W &

R " C\Users\snow\ Documents\supplied test-bayes-breastR - R Editor (el

library(foreign)

braast_train <- read.arff(file="breast-90-10-sead4-train.arff")$iread file arff at document
breast test <- yead.arff(file=“preast-90-10-seadi-teast.arff")

dim(breast_traim) ##show number of instance and attribute
dimibreasc_testc)

atr(breast_train) ##show data atatistic

sunmaxy (breast_train)

breast_train [#snow data table

breu\:_test

libraxy (e1071)
model <- naiveBayes (breast trainf,1:9], breast _trainf,10])

table (predict (model, breast_train[,-10)}), breast_train[, 10])
€Tt <- table (predict(model, breasc_train[,-10]), breast_ctrain(,10])
sumidiag(prop.table{ct)) )

tablepredict (model, breasc_test],-10]), breast_tesc[,10]}
test <- table(prediect (model, breast_tesc[,-10]), breast_tast(, 10])
sum (diagi{prop.takble (taat)})

31 4.60 i slAamddumsinnemidesane3diu Naive Bayes i R Data Mining fuyn

2 = k7
VOYANSLIAUNIUN (Breast-cancer.arff)

- ¥av ay‘mmmm

a



R CA\Users\snow\Documents\supplied test-bayes-diabetes.R - R Editor

library(foreign)

diabetes train <- read.arff(file="diabeces-70-30-seed7-train.arff")$$read file arff at document
d.xabet.es_:esc <- read.arff(file="diabetes-70-30-seed7-test,arff")

dim(diabetes_crain) ##show number of instance and actribute
diabetes ¥fshow data table
str(diabetes_train) J#anow daca ascaciscie

em:y(diabe:es_tra;n)
diabates train
diabetes_test

library(e1071)
model <- naiweaayes(ﬂiabe:n:_cra;n[,1:51, diabeces train(,9])

table (predict (model, diabetes train(,-2]), diabetes trainf,9])
et <- table(predict (model, diabeces train{,-9]}, diabeces_train[,9))
sum (diag (prop.ctable(ct)))

table (predict (model, diabecas test(,-9]), dia.betes_r.e::[,&}]
teast <- table(predicct(model, diabetes tesc(,-2]}, diabetes tesci,2])
sum(diag(prop.table (Test)))
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R CUsers\nowDocument\supplied test bayessoybeanR-REditor | o | &

library(foreign)

soybean train <- read.arff(file="spyhaan-70-30-asadf-train.arff"] #ivead file arff ar documant
scybean test <- read.arff(filea="soybean~-T0-30-seadf-cast.arff™)

dim (soybean train) ##show number of inatance and attribute
soybean h‘#:hcw data table

atr (soybean) f#anow data atatiatic

sunpary (scybean)

acybean_train

Soybean test

library(eld71)
madel <~ naivedayes(scybsan train[,1:35], soybean trainf,36))

table (predict (model, soybean train{,-86]), scybsan train{,36])
ct <- table (predict (model, soybean ctrain{,-56]), soybean train(,S6])
aum(diag{prop.cable(ct)))

table (predict (modal, soybean_test(,-36)), soybean teasc],36])
test <- table(predict(medel, soybean tesc(,-36]), scybean tastl,36])
sum (diag (prop.table (tasc)))
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g

%’ayaﬁamﬁaa (Soybean.arff)

¥
- yadeyamsnsnzuuudsuienas



81

R C:A\Users\snowADocuments\supplied test-bayes-voteR - R Editor =&

library (foreign)

vate_train <- read.arff(file="vaote-70-30-seed9-train.arff") ##fread file arff at document
vote_test <- read.arff(file="vote-70-30-3eed9-test.arff")

ditr.(vm:e_t:n:.n) #4$show number of instance and attribute
vate #4#show data table

str (vote) jp#snow data statistic

summary (vote)

vote_crain

vote_teac

library(e1071)
model <- naiveBayes(vote_train(,1:16], vace_train[,17])

] table (predict (model, vote_train[,-1T7]), vote train[,17])
] et <- ctable(predict (model, wvote train[,-17]), veote_train[,17])
sum(diag(prop.table(ct)))

table (predict(model, vote tesc(,-17]), vate_tesc|,17))
test <- table(predict(madel, vote test([,-17]), wvote tesac[,17])
sum(diag(prop.cakblae(ceac)))

71 4.63 dhedhalAamdlumsviineméiadanasfin Naive Bayes 11 R Data Mining fuga
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R Q\Usem\mow\Documem:\wppﬁed test—bayes—aedit.R - REditor ! I?IF]
library (foxeign)

credic_train <- read.arff(fila="credit-70-30-seedil-train.arff") ##read file arff at documant
credic_test <- read.arff(file="cradit-70-30-ssedll-tesc.arfft")

dim{credit_train) ##show number of instance and attribute
dim({credic_test)

stx({credit_train) ##show data statistic
summary({credit_tzrain)

credit_train h#:hcu data table

credit_test

library («1Q71)
model <- naiveBayes(credit_train{,1:20], creditc_tzain(,21])

table (prediect (model, credit train(,-21)), credic_crain([,21])
et <- table(predict(model, credit_train(,-21)), credit train(,21]}
sum(diagiprop.tablaict)))

table (predict (model, credit ceat[,-21]), credit teac[,21])
test <- table(predict(model, credic_tesc],-21]), credit_tesc{,21))
sum({diag (prop.table (tCast)))

7V 4.64 dedhaldamddlumsvinneméudanasin Naive Bayes 11 R Data Mining fuyn

EY

Yoyamsdnye (Credit-g.arfh)

¥
o o @

o =) Y o o o ' £ 9 @ o 1% y
WENi]'lﬂl“l]ﬂu]ﬂﬂﬂ'lﬁ'\‘lﬂ'mﬂ?@mﬁgﬂﬂﬂﬂﬁu!!ﬂ? mmsiulaamamanua Tagoy

naInadnt ondrediasazll



82

(RRConsoIe (e ®][=]
»
>
> library(el071)
> model <- naiveBayes(iris train[,1:4], iris train[,5])
> table(predict (model, iris train[,-5]), iris train(,$5])

Iris-setosa Iris-versicolor Iris-virginica

Iris-setasa 36 4] 1]
Iris—-versicolox a 36 3
Iris-virginica a 2 35

> ot <- table(predict (model, iris train[,-5]), iris_train(,5])

> sum(diag (prop.table(ct)))
[1] ©0.9553571
>

> table (predict (model, diris_test[,-5)), iris cest(,5])

Iris—-setosa Iris-wversicolor Iris-virginica

Iris-setosa 15 Q Q [

Iris-versicoleoxr Q 7 1

Iris-wvirginica [¢] 0 12 P
> test <- table(predict (model, iris test[,-5]), iris test[,5])

> sum(diag(prop.table (test)))
{1] 0.9777778
> 2

‘
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R C:\Users\snow\Documents\supplied test-tree-iris.R - R Editor ][50 )
library(foreign)

iris train <- read.arff(file="iris-70-30-seedlO-train.arff") $#read file arff at document

iris test <- read.arff(file="iris-70-30-seedlO-cesc.arff")

dim(iris_ctrain) ##show number of inatance and acttribute
dim(iris_ctesc)

iris train ##show data table

iris_test

str(iris_train) [e#snow daca scatistic

summary (irzs_:rain}
##Dicision Tree with package Parcy

##library(parcy)

library(parcy)

myFormula <- class ~ sepallength + sepalwidth + pecallength + patalwidch
iris ctrees <- ctree(myFormula,data=iris_train)

takble (predict (iris_ctree) ,Jrzs__tzazn-;clas:}

ct <= table(pzed;ct(;rl:*ctree],ir;:_craxn;clasa]

sum(diag (prop.table(ct)))

print(iris_ctree)
#fploc (iris_cctrae)
##plot{ixis_ctree,Cype=tsimple")

#Tasc

teatPred <- predict (iris ctree,newdata=iris test)
table (testPred,iria teatSclass)

€ <- table(ctesatPFred,iris testSclass)

sum(diag (prop.table(c)})

71 4.66 Mpehalfamdalumsyinnumdadaneiiiu Decision Tree 11 R Data Mining U
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R Documents\supplied test-tree-glassR - R Editor o

library(forsign)

glass_train <- read.a:::¢:11e-'claaa-?a-Sﬁ—seedla—:razn.a:rr':##raad file arff at document
glass_ceat <~ read,axff(file="glasa-70-30-ssadil-cesc.arsf")

dim{glass_train) ##ahcow nunber of inastance and attribute
dim(glass teac)

glass_train ##show data cablas

glass_tesc

atr(glasa_train) ##ahow data scatistic

::m.ary(qlass_r.raln]
$#Dicision Trees with package Paxty

##library(parcy)

library({paxcy)

nyFormula <- Iype ~ RI + Na + Mg + A1 + S4 + % + Ca - Ba + Fa
glass ctree <- ctree (myFormula,data=glass train)

table (pradict (glass ctree),glass_train§Type)

et <= tahle(pred;ct(glaaa_ctree),gin::_:ra;ni:ype]

aumidiag (prop.cable (et} ) )

print (glass_ctree)
##plot (glasa_ccrae)
##plot (glass_ctree, type="sinple™)

#teac

ceatPred <- predict(glass ctree,newdata=glaas_taac)
table (tescPrad, glass_tesatilype)

¢ <- table(testPred,glass test§Type)

sum(diag (prop.table (¢) )}

31 4.67 MehalAamdlumsinngmaIadanaifiu Decision Tree 14 R Data Mining iU
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R CAUsers\snow\Documents\supplied test-tree-breastR - R Editor o | OS]
library(foreign)

breast_train <- read.arff(file="breast-£0-20-seedlO-train.arff"”) #$#read file arff at document
breast_ce:t <- read.arff(file="breast-50-20-seedlO-test.arff")

dim(breast_train) ##show number of instance and attribute
dlm(b:eas:”cesc]

breasc_train ##show daca table

breastc_test

str(breast_train) ##show data statistic

summary (breast_train)

library (partcy)

myFormula <- Class ~ age + menopause + tumorSize + invNodes + ncodeCaps + degMalig + breastc
b breastQuad + irradiactc

breast_ctree <- ctree(myFormula,data=breast_train)

table (predict (breasc_ctree),breast_train$Class)

ct <- table(predlc:(braast_ct:ee),brea:t_:raanCla:s]

sum(diag (prop.tabkle{ct)))

prlnt(brec::_ctrec;
##ploct (breast_ctree)
##ploc (breast_ctree,cype="aimple®)

testPred <- predict (breast_ctree,newdata=breast_testc)
table (testPred,breast testSClasa)

¢ <- table(testPred,breast_test$Class)

sum(diag (prop.cable (¢} ))

31 4.68 Meenalaamaslumsyinnemidiedana3fia Decision Tree 14 R Data Mining i1
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R © CUsers\snowDocuments\supplied test-tree-diabetes - R Editor < Teleles

library(foreign)

diabetas train <- read.arff(file="diabetes-70-30-seediO-train.arff")$#r=ad file arff at document
diabetes test <- read.arff(file="diabetes-70-50-seedlf-tesc.arff")

dim(diabetes train) ##show number of instance and attribuce
dlm(di&betc:_:nst)

diabetes train ##snhow data table

d.l.lb':t&!_t&!lt

str(diabetes_train) l##snow data scatiscic

summary (diabetes train)
##Dicision Tree with package Farty

##library (parcy)

library(party)

myFormnla <- class ~ preg + plas + pres + skin + insau + mass + pedi + age
diabetes ctree <- ct:ee(nrﬁarmula,date‘dlahete:_traln]
tableipxedact(d;abetes_ctr::],d;abete:_:xninSclaaaj

et <- table(predict(diabetes ctres),diabetes trainSclass)

sum (diag(prop.table(ct)))

print (diabetes ctreej
##plot (diabeces ctree)
##plot (diabetes_ctree, Type="simple®)

#test

testPred <- predict (diabeces_ctree,newdata=diabetes_test)
table (testPred,diabecas tescSclaas)

c <- table(testFrad,diabeces tesciclass)
sum(diag{prop.table(c)})

31 4.69 Meendlandmiaslumsinnemdledana3fial Decision Tree Tu R Data Mining 11
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R C\Users\snow\Documents\supplied test-tree-soybean.R - R Editor ol @

library(foreign)

soybean_train <- read.arff(file="soybean-90-10-seedl0-train.arff")##read file arff at document
soybean test <- read.arff(file="soybean-90-10-seedl0-tesc.arff")

dim(soybean_train) ##show nuwber of inatance and attribute
dim(soybean_tesc)

##soybean_train #4#show data table

##soybean_tesc

str(soybean train) ##show dacta statistic

summary (soybean train)

library(party)
levels(soybean_train$class)

levels(saybean_testSclasas)

myFormula <- class ~ date + plantStand + precip + temp + hail + cropHist + areaDamaged + severity + seedImc
+ germinaticn + plantGrowth + leaves + leafspotsHalc + leafspotaMarg + leafspotSize + leafShread + leafMalf
+ leafMild + stem + lodging + scemCankers + cankerlesion + fruitingSBodies + externalDecay + mycelium

+ incDiscolor + sclerotia + fruitPods + fruitSpots + sesd + moldGrowth + seedDiscolor + seadSize + shriveling
+ roots

soybean ctree <- ctreae (nyFa:n:ula,da:a-acyheun_:ra;:.]

table (predict (soybean_ctree),scybean trainSclass)

ct <- :able(]:re:uct(sﬂy!:ean_ctree),sayl:eem_:ru;n;cluss)

sum (diag(prop.table{ct}))

testPred <- predict(soybean ctres,newdata=soybean test)
cable(tescPred, soybean_testSclass)

€ <= table(testFred, soybean testSclass)
sum{diag(prop.table(c})))
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library({foreign)

vote train <- xead.arff(file="yore-T70-30-seedil-train.arff™)$##read file arff ac document
vote test <- read.arff(file="“vote-70-30-seedlil-test.arff")

dim(vote_train) ##show nurber of inatance and atctribute
dur.tvnr_e_te::;

vote train #fahow data table

wote tesat

sctr(vote train) #¥show data statistic

summary (vote train)
##Dicision Tree with package Parcy

##library(parcy)

library(party)

myFormala <- Class ~ nandicappedIinfants + waterFrojectCostSharing + adoptionCfTheBudgetResolution
+ physicianFeaFreaza + elSalvadorAid + religicusGroupsInSchools + antiSatelliteTestBan

+ aidIicNicaraguanContras + mxMissile + immigration -+ synfuelsCorperationCutback + aducationSpendin
+ superfundRightToSue + crime + ducyFreeExports + exportidministrationActSouthhfrica

vote ctree <- c¢tree(myFormula,data=vote_crainj

table (predict (vote_ctree),vote train$Class)

ct <- table(predict (vote_ctree],vore trainiClass)

sum(diag({prop.table(ct)})

print(vote ctree)
##plot (vote_ctree)
##plot (vote_ctree, type="aimple®)

f#teac

teacPred <- pred.nct.(vu:e_c:.re:,newdeta‘vnte_cest)
table (testPred, vote test§Class)

c <- table (testPred,vote testSClass)

sum(diag (prop.tableic)} )|

R ' Users\snow\Documents\supplied test-tree-vote R - R Editor =
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R C:\Users\snow\Documents\supplied test-tree-credit.R - R Editor =3RS

library(foreign)

credit_train <-read.arff(file="credit-70-30-seedlO0-train.arff")
credit_test <-read.arff(file="credit-70-30-seedl0-tesc.arff")

##Dicision Tree with package FParty

##library(parcy)

library (party)

myFormula <- class ~ checking status + duration + credit_history + purpose
+ credit_amount + savings_status + employment + installmenthccmmitment

+ personal status + other parties + residence since + property magnitude

+ age + other payment plans + housing + existing credits + Jjob + num dependents
H own_telephone + foreign worker

credit ctree <- ctree (myFormula,data=credit_train)
table{predicttcredit_ctree],credit_trainsclass]

ct < table(predict(credit_ctree},cred1t_train5c1ass]

sum(diag (prop.table(ct)))

print(credit_ctxee]
##plot (credit_ctree)
F##plot (credit ctree, type="simple")

#tesc

teatPred <- predict (credit_ctree,newdata=credit_teat)
table (testPred,credit_testSclass)

C <= tahleitestPred,credlt_testSclass:

sum(diag (prop.table(c)}]

31 4.72 Meehalaadiadlumsninoaenidedane3Nu Decision Tree 114 R Data Mining iy
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IR R Console =

|Response: class
Inputs: sepallength, sepalwidth, petallength, petalwidth
Number of observations: 112

1) petallength <= 1.9; criterion = 1, statistic = 103.626
2)* weights = 36
1) petallength > 1.9
3) petalwidth <= 1.7; criterion = 1, statistic = 52.444
4)* weights = 40
3) petalwidth > 1.7
5)* weights = 36

> plotl;r;e_ctree)

> plot(iris_ctree,type="simple")

>

> testPred <- pred;cc[;r;s_ctree,newdata=i:;z_testi

> table(tee:P:ed,;:;s_testSclass]

testPred Iris-setosa Iris-versicolor Iris-wvirginica
Iris-setasa 135 a Q
Iris-versicolor i} 17 2
Iris-wirginica Q ] 11

> ¢ <- table(testPred,iris te=tSclass)
> sum(diag (prop.table(e)))
[1) 0.9555556

> |

m
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R C\Users\snow\Documents\supplied test-adaboost-iris.R - R Editor || == @

library(adabag):;
library(foreign)

iris train<-read.arff(file="iris-70-30-seedl0-train.arff")

iris test<-read.arff(file="iris-70-30-seedlO-test.arff")

dim(iris train)

dim(iris test)

myFormula <- class ~ sepallength + sepalwidth + petallength 4 petalwidth
adabcost<-boosting (myFormula, data=iris_train, boos=TRUE, mfinal=20,coeflearn='Breiman’)
summary (adaboost)

#%zdaboostStrees

adaboostSweights

adaboost$importance

##adaboostsclass

##errorevol (adaboost, adadata)

predict (adaboost,iris train)

table train <-predict(adaboost,iris train)

table_trainSconfusion

result <- predictiadaboost,lrls_test}
resultSconfusion
sum(dlagtprop.table(resulcScanfas;an)IH

31 474 Mednldamddumsinneadiedane3iin AdaBoost 1u R Data Mining fuya
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R C:\Users\mow\DocumenB\sijppliéd téét-idaboost—glass.R - R Editar =n N ==
|
library (adabag);
library(foreign)

glass_train<-read.arff (file="glass-80-20-seedlO-train.axff")
glass test<-read.arff(file="glass-80-20-seedlO-tasc.axff")
dim(glass_train)

dim(glass test)

myFormula <- Type ~ RI + Na + Mg + &1 4+ Si + ¥ + Ca + Ba + Fe
adaboost<-boosting (myFoxmula, data=glass_ctrain, boos=TRUE, mfinal=20,coeflearn='Breiman')
summary (adaboost)

##adaboosticreas

adaboostSwaights

adaboostSimportance

##errorevol (adaboost, adadata)

predict (adaboost,glass train)

table train <-predict {adaboost, glass_train)

table trainSconfusion

result <- predicccadaboast,glass_test]
resultc$confusion
sum(diag (prop.table (resultSconfusion)))

libraxy({tree)
plot(tl)
textitl,preccy=0)

31 475 Mednlnamddlumsinneawiiedanesiiu AdaBoost 1u R Data Mining fuya
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library (adabag);
library(foreign)

breast train<-read.arff(file="breast-70-30-seedlO-train.arff")
breast_tesc(—read.arff(flle=”brcasn-70-so—seedlo-zesc.a:ff"

dim(breast_trnin)

dim(breast_test)

myFormula <- Class ~ age + menopause + tumorSize + invNodes + nodeCaps + degMalig + breast
l+ breastQuad + irradiat

adaboost<-boosting (myFormula, data=breast_train, boos=TRUE, mfinal=20,coeflearn="Breiman’)
summary (adaboost)

##adaboostStrees

adakoostSweights

adaboost$importance

##errorevol (adaboost, adadata)

pred;cz(adabcos:,b:ea::_tra;n}

1 table_traxn <—predlct(adabco:t,b:ees:_t:n;n]

| table_train$confusion

result <- predict (adaboost,breast_test)
resultSconfusion
sum(diag (prop.table (resultSconfusion}))

library(tree)
plot (tl)
text(tl,preccy=0)

R C\Users\snow\Documents\supplied test-adaboost-breast.R - R Editor |- (eS|
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library (adabag) ;
library ({foreign)

diabetes train<-read.arff(file="diabetea-70-30-seed2-train.arff")
diabetes test<-read.arxff(file="diabetes-70-30-seed2-test.arff")
dim({diabetes train)

dim(diabetes_test)

myFormula <- class ~ preg + plas + pres + skin + insu + mass + pedi + age

summary (adaboost)

##adaboastStrees

adaboostSweights

adaboostSimportance

##errorevol (adaboost,diabeces train)

predict (adaboost,diabetes train)

table train <-predict jadaboosc,diabetes_train)
table train$confusion

result <- predict{adaboost,diabetes teat)
respitSconfusion
sum(diag(prop.table {resnltSconfusion) )}

library (tree)
plot(tl)
text (tl, pretty=0)

adaboost<-boasting (myFormula, daca=diabetes_train, boos=TRUE, mfinal=20,coeflearn='Breiman’)

31 4.77 Meealaadmidalumsrinnemeiedane3fiu AdaBoost 11 R Data Mining fuya
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R C\Users\snow\Documents\supplied test-adaboost-soybean.R - R Editor |- B3]

library (adabag) ;
library (foreign)

soybean train<-read.arff(file="soybean-70-30-seedl0-train.arff")

soybean test<-read.arff(file="soybean-70-30-seedl0-tesc.arff")

dim(soybean_train)

dim(soybean_test)

myFormula <- class ~ date + plantStand + precip + temp + hail + cropHist + areaDamaged

+ severity + seedImt + germination + plantGrowth + leaves + leafspotsHalo + leafspotsMarg
+ leafspotSize + leafShread + leafMalf + leafMild + stem + lodging + stemCankers

+ cankerlesion + fruitingBodies + externalDecay + mycelium + intDiscolor + sclerotia

+ fruitPods + fruitSpots + seed + moldGrowth + seedDiscolor + seedSize + shriveling

+ roots

adabeost<-beoosting(myFormula, data=soybean train, boos=TRUE, mfinal=20,coeflearn='Breiman’')
summary (adaboost)

##¥adabooscStrees

adaboostSweights

adaboostSimportance

##errorevol (adaboostc, adadata)

predict (adaboost, soybean train)

table train <-predict (adaboost, soybean_train)

table trainSconfusion

result <- predict(adaboosat,soybean test)
resulcSconfusion
sum (diag (prop.table (resultSconfusion)} )

library (cree)
pleti(cl)
text(ul,pretty=ﬂﬂ

31 4.78 Meealdadmddlumsrinneaiigdanesiin AdaBoost Tu R Data Mining fuga
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R C:\Users\snow\Documents\supplied test-adaboost-vote.R - R Editor = ®
|

library (adabaq):;
library(foreign)

vote_train<-read.arff (file="vote-70-30-seedlO-train.arff")
vote_test<-read.arff(file="vote-70-30-seedlO-test.arff")

dim(vote_train)

dim(vote_test)

myFormula <- class ~ preg + plas + pres + skin + insu + mass + pedi + age
adaboost<-boosting (myFormula, data=vote train, boos=TRUE, mfinal=20,coeflearn='Breiman')
summary (adaboost)

##adaboostStrees

adaboostSweights

adaboostS$importance

##errarevol(adaboost,vate“t:alnj

predict (adaboost,vote_train)

table_train <—pred1ct(adabocst,vcte_train]

table trainSconfusion

result <- pxedicziadaboost,vote_test)
resultSconfusion
sum(diag (prop.table (resultSconfusicn)))

library(tree)
plot({tl)
text (tl,precty=0)

31 4.79 Mednldamddlumsinnuaidiesana3hia AdaBoost i R Data Mining fuya

YoaAMIAINUUMITYUDONA (Vote.arfh)
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R  C\Users\snow\Documents\supplied test-adaboast-creditR - R Editar (o]0

library (adabag):
library(foreign}

credit_train <-read.arff(file="credit-90-10-seed7-train.arff")
credit test <-read.arff(file="credit-90-10-sesd7-test.arff")

myFormula <- class ~ checklng_status + duration + credit_history + purpose + credit_amount
+ savings status + employment + installipent commitment + perscnal status + other parties

+ residence since + property magnitude + age + other payment plans + housing

F existing credits + job + num dependents + own_telesphone + foreign worker

adaboost<-boosting (myFormula, data=credit_train, boos=TRUE, mfinal=20,coaflearn='Breiman')

summary (adaboost)

adaboostSweights

adaboostSimportance

predict (adaboost,credit_train)

table train <-predict (adaboost,credit train)

table trainf$confusion

result <-— predictCcd&bcost,credit_test}
resultSconfusion
sum (diag (prop.table (resultSconfusion}))

tl<-adaboastStrees[[1]]
library(tree)

plot(tl)
text(tl,preccy=0)

31 4.80 Meealdadmiddumsrinnemediedane3iia AdaBoost 11 R Data Mining fya
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s 5
IR R Console o &=
weights 20 -none- numeric 2
vaotes 336 -none- numeric
prob 336 -noneé- numeric
class 113 -none- character
importance 4 -none-. numeric
>

> predlct[adaboazt,'_::.e_t:a;:)
> table train <—p:&d;ct(aﬂabc:\.st,L:;B_traLnjl
> table trainSconfusion
Cbserved Class
Predicted Class Iris-setosa Iris-wversicolor Iris-virginica

Iris-setosa 36 0 1]
Iris-wversicalor 0 38 0
Iris-virginica 0 0 38

>
>

esult <- predict (adaboost,iris test)
> s

esultSconfusion
Cbserved Class
Fredicted Class Iris-setgsa Iris-versicolor Iris-virginica

MM

Iris-setosa 5 4] 0
Iris-versicolor 0 17 th
Iris-virginica 1] 0 12

> =sum(diag (prop.table (resultSconfusion)))
[1] 0.9%27778
> |

m
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71

Correctly Classified Instances 14 934 3833 3
Incorrectly Classified Instances 1 6.6667 %
Correctly Classified Instances 14 93,8383 %
Incorrectly Classified Instances 1 6.6667 %
Correctly Classified Inatances o 100 3
Incorrectly Classified Inatancea a {d £
Correctly Classified Inatances 15 104 %
Incorrectly Classified Instances 0 a %
Correctly Cla=zsified Instances 14 83.3333 %
Incorrectly Classified Instances 3 6.66067 %
Correctly Classified Insatances 15 100 %
Incorrectly Classified Instances 0 d 3
Ceorrectly Classified Inatances 15 144 %
Incorrectly Classified Inatances a a £
Correctly {lassified Instances 14 93,3333 %
Incorrectly Classified Instances 1 6.8667 %
Correctly {lassified Instcances 15 100 %
Incorrectly Classified Instances o] 1] -
Correctly Clasaified Instances 15 100 i
Incorrectly {lassified Instances a a %
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Correctly Classified Instances 43 95.5554 %
Incorrectly Classified Instances 2 4.4444 %
Correctly Classzified Instances 42 93.3333 %
Incorrectly Classified Instances 3 &.6667 %
Correctly Claasified Inatances 43 95,5556 &
Incorrectly Clasaified Instances 2 4,4444 %
Correctly Cla3sified Instances 44 97.7778 %
Incorrectly Classified Instances 1 2.2222 %
Correctly Clazzified Instances 41 91.1111 %
Incorrectly Classified Instances 4 2.88B9 %
Correctly Classified Instances 44 897.7778
Incorrectly Classified Inatances 1 2.2222 &
Correctly Classified Instances 44 87.7778 %
Incorrectly Claasified Instances % 2.2222 §
Correctly Claszaified Instances 44 97.7778 %
Incorrectly Classified Instances 1 2.2222 %
Correctly Classified Inatances 43 95.5556 %
Incorrectly Classified Instances 2 4.4444 3
Correctly Classified Inatances 44 97.7778 %
Incorrectly Clasasified Instances 1 2.2222 %
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Correctly Clasgszified Inatances 15 104 %
Incorrectly Classified Instances 0 a %
Correctly Clasaified Inatances 14 93.3333 1
Incorrectly Classified Instances 1 6.8667 %
Correctly Clasaified Instances 14 83.3333 %
Incorrectly Classified Instances 1 6.6667 %
Correctly Clasaified Instances 15 100 £
Incorrectly Classified Instances 0 1] %
Correctly Classified Instances 14 $3.3333 %
Incorrectly Clasaified Instances 1 £.6667 %
Correctly Classified Instances 15 100 %
Incorrectly Clasgified Instances 0 a %
Correctly Classified Instances 12 100 %
Incorrectly Classified Instances 0 2] %
Correctly Classified Inatances 33 56.6667 %
Incorrectly Classified Instances 13.3333 %
Correctly Classified Instances 15 140 %
Incorrectly Classified Instances g a %
Correctly Clessified Instances 5 100 ]
Incorrectly Classified Instances 0 0 %
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Correctly Classified Inatances 340 100 %
Incorrectly Classified Instances a 0 3
Correctly Classified Instances 29 96,6667 %
Incorrectly (lassified Instances i 3.3833 ¥
Correctly Claszsified Instances 29 96.6667 %
Incorrectly Classified Instances 4 3.3333/%
Correctly Classified Instances 28 93,3338 %
Incorrectly Classified Instances 2 6,.6667 %
Correctly Classified Instances 28 93.3333 %
Incorrectly Classified Inatances 2 6.6667 %
Correctly Classified Instances 23 96.6667
Incorrectly Classified Instances 1 3.3333 %
Correctly Clasaified Instances 30 1a0 %
Incorrectly Classified Instances 4] ] 3
Correctly Classified Instances 28 53.3333 %
Incorrectly Classified Instances 2 6.6667 %
Correctly Classified Instances 30 100 %
Incorrectly Claasified Instances 0 0 %
Correctly Classified Inatances 29 96.6667 §
Incorrectly Classified Inatances i 3.30333'%
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Correctly Clasaified Instances 43 95,5556 %
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Correctly Classified Inatances 43 95.5556 %
Incorrectly Classified Instances 2 4.4444 %
Correctly Classified Inatances 40 22.8889 %
Incorrectly Clazsified Instances 5 11,1111 %
Correctly Classified Inatances 42 $3.3333 &%
Incorrectly Classified Instances 6.6667 %
Correctly Claassified Instances 43 895.55568 %
Incorrectly Classzified Inatances 2 4.4444 %
Correctly Classified Inatances 44 87.7778 %
Incorrectly Classified Instances 1 2.2222 %
Correctly Classified Inatances 44 97.7778 %
Incorrectly Classified Instances 1 2.2222 %
Correctly Claszified Instences 42 93.3333%
Incorrectly Classified Instances ] £.6667 %
Correctly Classified Instances 44 87.7778 &
Incorrectly Classified Instances | 202222 %
Correctly Classified Instances 43 95.5558 §
Incorrectly Claasified Instances 2 4.4444 %
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Incorrectly Clasasified Instances
Correctly Clasaified Instances
Incorrectly Classified Instancea
Correctly Classifiied Inatances
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