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Multiview classification is a technique used with data sets with different views,
for example image data sets taken from front and side views. This type of classification is
performed collaboratively using data from different views leading to a better performance
compared with using data from a single view. Recently, researchers have extended the
idea to address ordinary data sets with single view by dividing their features to several
sets of features, each of which is considered as one view. However, there is no systematic
way in dividing whole features into different views. Many researchers assume that multiple
view data are provided in advance. In this study, a systematic approach was proposed
to generate multiview data sets from a single view data set using coordinate
transformation algorithms including PCA and LDA. The proposed Multiview classification
uses a majority vote to combine classification results from classifiers trained using data
from different views. The experimental results showed that the proposed method

outperformed the single-view classification method.
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2.1.4 Principal Components Analysis (PCA)
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2.1.5 Linear Discriminant Analysis (LDA)
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2.1.6 Majority Vote Classifier
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Wannaseluna Majority Vote

Class Label
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ANLIENAL 4 LAPNITNNTIAANAIRAAL

Class Label New

2.2 MeiANAANEANNNARLNUEN luN1TIUe
Accuracy score

AAINYNARuEuEnIasnIsiTu s taeluniayldAds accuracy_score

1
o

faiflu WerfdulunisAruon paaugnaes wanslugilees umsndaauiladi (Confusion

—~

[ %

Matrix) IngiAoumsneaed Wwyisndaauiag (Confusion Matrix) azasung tes

Zhe

Prediction Class

Positive Negative

TP | FN

Actual Positive

Class

Negative F P TN

PN https://en.wikipedia.org/wiki/Confusion_matrix

AMNWUITNAL 5 AFLNEAIMNANILUBUNNINTARUHITU (Confusion Matrix)
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AN True Positive (TP) Wuanuiudayaiatlunana True uaztinuivinuie

laualu True

1
=

AN False Positive (FP) lluanuaudayanaslunaia False wslidaniuig
lonawlu True
AN True Negative (TN) iluanuiudayanatlunaia False uwaziinuvinune

oAy False

1
a ]

AN False Negative (FN) ifluanuaudeayanaglunaa True wsiiiiariiung
Iinaiu False
Inegnan13nIAIAIINgNABLLHUEN Accuracy = (TP + TN )/ Total Data

Test anunsaidianlamalugnnig (1)

Accuracy = | ik (1)
Y = IPTTN+FP+FN
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[ % o o o & 1 4’ = o QI
wanningdlupaiauannineuialszmalng TeldngUseasd lun1 s NNARLLNUNITAIN Y
WASWNUIZANTNIWNIINENTOL
Tnelddaya 4 Aupa
o [ dld % o o e .
1. Auaudunnevulunaauannine (holding days)

v

2. 91ANNNFTRUNUAAL L

¥ o

3. dayanTiinIunAtia (Indicators data)

'
o Aa o a

4. AuiuldAuauAdaindanianaiia InaldinalindinszinisGauives
AT (Machine Learning) 4 nalA 1A Random Forest, Support Vector Machine, K-NN,
Naive Bayes WazinAlANI93aUFILULINNEN (Ensemble modeling) 2 1nAllARAe equal

. . d‘ o v % % Z’/ A

weight LAz weight Ve U8 wua liN12951A 91 Tneduday aRaLALAUNNIIAN W.A.
2554 D4 1ABUFUINAN W.A. 2559 41U 24 1hawW WU 1nATATENIFITEWIULLIINNGN

1 901 o Ql a a o v o & |8 QI i v
TpensarI AN s2@ngnannisnnunele 5-14 wefidus waziinnannlsle 1-3

< rd‘ o o alld :j/ o o o QI a a ¢
Wafidus asanuiudunnaduiuiladudianyluntsiiudsc@nsninnisnananiiay
HARDLIWUAINTLNTA Y
an a o o aa = =] a o dl

AT 53TNAT LA WENHAR (Aa 1 5990 Aswe A, 2011) IHANHAd8Tas Nng
= v 1 ¥ ] = o o o % a o Z’/
FrusiuusNngNeatlasainadsza e Liea unguiunIsaulnteya Ineanuldeass
dgl ¥ a 1 = 1 v ada 1 o a o
Hlaldmatialassdngilszaminaniniiiimunguandulaiuiieaiyn 8vinnimeaat

o 1

43a19ALL11971 (Diabetes Data a0 UCH) tnalddayasiaatine 768 4a3a 8 wannsia
faquazasiifanpanugniesiunissiuunisn wodn medasaufuindulaanuanstung
Taginun1sunguanaulasaenatinlen1yn (Neural Network+Adaboost) IWHaTiandn
A7l maiaiTulnnauULAen [9inAtia Decision Tree, Neural Netword, Support Vector
Machin Inedasa Diabite Data lénanangnieewiniy 75.02 iefidus Tannndtluina
e

Kumar et al. (Kumar Rajiv; memuﬁlu . 2012) LAUAD L?l'm Unconstrained
Handwritten Numeral Recognition Using Majority Voting Classifier Lﬂumﬁ‘;ﬁ’ﬁ”}ﬁmmﬁ@ﬂu
ananaiaandaya MNIST Tneldinatia K-NN, ANN wazni1sdiasnziauunilszinmids

&% (Linear Discriminant Analysis) Tunnsutsgadaya wazandnsmuzunnsianldiu
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3.2 AUAAUITNITNINIUARITZLU

28NPAD9
Decision Tree
r ™
Original Data set +
— N [ i
( P Decision Tree o
\. J Majority Vote
Data Set [ PCA + Decision Tree Model
~ \ 4
LDA + Decision Tree — Predict Class

nwilsznau 6 dunaun1INIunlEmALlA Decision Tree
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Tmlﬁr'ﬁ’ﬂiﬁ UM Parameter N LEwmATA Decision Tree pail
(1) U4 Train 70 Test 30 WAz random_state Winriu 5
(2) Decision Tree FaaWUNUILANANUUAAT min_samples_split WAL 2 WAz

random_state NNl 5

— A K-NN
Original Data set +
— N | ]
K-NN
L J

N— ( N

Majority Vote

Data Set > PCA + K-NN o
J L Model

J
\ / f ) ‘L A

:L LDA + K-NN J_ Predict Class

Ailsznall 7 dupanni R ldmatia K-NN

nwisznay 7 Wunszuaunisenulagas naian s NautinulnaLA e

v 1
=

N1NgA (K-nearest neighbor: K-NN) uazaiiiunisninduneuinmuiauiy naiiafuld

%

snawla (Decision Tree)
Tnadddulanivun Parameter 7 ldnAtiA K-NN Al
(1) U4 Train 70 Test 30 ka2 random_state Winfiu 5

(2) KNeighbors f9a1uunUsziAnnIvun A leaf_size 191U 30 LA

n_neighbors WU 5
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Original Data set + Multiple Model
Decision Tree
N
~—11| N\ ( )
Original Data set + Majority Vote
Data set " o _
Logistic Regression Model
\_ J \_ )
~—_ | ) 1
Original Data set + ( )
> - Predict Class
K-NN 4 )
. y,

ANUIENAL 8 LAANNIININNULEY Multiple Model

nniszney 8 Azuanan13n19Iued Multiple Model tne/lddayamamuin 81
a -8 aad
N199AINTUARE 4 5AR
(1) wadlannnanaslaaasn (Logistic Regression)
2) matafuldAndula (Decision Tree)
(3) matiansu e IngRsaiuNINgA (K-NN)
v 1
(4) Voting siaanuunilszinninefsAuuy Hard AanistiakaAnasgaine i
Tumausazfavinunennuamniu 1y lunsel Binary Classification Haansazlaaimauidi o

wra 1 613 3 Tuimaka A, B, C uazusiazdavinuianaiiu 0,0,1 fiazlnanuadinaugaiie

W 0
TnedAstldrtmun Parameter usiazinafiadail
(1) Logistic Regression AMMUAAT C 717U 1.0WAaTmulti_class 1M1Au
multinomial

(2) Decision Tree FaNWUNLUILANANUUAAT min_samples_split WML 2 WAz

random_state NNl 5



16

(3) KNeighbors faa1bundsztnniinuaAn leaf_size 191U 30 WA
n_neighbors Wiy 5
(4) Voting AR unUsslAnnInuaA max_iter MNAY 100 wasvoting WAL

hard
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fayaniininaaas Mdeyaain UCI (Dua Dheeru and Graff, Casey. 2017) Iag
19N 4 dayanatl

(1) Image Segmentation \udayaresnmiignataainaaiiesinegdnnineiu

dl ¥ dl v ¥ o dld 1 aa o
Lﬂuﬂ’]‘W'ﬂﬂ? sﬁﬂsll‘ﬂN@VIllﬂLﬂu"ll‘ﬂﬂ@m%@ﬂl‘l/mﬂW?LL‘LI\'lﬂ’]Wﬂ"WI@@@ﬂLﬂuﬁ@’]ﬂ@qu whuune
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1 ! A [ v d?j dl o a -:llal
289NITULNANUAAN1INT 8K LAz idaaun 19w unuaasn T WIdWAINR AN NN

LAZINEIABNITIATIZY

UCI iz

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Image Segmentation Data Set
Download- Data Folder, Data Set Description

Abstract: Image data described by high-level numeric-valued attributes, 7 classes

Data Set Characteristics: Multivariate Number of Instances: || 2310 || Area: N/A
Attribute Characteristics: || Real Number of Attributes: || 19 Date Donated 1990-11-01
Associated Tasks: Classification || Missing Values? No Number of Web Hits: || 171260

nwdsznau 9 afﬂmzl,%ﬂmmm‘qm‘*ﬁmﬂa Image Segmentation

nwtlsznay o ludayaiinaaiunisauundngsne Agnaieainanainanay

LARSANEUzaRaNgudaya Image Segmentation Failudayaningne Insauundininii
dunnaeserls i wia vedh dwiu Ineliripana 7 Aana aangudeyaninnaiauds 7
N usazauaunudiiunIn 3x3 wWnima Inadudayanuiain UCl lull 1990 Usenaulyl

&

v aa
AL 19 LWARNTUIR
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A B C D E F G H | J K s
1 REGION-CEN REGION-CENTROID-ROW REGION-PIXEL-COUNT SHORT-LINE-DENSITY-5 SHORT-LINE-DENSITY-2 VEDGE-MEAN VEDGE-SD HEDGE-MEAN HEDGE-SD  INTENSITY-MEAN RAWRED-MEAN
2 BRICKFACE 140 125 9 0 0 02777779 0.06296301 0.66666675 031111118 6.185185
3 BRICKFACE 188 133 9 0 0 033333334 0.26666674 05 0077777736 6.6666665
4 BRICKFACE 105 139 9 0 0 027777782 0.107407436 0.83333325 052222216 6111111
5 BRICKFACE 3 137 9 0 0 05000002 0.16666673  1.111111 0.47407418 5.851852
6 BRICKFACE 39 111 9 0 0 0.72222227 0.37407416 0.8888889 0.4296295 6.037037
7 BRICKFACE 16 128 9 0 0 0.5 0.077777766 0.66666675 0.31111118 5.5555553
8 BRICKFACE 26 67 9 0.11111111 0 1 08888003 2.4444447 3.1851847 20
9 BRICKFACE 14 110 9 0 0 17222224 53518505 2.6666667 1.0222229 17.925926
10 BRICKFACE 1 108 9 0 0 13333335  0.80000025 1.3888888 0.95185167 17.666666
11 BRICKFACE 85 101 9 0 0 13333334 1.2888881 12777777 1.2185181 21.296297
12 BRICKFACE 18 145 9 0 0 0.38888896 0.018518496 0.6111111 0.3740741 3.925926
13 BRICKFACE 23 55 9 0 0 22222216 3.6740727 17777773 0.7851852 23.444445
14 |BRICKFACE 196 129 9 0 0 0.83333325(_0.43333334] 06666667 017777774 63333335
15 BRICKFACE 80 116 9 0 0 15 1.6333328 1.5555557 0.87407404 21.703703
16  BRICKFACE 2 44 9 0 0 21666672  2.3888876 2.3888896 1.5296285 18.74074
17 BRICKFACE 120 136 9 0 0 0.61111116  0.4185187 1,0000001 0.4444444 6.259259
18 BRICKFACE 146 124 9 0 0 0.4999999 0.16666664 0,38888875 0.107407376 6.037037
19 BRICKFACE 23 85 9 0 0 1.4444445 10518525 1777778 0.96296287 17.962963
20 BRICKFACE 138 116 9 0 0 06111111 0.15185188 0.4444445 0.20740739 6.4814816
21 |BRICKFACE 229 124 9 0 0 0.888889 0.074073985 0.8888889 0.3407407 5.888889

22 RRICKFACF 22 116 a n N_0 IRKAKKTS N 1n7an7al n 33333125 N 13333334 5 A206296 ~
segmentation i ‘ .

i) 1 + 100

nwilszney 10 Fetinedea Image Segmentation

nndszney 10 wandAa9t19903a Image Segmentation TneiAaaNiLaN
region-centroid-col luAAaLTeITaLA ABANLTIASY region-centroid-row LuLARANLIA
2ANNN the row of the center pixel of the region WUARIUANLEATBIN N LL@:ﬂ@@Vmﬁuj
dl =S 1 o al 1 al v al = o A
NUAANDNAIIDINITIAR ANAINNTAA AT NTRsRTALNNANAD Red Green Blue Lilu
L%
!

(2) Spambase Hunsauunilszinnaesdins Inaddayant 2 nqusaaiuae ngu

¥ a a 1 dl ¥ dl a
winiuteyaresamalng uaznguinaesdudeyanduaimaaly

UG

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Spambase Data Set

Download: Data Folder, Data Set Description

Abstract: Classifying Email as Spam or Non-Spam

Data Set Characteristics: Multivariate Number of Instances: || 4601 || Area: Computer
Attribute Characteristics: || Integer, Real || Number of Attributes: || 57 Date Donated 1999-07-01
Associated Tasks: Classification || Missing Values? Yes || Number of Web Hits: || 410645

nilsznay 11 Suaviesnlesadays Spambase
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nndseney 11 azuansAnHIzIBINgNdeya Spambase Taiudayaanuun
szinnaasdimadniy awalndvzadudinazudy Inad At ufmsAeLiaIa U LGy
wazauIUaTe anguteyansasenguineidudeyanuian uct lutl 1999 Usznauly

A0l 57 LaANILaE

R1379 2 A3 NeELNedayA Spambase

Name Description Type
word_freq_WORD FuanAfsnAaanglu E-mail - 48 continuous real
[0,100]
char_freq_CHAR AUIUBNTILYIVHA LB 6 continuous real
[0,100]
capital_run_length_average AYMNENLAALAIENEIRNNW 1 continuous real [1,...]
Tuey

capital_run_length_longest  AYNNENURIAIANHINNWIAL] 1 continuous integer

AreLiiaany [1,...]
capital_run_length_total NATINUBNANNE IR AN 1T 1 continuous integer
WUW LY ANUIUsaNET [1,..]
2 =
nanualuags
o 1 A 1 .
spam AmaLINduaLlue 1 nominal class

;1979 2 llunnsuananisasuedaya Spambase WAYAMAN MDA TALAT
1N 1 ENN1INeAaL
(3) lonosphese Liludaganisdaisnnfannduussainialan tansaagausn
. 4o . Y L. da “ v,
auunrinnsdeNngataniii Adnyynuniguninizalad Asausanlaaszuulu Goose
Bay, Labrador @45 11H132nauAagaAia191n1ARINDEIAIUY 16 AaunFaniIadas
TINUARINANAL 6.4 Aladmsitnvunana alannraudass luduussania Inadnanissy

., A Y & ¥ “ 1, &
1wang “fA” Panansliiuinassuvlszinn luussanniAsauvanian aniduna “ue” Aa
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]
o

o/ 1 1 :l/ £ dl Y o ?/ 6 o/
uoldanunsadiudunssannials dyiuilafuiudssusanaainiaddu
autocorrelation TaedalALEIADLIA1IDINAE LAZUNIELATNAR NUNILLAVTNAT 17

WNELAIAUTUIZUL Goose Bay Buaunutly database # Tnaasunels 2 grudnwouzsia

|
1 Aoy o 1 =

o ] k3 o dl g A [~3 dl o Y ¥
MN’]EIL@%W@ﬁﬂ@ﬂﬂﬂ@@\iﬂﬂﬂqmsﬂu @uwmﬁm’mmmmwmmLmﬂﬁxxlﬁ'msnusn@u 1HAN

34 daya Inenfusoiaasialiias

Machine Learning Repository

Center for Machine | earning and Intelligent Systems

lonosphere Data Set
Download: Data Folder, Data Set Description

Abstract: Classification of radar returns from the ionosphere

Data Set Characteristics: Multivariate Number of Instances: || 351 || Area: Physical
Attribute Characteristics: Integer, Real || Number of Attributes: || 34 Date Donated 1989-01-01
Associated Tasks: Classification || Missing Values? No || Number of Web Hits: || 192445

nwilsznay 12 saaviasnasadalya lonosphere

nwilsznan 12 azuamsdnmnizdaya lonosphere fviludayanissiuun
Uszinmaeanisitisnfannduussaana Taadlandusiueusia uazsiuauade aannns
squsanlnaszuuly Goose Bay, Labrador ﬁﬁsqmmmmmmwﬁzgﬁﬁmu 16 diaw i
fdad 6.4 Aladnel Ieudeyaiinnann UCI il 1989 sznavlifas 34 wesvidaslas
1-34 AniavnaidlusnAeiilesduauasataan uazAmaLazeLi unafi 35 aziuanay

i “good” viTe “bad”
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(4) Breast Cancer Wisconsin L{ud83aa1nn19nsaai@aas1e] ivatinniawun

szinndnilunzifasnunviza bl unziSamum

Machine Learning Repository

Center for Machine Learning and Intelligent

Breast Cancer Wisconsin (Original) Data Set
Download- Data Folder, Data Set Description

Abstract: Original Wisconsin Breast Cancer Database

Data Set Characteristics: Multivariate Number of Instances: || 699 || Area: Life
Attribute Characteristics: || Integer Number of Attributes: || 10 Date Donated 1892-07-15
Associated Tasks: Classification || Missing Values? Yes || Number of Web Hits: || 473773

nwilsznay 13 suaziaenaeeadasya Breast Cancer Wisconsin (Original)

A ndsznay 13 me\‘lﬁﬂﬁmz‘ff@yj@ Breast Cancer Wisconsin (Original) Gl

udeyanisauuniszinmaasaas InadaAdusuwsn aannissausanlagDr. Wolberg

v &

doyaaineaiin Tneaniann UCH Dataset Tull 1992 dsznavlisan 10 wemvisiios



A9 3 'ﬂ%ﬂ’]ﬂ‘ffm;limjm Breast Cancer Wisconsin (Original)
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Name Description Ex. Type

Sample code number ID Number 1000025 Category

Clump Thickness AIUNUN 5 Continuous
Uniformity of Cell Size IUNAUBSLT AR 1 Continuous
Uniformity of Cell Shape ~ guinqaesimaa 1 Continuous
Marginal Adhesion NTEARANILIEY 1 Continuous
Single Epithelial Cell Size muﬂméﬂ‘]_qlafa 2 Continuous
Bare Nuclei Humdaa 1 Continuous
Bland Chromatin HnduaaaslAsunm 3 Continuous
Normal Nucleoli Haraled 1 Continuous
Mitoses Mitoses 1 Continuous
Class AANGURNANADLIAZUNUADY 2 Category

2 A1 Aa 2 ITWEAas LAY 4

WA AN LT

m1974 3 Wlunnsedunadeyarasgatdaya Breast Cancer Wisconsin (Original)

v
o -3

PRRIUNA 10 LAANILNG

4.2 NANITNANRY

¥ ¥ ¥ Y o o o v
mﬂmmgmwmuimmmm mi‘wm@m‘ﬂmammw@

v

asalg o

K-NN L lAuaaLmiasaaAiunuIn

Model WaLLFeI LN AAN

o

ey

1
=

AlAUININIFUTLR AN D

dayalunainuanedsiiu PCA uaz LDA uazldfadiuuntssinnuuy Decision Tree uay

Multi-View kaatinuaniiFauieuiunigin Multiple
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£19719 4 HANNINAKALILLLLU Decision Tree

DATA Full Feature PCA LDA Multi-View
Image Segmentation 0.94 0.91 0.92 0.95
Spambase 0.90 0.85 0.86 0.92
lonosphese 0.86 0.86 0.86 0.91
Breast Cancer Wisconsin 0.93 096 0.98 0.98

;1979 4 aziiiuladiAranuintnresntslddousnueznldnassandnann
waeyNNes linaandanisuanuaslnglddagyaainusazyuues laun n1sindiaefisnun

w1l N7 limnATiaA PCA way 13 kimATiA LDA N191N13NA4adl

PCA n_components =7

FF PCA LDA MV

Decision Tree

1.00

0.95

0.9

o

0.8

vl

0.8

o

0.75

B Image segmentation = B Spambase M lonosphese M Breast Cancer Wisconsin

AL9Enan 14 NIAdaLAENALA Decision Tree taein1uuaaAn PCA 13

n_components Wiy 7

I
Al

v
AINL9Enal 14 azL#uqNdaNa Breast Cancer Wisconsin 1114 ﬁﬂ’mlﬂﬁlﬁm

a
'
aa =

1.0 infgailameuiudeyagus Inedsnlinaniniigaaziiluds LDA uay Multi-view 7

a [

i
Tenans 0.98 AainauiLas PCA Nld dayaganeniunls 0.96 T9HAMINNGID9 0.02
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NMIMARSINAY Ladesnanuazdmiudayausacyunessaadaaimnaiia

nsuNeutulnAlAeiuNINge (K-NN)

F13N 5 HARNTINNITNAKDULLL K-NN

DATA Full Feature PCA LDA Multi-View
Image Segmentation 0.91 0.91 0.95 0.91
Spambase 0.78 0.77 0.90 0.80
lonosphese 0.83 0.87 0.89 0.87
Breast Cancer Wisconsin 0.61 0.61 0.97 0.61

a !

A1919 5 aztiuladnA1red Accuracy 284015 kd LDA lanaandnlunsdian

b

24
¥ '

Fravun iﬁuﬁﬂgdaﬂdﬁiuﬂiﬂjﬂlmﬂ’]ﬂ’ﬁl”ﬂH@LLUUM@’mHNNNEﬂﬂ')?;l 9l 1iasann nasld
mmﬁﬂmequuumffmz‘lﬁ’muuuﬁﬁﬁmﬁﬂmﬂﬂdﬁLﬂuﬁﬁmuﬁgﬂ 89 UHNITAUUN
uenuEzIesaesLlszn Ae PCA ua Full Feature luuuu K-NN dulidneuiifalmile
thAmaLiildann PCA uaz Full Feature NYINNTTUUNULLUANNNN BRI T A 0904

WU Multi-View laAntiasndn LDA a1z LDA flsaiuinaipan tdaiunsdaa i lanasng

Al
PCA n_components =7
1.20
1.00
0.80
0.60
0.40
0.20
0.00
FF PCA LDA MV

K-NN

M Image segmentation M Spambase M lonosphese M Breast Cancer Wisconsin

A isznau 15 nnmegausignaiia K-NN laaniuuaan PCA 1 n_components

Winfy 7
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nisznay 15 azwudnmatia K-NN wus LDA azlaanlngiaes 1.0 1e9yn
%’ﬂg@ﬁﬁ’]mmmm‘[mﬂ%’m@ﬁiﬁmﬁwﬁ“uqﬂﬁqmﬁmﬂu%’@g@ Breast Cancer Wisconsin
Tnerlarwindu 0.97 uazassasuiiludaya Image Segmentation léAwnrAy 0.95

lun1snaaesgaiiie wlFaunauauusugseudne n1sldimaiianig
uenuEzLLaNERsNes funsdwaiansuenuezuuvateling lnatunafiiunld

neaaadlaun [Wwa logistic regression way random forest ay K-NN ugnalumnisesalu

A1379 6 LWFaLey Multi View U Multiple Model

DATA Multi View Multi View KNN Multiple Model

Decision Tree

Image Segmentation 0.95 0.91 0.93
Spambase 0.92 0.82 0.91
lonosphese 0.91 0.87 0.87
Breast Cancer Wisconsin 0.98 0.61 0.67

A1379 6 azinlAdnAN89 Accuracy 289n1s MmAlAN1TuaNLAZULLL AN

yunes Tnaldouenuay wuy Decision Tree TANANusuENNgINgn

PCA n_components =7

Image segmentation Spambase lonosphese Breast Cancer Wisconsin

1.20
1.00
0.80
0.60
0.40
0.20

0.00

B Multi-View DT B Multi-View K-NN  ® Multiple Model

Alsznall 16 ngilFaLa L Multi-View AositnatiA Decision Tree hay K-NN /1l

Multiple Model Iagin1uua@A1 PCA n_componants Wiy 7
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nantsenay 16 axwudndaya Breast Cancer Wisconsin HuldA1ngaiiia’ld

%

MATA Multi-View Aaginalla Decision Tree tnaifiAnwinfiy 0.98 Lwimﬂhmmﬁﬂﬂuj azld

ARe urvngNdesa1ee Image segmentation tuazWLAN LARNININIAMNAYN WATiA

a

b

ARVILNATA Multi-View DT AlaA1L9N U 0.95 Multi-View K-NN Ta@11vinfu 0.91 LAy

' o

Multiple Model le@n1iri1 0.93 @eninliwugn nnsdayanisaiuunilssinnuuumans

dszinnanam inan lariudageauls
[ a o da/ dl = o
ann1sakEnUszsinniuLnaneyunes e wide e T umaunisawun
dszinnuuumanayunes §adeliiinmaaesinedasie e 38 Inatdianedonising
nslddayalunanadnumuy Aa 1. Full Feature 2. PCA 3. LDA UAZ1N3 3 WULINNYIN Multi-

View (MV) Ineiusiazigazlauasdnsnunnsnaiueanly uaziilelouasdnsaaumasdanuiun

1
ol al

Lﬂ?ﬁlumﬁlllﬂu%ﬁ Multiple Model (MM) LW@%WN@Z&/‘W NANEA RINNINININAARY N9 LT

ll_

e

ayanaInategluuy Multi-view (MV) Tneldinatiaimian udadinanFaumauiuis

= =

AnTLAudat BT Majority Vote Model fauitinABANI93us19LATRI LN 14

U

Ege

N

o

a KR 1 ¥ 1 a a L . . a v ¥
@ﬂﬂ@@V]NELHLL‘]_I‘]_IW]\‘I”I 1®LLﬂ waARANITnANat lARERAN Logistic Regression), mﬂummuiu

%

n (
sindnla (Decision Tree), mATANIIUNaUTNUINALA

eNfuNINTga (K-NN), Voting 69

dlald
ANANGY m‘Emﬂmmwmummemmmﬂm

Suundszinnlnasaruuy Hard 1 vin 4R
wiazyunassemaiiasuldindula Tne Full Feature (FF) uaneds mafﬁﬁﬂgaﬁmum
Tdafesauanuas PCA unnee nasidasgantaainnisldinatinnisaniifsae PCA 819
% o =K o v dl ¥ Y a aa
NNIAFNFILENUEY WaY LDA unee nisindayanlsannisldinalianisaniifsang LDA
1N A F19AD LI N eI
TneR4a1A1N19MARDIAINATMUL U TB9NTINNITNIEUBNAINNNTAB LN
1wan Tneldfinsuldsudmnsinnesaas PCA #ldTn1smaandld aan n_componant

winidu 7 11 5 e Faunaunan lasan
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A1314 7 HANINAGBLILLUL Decision Tree TagllasuaAInisdmas PCA n_componant

winfu 5
DATA Full Feature =~ PCA  LDA Multi-View
Image Segmentation 0.94 0.86 0.92 0.95
Spambase 0.90 0.83 0.86 0.92
lonosphese 0.86 0.84 0.86 0.91
Breast Cancer Wisconsin 0.93 0.96 0.98 0.98

A1919 7 WAAS L LA UAIUAINANITNAABILUL Decision Tree Tasitilasiu
ATNI30AaF PCA n_componant Wil 5 WUATNARINITUIAYE Multi-View Hulunn

|
=

fayalafTounauiumatinaus duldAngengaazidudayates Breast Cancer

dldl

Wisconsin @9{ALYINTL 0.98 waraasasnaziiludagyatas Image Segmentation N A0

WINAL 0.95

PCA n_components =5

1.00

0.95

0.9
0.8
0.75
FF PCA LDA MV

Decision Tree

o

2]

o

B Image segmentation B Spambase M lonosphese M Breast Cancer Wisconsin

ANUIENaL 17 N1INA&eLLLL Decision Tree tngnnuuar PCA 13 n_components

Winfy 5
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o &

nawdsznau 17 wunndeanisliflinadnsgengapamaiia Multi-view Tng

1
A ¥

ANgeNgnAadaya1as Breast Cancer Wisconsin IaillANLyiniL 0.98 Laraa4aINIAD

u

v

B3ya183 Image segmentation HALYINL 0.95

A1379 8 NAN1INAFALLUL K-NN TnslasuAinisfimes PCA n_componant Winiu 5

DATA Full Feature PCA LDA Multi-View
Image Segmentation 0.91 0.88 0.95 0.92
Spambase 0.78 0.78 0.90 0.80
lonosphese 0.83 0.88 0.89 0.88
Breast Cancer Wisconsin 0.61 0.61 0.97 0.61

9749 8 uan LA TeNaNIINAAeILLL K-NN TaslAsuAnisines
PCA n_componant i 5 aziiulddusiasiinsilaaunimdinafiienageunai lé
uduAA1189 LDA AfusAildann nates Multi-View asvinlsiuaiildiuildnmndinnsld
LDA agjlatdnTigeiigaiedasyaBreast Cancer Wisconsin TngiAwinriu 0.97 uazaesadn

A8 Image Segmentation laadAwINL 0.95

PCA n_components =5

FF PCA LDA MV

K-NN

1.20

1.00

0.8

o

0.6

o

0.4

o

0.2

o

0.00

B Image segmentation B Spambase  Mlonosphese M Breast Cancer Wisconsin
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ANUIENAL 18 WAAINITNARALLLL K-NN Tagin1uuaai PCA 1% n_components Wniu 5

ndsenay 18 aznudNREN lAHANANgATENATA K-NN 7835 LDA TInadi

¥ o &

Tatuiagelunndayanirniinnimeaeslaadeyaninadansgangana Breast Cancer

u au

%

Wisconsin N lauavindy 0.97 fanaiausy Multi-View tulawindu 0.61 @eseriune 0.36

A1719 9 iFRuWaL Multi View U Multiple Model Taainnwiuamn PCA 1% n_components

winfu 5
DATA Multi View Multi View KNN Multiple
Decision Tree Model
Image Segmentation 0.95 0.92 0.93
Spambase 0.92 0.80 0.91
lonosphese 0.91 0.88 0.87
Breast Cancer Wisconsin 0.98 0.61 0.67

AT e .
§11319 9 azLiiulAdA989 Accuracy NNNI9LlAEWAT n_components = 5 193
nisldimalianisuanuaziuuaneyuNe Inaldfausnuey wuy Decision Tree liiAnAH
o
ulueiNgIngn

PCA n_components =5

1.20

o

1.00
0.8
0.6

0.00 III III III III

o

o

0.4
0.2

o

Image segmentation Spambase lonosphese Breast Cancer Wisconsin

B Multi-View DT B Multi-View K-NN B Multiple Model
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nwsznau 19 nafFeLney Multi-View Aagitnaiia Decision Tree wa K-NN il

Multiple Model tpgin1ua@A1 PCA n_componants WNfiu 5

AINLFTNAL 19 AINAIMNNLINNITUIATLLIL Multi-View AQen@atia Decision

' ' 1
v [

Tree linaansgangnlunndeyatiulanngengainadeyanlinadningenadeyaas
Breast Cancer Wisconsin 1 lANaaWsw/infu 0.98 LazaaIadNNAa Image segmentation 7

lauadnsingu 0.95
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TfmatiannsBauiaadiaresunaeds uazladananasnisdanmniaalddn Accuracy Tneld
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19 Multi-View [WaUIAINANKA
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lunt93dauitladlddayavianun 4 gasqaiuAa 1) Image segmentation

a

2) Spambase 3) lonosphese 4) Breast Cancer Wisconsin @11 v5u'le 67 Data Sets - UCI

o v o

Machine Learning Repository tngitindaganiiinisanifzesdayaiiu 3 anwale aoan
A8 1) Full feature 2) PCA 3) LDA wazivis 3 wuunvn Multi-View ialildanangn Tne
Ioaanlddanasnuuaneisnaeny bawn 1. Decision Tree 2. K-NN 1WA @aa1nn19

NINIFANHINLINNIINA Multi-View Aasinaila Decision Tree HUlFANAANSNANINDE
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5.3 UARALAUDLUL

1
=

D = A a & A o 1y a a ° Nalg oo
ﬁl'ﬂ\jﬂﬂf]?ﬁﬂﬁqLWNW]Nﬂ\?@"]Lﬁmmmqlﬁﬂﬁ‘zﬂmﬁﬂ"]Wﬂr]?m"]\?']u%'ﬂ\?ﬂ?mwﬁhj[5]'3

9

a o

weinkeznsuautuln AL A uNINAgn (K-NN) tauainindnnisldiuldingdula

q

X a

(Decision Tree) D4 AYNHLANFNGTL
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TuniddaBesnisdAnsmaiiadiuunlssinnuuunansyunesitldldnimn Python

nefu 3.6.7 uuldsunsa Jupyter Notebook 284 Anaconda Tneifisneazidemsail

anszney 20 eaziRenllsunsy Jupyter notebook

[ %

Waltlaldsunsuidnunasanantinfne N s N AN A9

— Home x 4+
C @ localhost:8889/tree
— Jupyter

Files ~ Running  Clusters

Select items to perform actions on them.

nndsenau 21 winldsunsu Jupyter Notebook

Faenan1m19uaesillsunsy Jupyter Notebook lHann1ssumInuanasadl

& Multi-view 28-04-2019 X +
C @ localhost:8888/notebooks/Multi-view%2028-04-2019.ipynb
7~ Jupyter Multi-view 28-04-2019 Last Checpont 04282019 (autosaved)

File Edt View Insen e emel dgets telp

B+ 3 2B (4 ¥ HRun B C P code v|e

ad of REGION-CENTROID-COL

Name ¥

hon 3 O

Jploadt
Last Modried

13 days ago

9 months ago

ayear ago

ayearago

13 days ago

ayear ago

2 months ago

ayear 2go

amonth aga

13 days ago

9 months ago

13 days ago

ayear ago

10 months ago

2 years ago

ayear ago

5 months ago

2 years ago

o

a X

B a v &l @ :



nndsenau 22 Frat1enisnieuesidsinsy Jupyter Notebook

1Aa Import Library 2a<iilsunga

In [1]:

In [2]:

from pandas import DataFrame

import numpy as np

import pandas as pd

import os

import matplotlib.pyplot as plt

from sklearn import datasets

from sklearn.tree import DecisionTreeClassifier

%matplotlib inline

from sklearn.model_selection import tr‘ainitestfsplit #¥1A1uLy train test
from sklearn.metrics import accuracy_score #(ZAAR2IwUNuLZ1ZaY Model
from sklearn import tree # dUnzauly

import warnings

warnings . filterwarnings('ignore")

asiaya Image Segmentation

#img = pd.read _csv('img.csv') # ¥Wasivaadayaieils img

X_img = pd.read_csv('dataimg.csv') # feature wiasauslvilailin
Y_img = pd.read_csv('targetimg.csv') # Am@a1
Y_img.head

<bound method NDFrame.head of REGION-CENTROID-COL
e GRASS

1 GRASS

2 GRASS

3 GRASS

4 GRASS

5 GRASS

3 GRASS

7 GRASS

8 GRASS

9 GRASS

10 GRASS

11 GRASS

12 GRASS

nnilsenay 23 1AR Import Library 71l lulilswnsu

TARAa UL Data WATAIUIU Feature

In [4]: X img.tail()# 19 feature 2099 data

out[4]:

REGION- REGION. SHORT-  SHORT-

conneon, REGON-  “LINE- _ LINE- VEDGE- VEDGE- HEDGE- HEDGE- INTENSITY- RAWRED- RAWBLUE- RAWGREEN- EXRED- EXBLUE
DENSITY- DENSITY-  MEAN D MEAN sD MEAN  MEAN MEAN MEAN  MEAN  MEA
ROW  COUNT t ;
2085 32 158 9 0000000 00 0944445 0862953 0833333 0511111 7962963  6.333334 11885830 5666665 485388
2086 8 162 9 01 00 1611111 206292 0333333 0133333 8370370 6666666 12000000 6444445 511111
2087 128 161 9 0000000 00 0555555 0251852 0777778 0162963 7148148 5555555 10888889 5000000 477777
2088 150 158 9 0000000 00 2185857 1633334 1388889 0418518 £444dd5  7.000000 12222222 BI11MM -4.33332
2039 124 162 9 o1t 00 1388889 1129830 2000000 0888889 10037037 8000000 14555555 7585555 -6 1111
>
In [5]: X_img.head()
Out[5]:
SHORT-  SHORT-
o RE N "LINE- _ LINE- VEDGE- VEDGE- HEDGE- HEDGE- INTENSITY- RAWRED- RAWBLUE- RAWGREEN- EXRED- EXBLUE-
DENSITY- DENSITY-  MEAN SD MEAN D MEAN  MEAN MEAN MEAN EAN  MEAN
ROW  COUNT s s
o 110 189 9 00 00 1000000 0666667 1222272 1186342 12925926 10888389 9222272 18666668 6111111
1 % 187 9 00 00 1111 0720082 1444444 0750200 13740741 11666667 10333334 19.222221 6222222
2 225 244 9 00 00 3388869 2195113 3000000 1520234 12250259 10333334 9333334 17111110 5777778
3 a7 232 9 00 00 1277778 1264621 1000000  0.894427 12703704 11000000 9000000 1511110  -6.111111
4 o7 186 9 00 00 1166667 0691215 1166667 1005540 15592562 13888888 11777778 21111110 5111111
»

nndseney 24 TARRa1UIL Data AYAIUIL Feature

37
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TAANNTA519 Multi-view imATA Decision Tree WazN19M1 PCA 41151 Image

segmentation

In [8]:

ANU3U

In [18]:

#5179 multiple view anna1slaitasassia PCA and LDA unuiiaziflunisuiis feature auilné

#Added by sirisup

from sklearn.decomposition import PCA

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
pca = PCA(n_components=7) ##adfeuinai class

X_viewl = pca.fit(X_img).transform(X_img)

lda = LinearDiscriminantAnalysis(n_components=6) # class-1

X_view2 = lda.fit(X_img, Y_img.iloc[:,8]).transform(X_img)

view 1 obtained from PCA view 2 obtained from LDA view 3 use full features data

X_train,X_test,Y_train,Y_test = train_test_split(X_img,Y_img,test_size = @.3, random_state = 5)
trn_index=Y_train.index.tolist()

tst_index = Y test.index.tolist()

X_trnvl=X_viewl[trn_index,:
X_tstvl=X_viewl[tst_index,:
X_trnv2=X_view2[trn_index, :
X_tstv2=X_view2[tst_index, :

PCA DT Img

estimator = tree.DecisionTreeClassifier(random_state = 5) #Winrsisanlzauls
estimator.fit(X_trnvl,Y_train) #¥1477 train Model
predl = estimator.predict(X_tstvl) #¥mfiulaaa
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff_vizlist()
for ind in range(len(predl)):
if predi[ind]!=Y _test.iloc[ind,0]: diff_vl.append(ind)
print(diff_v1)

0.9142857142857143

[23, 29, 41, 46, 47, 51, 58, 78, 87, 117, 118, 143, 144, 160, 161, 164, 187, 219, 222, 236, 239, 243, 253, 258, 270, 286, 299
333, 335, 339, 355, 359, 368, 383, 396, 397, 418, 433, 469, 502, 516, 521, 546, 550, 579, 582, 583, 586, 588, 589, 597, 598, 59
9, 621]

nntlsznau 25 TAAN1T4519 Multi-view

TARN194519 Multi-view A2sinATiA Decision Tree LAz LDA wazFull Feature

Image segmentation

LDA DT Img

estimator = tree.DecisionTreeClassifier(random_state = 5) #¥9A7550n l2Eu Ia
estimator.fit(X_trnv2,Y_train) ##/7975 train Model
pred2 = estimator.predict(X_tstv2) #¥mrsviwaea
Acc = accuracy score(Y_test,pred2)
print (Acc)
diff v2=list()
for ind in range(len(pred2)):
if pred2[ind]!=Y test.iloc[ind,@]: diff v2.append(ind)
print(diff_v2)

0.9238095238095239
[13, 25, 41, 46, 48, 61, 78, 83, 96, 97, 99, 117, 119, 125, 164, 181, 187, 191, 198, 201, 229, 239, 249, 284, 293, 299, 316, 32
2, 348, 353, 355, 387, 398, 401, 433, 441, 444, 464, 465, 469, 496, 514, 546, 550, 563, 580, 589, 599]

Full Feature DT Img

estimator = tree.DecisionTreeClassifier(random_state = 5) #n715t58a 2y 1/
estimator.fit(X_train,Y_train) ##/7975 train Model
predf = estimator.predict(X_test) #u1misirniasa
Acc = accuracy score(Y_test,predf)
print (Acc)
diff vF=list()
for ind in range(len(predf)):
if predf[ind]!=Y test.iloc[ind,0]: diff vf.append(ind)
print (diff_vf)

0.9412698412698413
[19, 25, 35, 51, 63, 87, 9@, 117, 128, 142, 143, 144, 196, 198, 219, 226, 249, 258, 299, 322, 347, 353, 355, 401, 433, 458, 45
D, 462, 464, 468, 469, 496, 546, 579, 588, 589, 594]
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nisznau 26 IAAN198519 Multi-view #aglnAlA Decision Tree WAL LDA

wazFull Feature #1130 Image segmentation

1A Multi-view Aagiinatia Decision Tree 1151 Image segmentation

Multi-view DT Img

In [11]: | #i=594
#print(Y_test.iloc[i,0]) # Aigaaag .
#print(predf[i],pred1[i],pred2[i]) # A17a21AA1THUARE view: predf=full features, predl=PCA, pred2=LDA
pred_agg = list() # aswlist 779 Fuwt laaly dutls pred_agg 13tAuA7
for pf,pl,p2 in zip(predf,predl,pred2):# aswidaulzluminivlasnsmnaniila 3 Aunaglu zip
total_dat = set([pf,pl,p2]) # I set wiawrara1 ivuehiuuas biidauuaariu
if len(total _dat)==3: #arwwiaulza? tatal dat FAUWIAY 3 dunidy 3 uaai1 @mayzasie @ classifiers WiiiAmay
pred_agg.append(pf) #MihA1lu total_dat lih#nludiuils pf iwsesuily Full feature )
else:#07A0ay Javivan WAy imasdan Maaunas full feature WU ldAT accuracy gugn Wufia 1211 pf a2 1/lu pred agg
count_result=dict()# #mAamesiaoni1adn udavIliuwmiaay dauaauel 35 majority vote A% (FI39WIRIVUIAGA
for ttl in total dat:
count_result[ttl]=[pf,pl,p2].count(ttl)
pred_agg.append (max(count_result, key=count_result.get))#6a6786780 max latas aaidfuaidwausitiiu majority Wiy daaunas

Acc = accuracy_score(Y_test,pred_agg)
print(Acc)

0.953968253968254

A ndsenau 27 1AM Multi-view AaglnAiia Decision Tree 411131 Image segmentation

TAA N1745719 Multi-view AaeitnAlA K-NN AT PCA uaz LDA 145U Image

segmentation

KNN Img

PCA KNN Img

In [12]: from sklearn.neighbors impert KNeighborsClassifier
KNN = KNeighborsClassifier(n_neighbors = 5)##1n13t58a s KNN
KNN.fit(X_trnvl,Y_train) ##1A77 train Model
predl = KNN.predict(X_tstvl) #smainfivigaa
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff_vi=list()
for ind in range(len(predl)):
if predi[ind]!=Y_test.iloc[ind,®]: diff v1.append(ind)
print(diff v1)

9.9158730158730158
[1, 13, 17, 23, 25, 32, 48, 51, 58, 78, 96, 117, 125, 143, 164, 166, 181, 187, 196, 201, 213, 217, 219, 249, 254, 258, 267, 28
o, 286, 299, 322, 333, 339, 355, 359, 363, 376, 384, 400, 464, 469, 514, 516, 546, 550, 557, 563, 579, 589, 597, 599, 601, 621]

LDA KNN Img

In [13]: KNN = KNeighborsClassifier(n_neighbors = 5) ##1a1558m1% KNN
KNN.fit(X_trnv2,Y_train) ##1A77 train Model
pred2 = KNN.predict(X_tstv2) #smminiigaa
Acc = accuracy_score(Y_test,pred2)
print(Acc)
diff_v2=1ist()
for ind in range(len(pred2)):
if pred2[ind]!zY test.iloc[ind,@]: diff v2.append(ind)
print(diff v2)

0.9523889523809523
[13, 25, 78, 96, 99, 117, 125, 144, 161, 166, 177, 181, 196, 198, 201, 219, 280, 322, 343, 353, 355, 384, 398, 401, 433, 469, 5
5@, 594, 599, 606]
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A nlszneay 28 1Am Multi-view watla K-NN #983% PCA uaz LDA @113l Image

segmentation

AR Multi-view nATA K-NN #9835 Full Feature waz Multiple view 815U Image

segmentation

In [14]:

In [15]:

Full Feature KNN Img

KNN = KNeighborsClassifier(n_neighbors = 5)
KNN.fit(X_train,Y_train) #¥7475 train Model
predf = KNN.predict(X_test) ## 1A U868
Acc = accuracy_score(Y_test,predf)
print(Acc)
diff_vf=list()
for ind in range(len(predf)):
if predf[ind]!=Y_test.iloc[ind,8]: diff vf.append(ind)
print(diff_vf)

£.9158736158730158
[1, 13, 17, 23, 25, 32, 48, 51, 58, 78, 96, 117, 125, 143, 164, 166, 181, 187, 196, 201, 213, 217, 219, 249, 254, 258, 267, 28
o, 286, 299, 322, 333, 339, 355, 359, 363, 376, 384, 400, 464, 469, 514, 516, 546, 550, 557, 563, 579, 589, 597, 599, 601, 621]

Multi-view KNN Img|

pred_agg = list() # aswlist 799 Fun1 Teald duils pred agg 13iAuA7
for pf,pl,p2 in zip(predf,predl,pred2):# aswudaululumsyivwlasnmauaninla 3 Aunagly zip
total_dat = set([pf,pl,p2]) # I2f set iiaw121A7 mushiuua?iidauunaniu
if len(total dat)==3: #asusaulza? tatal dat Jauvniy 3 auviiiy 3 uaavai Fmauyaoio @ classifiers luividuae
pred_agg.append(p2) #D4iA7lu total dat lthzialudauils p2 (w511 l@auwniaa )
else:#a7MAaY vavyivam Tiaidy imasdan Awavzas full feature (W7 IAAT accuracy AR duda 121A7 pf @211y pred_agg
count_result=dict()# W9A2IMENIUIOATIAIN UAAIIWINOAIAaY TAuAaYeh 2T majority vote ar (T130MIAITIANAGR
for ttl in total_dat:
count_result[tt1]=[pf,p1,p2].count(ttl) )
pred_agg.append(max(count_result, key=count_result.get))#6a6786780 max 1aias aaduardaansiiiy majority lWiddy @aauyas

Acc = accuracy_score(Y_test,pred_agg)
print (Acc)

©0.9158730158730158

ansznay 29 1AR Multi-view wmaTla K-NN #a8iRs Full Feature was Multiple view d19151

In [16]:

Image segmentation

1Am Multiple Model RV bt Image segmentation

Multiple Model Img

from sklearn.model_selection impert cross_val_score
from sklearn.linear_model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import VotingClassifier

c1f1 = LogisticRegression(solver=z'lbfgs’, multi classz'multinomial’,random state=s)
c1f2 = tree.DecisionTreeClassifier(random_state = 5)
c1f3 = KNeighborsClassifier(n neighbors = 5)

eclf = VotingClassifier(estimators=[('1r', c1f1), ('dt', c1f2), ('KNN', c1f3)], voting='hard')

for clf, label in zip([clfl, c1f2, c1f3, eclf], ['Logistic Regression', 'DecisionTree', 'KNeighbors', 'Ensemble']):
scores = cross_val_score(clf, X_img, Y_img, cw=5, scoring='accuracy')
print("Accuracy: %0.2f (+/- %0.2f) [¥s]" % (scores.mean(), scores.std(), label))

Accuracy: @.89 (+/- ©.85) [Logistic Regression]
Accuracy: 8.93 (+/- 0.86) [DecisionTree]
Accuracy: ©.90 (+/- ©.94) [KNeighbors]
Accuracy: 8.93 (+/- ©.84) [Ensemble]



In [17]:

In [18]:

Out[18]:

In [19]:

In [28]:
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andszneu 30 1An Multiple Model A sy Image segmentation

AR Import Data Spambase WaznN17 Import Library lﬁi’N"‘]

Import Data Spambase

pd.read_csv('dataspam.csv') # feature Wia@IuysIAIIWIN
pd.read_csv('targetspam.csv') # AmaY

X_spam
Y_spam

X_spam.tail()# 57 feature 4599 data

0 064 0641 01 032 02 03 04 05 06 .. 038 040 041 042 0778 043 044 23756 61 278

4595 031 00 062 00 000 031 00 00 00 00 00 0000 0232 00 0000 00 00 1142 3 88
4596 000 00 000 Q0 000 000 00 QO 00 00 .. 00 0000 0000 00 0353 00 00 1555 4 14
4587 030 00 030 00 000 000 00 00 00 00 00 0102 0718 00 0000 00 00 1404 6 118
4598 096 00 000 00 032 000 00 00O 00 00 .. 00 0000 0057 00 0000 00 00 1147 5 78
4589 000 00 065 00 000 000 00 00 00 00 00 0000 0000 00 0125 00 00 1250 5 40

5rows x 57 columns

from sklearn.decomposition import PCA

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
pca = PCA(n_components=7) #@auidguinain class

X_spam_viewl = pca.fit(X_spam).transform(X_spam)

lda = LinearDiscriminantAnalysis(n_components=6) # class-1
X_spam_view2 = lda.fit(X_spam, Y_spam.iloc[:,@]).transform(X_spam)

X_train,X_test,Y_train,Y test = train_test_split(X_spam,Y_spam,test size = ©.3, random state = 5)
trn_index=Y train.index.tolist()

tst_index = Y_test.index.tolist()

X_trnvl=X_spam_viewl[trn_index,
L errrm e fest Al
s _spam_view2[trn_index,
X_tstw2=X_spam_view2[tst_index,

:]
:]
:]
:]

awilszneyu 31 1A Import Data Spambase kaznN17 Import Library ﬁi’N“‘]

TAANI34519 Multi-view Aaglinaila Decision Tree tngl PCA 414150 Spambase

In [21]:

PCA DT Spambase

estimator = tree.DecisionTreeClassifier(random_state = 5) #Winiseeulzisuly
estimator.fit(X_trnvl,Y_train) ##7A77 train Model
predl = estimator.predict(X_tstvl) ##1A1s¥iuIeaa
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff_vi=list()
for ind in range(len(predl)):
if predi[ind]!=Y_test.iloc[ind,8]: diff vl1.append(ind)
print(diff_vi)

£.8507246376811595

[15, 16, 28, 39, 50, 52, 54, 62, 68, 78, 81, 97, 101, 105, 112, 120, 122, 137, 141, 143, 163, 165, 174, 176, 183, 196, 208, 21

s, 216, 217, 218, 221, 229, 231, 233, 246, 263, 264, 277, 278, 281, 287, 293, 298, 303, 3@8, 311, 321, 322, 323, 324, 331, 333

334, 336, 339, 345, 355, 362, 364, 391, 395, 401, 469, 424, 432, 458, 461, 469, 471, 474, 487, 492, 567, 512, 522, 524, 533, 53
6, 547, 555, 573, 578, 579, 582, 589, 594, 680, 603, 610, 616, 619, 621, 622, 623, 628, 634, 635, 638, 646, 660, 675, 681, 692

695, 714, 717, 720, 721, 727, 730, 736, 737, 74e, 742, 750, 763, 772, 799, 791, 794, 798, 804, 807, 812, 823, 830, 836, 839, 84
6, 856, 880, 881, 886, 888, 891, 899, 901, 904, 907, 912, 922, 956, 964, 965, 988, 995, 1005, 1006, 1013, 1014, 1028, 1030, 103
s, 1038, 1e45, 1060, 1065, 1066, 1070, 1071, 1074, 1675, 1678, 1887, 1895, 1@98, 11@7, 1lle, 1111, 1113, 111s, 1127, 1133, 114

5, 1147, 1160, 1176, 1182, 1186, 1204, 1211, 1213, 1220, 1226, 1229, 1231, 1237, 1248, 1265, 1267, 1268, 1277, 1278, 1288, 129

8, 1312, 1316, 1321, 1324, 1347, 1351, 1358, 1364, 1365, 1371]

A nsznau 32 TARn194519 Multi-view AagiimATiA Decision Tree 1pel PCA 11154

Spambase
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TAANNT4319 Multi-view AaglmAila Decision Tree tngl LDA 11151 Spambase
LDA DT Spambase

In [22]: |estimator = tree.DecisionTreeClassifier(random_state = 5) #Winmsoalzauly
estimator.fit(X_trnv2,Y_train) ##7A75 train Model
pred2 = estimator.predict(X_tstv2) #1277 17008
Acc = accuracy_score(Y_test,pred2)
print(Acc)
diff v2zlist()
for ind in range(len(pred2)):
if pred2[ind]!=Y test.iloc[ind,0]: diff v2.append(ind)
print(diff_v2)

0.8659420289855072
[12, 18, 41, 49, 5@, 76, 95, 1ee, 183, 1@6, 107, 112, 121, 122, 13@, 132, 138, 142, 143, 150, 172, 178, 180, 191, 197, 207, 20
8, 218, 224, 230, 231, 246, 254, 261, 278, 293, 300, 305, 308, 320, 324, 326, 331, 334, 342, 343, 358, 367, 395, 399, 406, 408,
417, 432, 454, 455, 458, 474, 479, 480, 483, 486, 495, 501, 517, 524, 525, 533, 578, 579, 589, 596, 603, 610, 616, 621, 626, 62
8, 638, 643, 651, 654, 659, 677, 683, 686, 688, 694, 695, 709, 717, 718, 720, 739, 748, 741, 748, 758, 763, 771, 772, 776, 777,
788, 781, 783, 786, 791, 798, 803, 804, 889, 812, 817, 838, 836, 845, 853, 860, 867, 869, 872, 887, 986, 917, 934, 947, 963, 96
8, 994, 1001, 1022, 1023, 1034, 1038, 1846, 1051, 1054, 1060, 1064, 1065, 1074, 1078, 1081, 1886, 1095, 1119, 1130, 1131, 1136,
1139, 1147, 1148, 1152, 1159, 1171, 1179, 1180, 1182, 1186, 1198, 1192, 1211, 1219, 1248, 1256, 1259, 1260, 1265, 1267, 1271, 1
275, 1277, 1286, 1302, 1304, 1314, 1324, 1330, 1334, 1348, 1347, 1356, 1363, 1370]

nisznau 33 IAAN198519 Multi-view paglmAila Decision Tree 1agl LDA 19511

Spambase

TAANI34519 Multi-view ARewAtiA Decision Tree 1agl Full Feature 811154 Spambase
Full Feature DT Spambase

In [23]: estimator = tree.DecisionTreeClassifier(random_state = 5) #w1aistienlziuls
estimator.fit(X_train,Y_train) #¥7A75 train Model
predf = estimator.predict(X_test) #¥1M 171U
Acc = accuracy_score(Y_test,predf)
print(Acc)
diff vfzlist()
for ind in range(len(predf)):
if predf[ind]!=Y_test.iloc[ind,8]: diff_vf.append({ind)
print (diff_vf)

0.9843478260869565
[20, 49, 54, 92, 1@6, 120, 153, 160, 183, 208, 221, 248, 243, 253, 260, 282, 299, 305, 309, 320, 343, 348, 353, 374, 387, 391,
396, 424, 436, 439, 458, 460, 467, 477, 494, 505, 512, 517, 521, 536, 537, 538, 547, 587, 596, 603, 610, 616, 622, 623, 628, 63
4, 635, 638, 654, 656, 659, 672, 718, 720, 722, 73, 737, 740, 750, 771, 772, 778, 785, 791, 798, 802, 812, 813, 818, 836, 839,
861, 869, 877, 878, 888, 888, 899, 904, 917, 919, 922, 956, 958, 960, 984, 988, 990, 1665, 1888, 1827, 1043, 1046, 1048, 1859,
1068, 1070, 1078, 1881, 1087, 1099, 111@, 1115, 1118, 1139, 1186, 1192, 1211, 1222, 1225, 1243, 1247, 1253, 1255, 1264, 1265, 1
277, 1285, 1296, 13e4, 1312, 1324, 1328, 1331, 1371, 1374]

nniszneau 34 TAAN194519 Multi-view sasiinATiA Decision Tree Imel Full Feature 81154

Spambase



In [24]:

In [25]:
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AR Multi-view Aagiinatia Decision Tree §11151 Spambase

Multi-view DT Spambase

pred_agg = list() # aswlist w7 Fuan Taely duils pred agg 19iAuA7
for pf,pl,p2 in zip(predf,predl,pred2):# aswdaulalunrnvhviuleamsrinawinila 3 Aunagly zip
total dat = set([pf,pl,p2]) # 7 set uiau1d1a7 luughiuaa? tideuusani
if len(total_dat)==3: #aviniaulugy tatal_dat JauniAdy 3 duni 3 udavrr A8anaeiy @ classifiers liyidiae
pred_agg.append(pf) #1101 total dat lih#Zaludauys pf (wreduilu Full feature )
else: #09mMaY wasioa Wiy iasdan Awayuas full feature twreiulaA? accuracy @iaa uuda ta1A1 pf i@z 1lu pred agg
count_result=dict()# ¥1A2IWEIIALATIEW UAAIIETUWAIRaY Tausauen 2T majority vote a¥ ITIAHIFIININGA
for ttl in total_dat:
count_result[ttl]=[pf,pl,p2].count(ttl) ) _
pred_agg. append(max(count_result, key=count_result.get))#manoA 18 max l0ua? nduarmeauiiiy majority Wiy mmavzay

Acc = accuracy_score(Y_test,pred_agg)
print(Acc)

©.9231884057971015

Andsenau 35 1A Multi-view AagllnATlA Decision Tree 41151 Spambase

1AANN78319 Multi-view Aaginaiia K-NN Tag PCA 41150 Spambase

KNN Spambase

PCA KNN Spambase

from sklearn.neighbors import KNeighborsClassifier
KNN = KNeighborsClassifier(n_neighbors = 5) # 2.dauauzauaiiuasgaanly 1. fauauliftusiaizayanssnouaga
KNN.fit(X_trnvl,Y_train) #41A77 train Model
predl = KNN.predict(X_tstvl) #¥imsvinuigna
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff_vi=list()
for ind in range(len(predl)):
if predi[ind]!=Y test.iloc[ind,8]: diff v1.append(ind)
print(diff_v1)

8.7753623188405797
[4, 6, 8, 18, 28, 22, 24, 26, 32, 39, 44, 46, 50, 52, 57, 73, 83, 88, 92, 93, 96, 1@5, 186, 121, 125, 126, 129, 13@, 138, 139,
149, 142, 144, 147, 148, 151, 153, 155, 157, 16@, 161, 165, 167, 175, 196, 202, 208, 209, 214, 216, 217, 218, 221, 225, 228, 22
9, 230, 231, 243, 247, 260, 264, 270, 273, 287, 290, 292, 296, 297, 298, 299, 303, 318, 311, 323, 338, 331, 335, 336, 338, 343,
354, 356, 358, 361, 366, 370, 371, 373, 378, 380, 387, 388, 391, 395, 396, 405, 409, 410, 411, 419, 421, 424, 429, 432, 433, 43
8, 444, 447, 448, 453, 458, 468, 469, 472, 477, 483, 503, 512, 514, 528, 522, 559, 564, 566, 568, 576, 578, 579, 585, 587, 597,
603, 608, 610, 616, 621, 634, 635, 641, 643, 646, 647, 654, 660, G663, 666, 672, 674, 678, 691, 692, €94, 70@, 714, 717, 718, 72
o, 721, 723, 727, 728, 730, 736, 740, 743, 749, 750, 754, 755, 763, 766, 772, 776, 781, 783, 784, 791, 794, 801, 806, 812, 813,
830, 832, 835, 836, 839, 844, 846, 852, 857, 860, 868, 877, 878, 880, 881, 888, 891, 899, 991, 9@6, 997, 919, 921, 922, 923, 93
4, 935, 936, 938, 94, 945, 952, 954, 958, 965, 967, 977, 989, 985, 987, 999, 1005, 108, 1018, 1819, 1024, 1027, 1037, 1838, 1
043, 1046, 1062, 1864, 1067, 1869, 1078, 1674, 1675, 1678, 1079, 1081, 1683, 1684, 1891, 1095, 1898, 1110, 1113, 1116, 1119, 11
20, 1127, 1131, 114e, 1145, 1147, 116, 1167, 1171, 1172, 1179, 1182, 1186, 1192, 1196, 1209, 1212, 1213, 1216, 1218, 1220, 122
8, 1232, 1243, 1247, 1248, 1253, 1259, 1262, 1265, 1267, 1269, 1274, 1276, 1277, 1288, 1287, 1292, 1293, 1299, 1312, 1316, 132
1, 1324, 1327, 1328, 1330, 1335, 1336, 1349, 1351, 1353, 1358, 1371, 1372, 1374, 1378]

Andsznau 36 TAAN194519 Multi-view Aagiinatia K-NN tagl PCA @115 Spambase



In [26]:

44

TAANNTA319 Multi-view Aaeinaila K-NN Tag LDA 11151 Spambase

LDA KNN Spambase

KNN = KNeighborsClassifier(n_neighbors = 5) #
KNN.fit(X_trnv2,Y_train) #¥1A77 train Model
pred2 = KNN.predict(X_tstv2) #1217 1118608
Acc = accuracy_score(Y_test,pred2)
print(Acc)
diff_v2=list()
for ind in range(len(pred2)):
if pred2[ind]!=Y_test.iloc[ind,8]: diff_v2.append(ind)
print(diff_v2)

9.9065217391304348
[28, 41, 49, 5@, 51, 76, 106, 121, 129, 138, 137, 138, 142, 143, 161, 178, 284, 207, 208, 218, 221, 224, 231, 233, 293, 294, 30
e, 305, 31@, 320, 321, 326, 331, 334, 343, 358, 367, 395, 406, 417, 432, 454, 458, 475, 483, 486, 501, 525, 561, 579, 596, 683,
610, 616, 620, 621, 628, 635, 638, 651, 654, 659, 668, 677, 695, 696, 718, 720, 737, 739, 748, 758, 754, 763, 771, 772, 775, 77
6, 777, 783, 786, 798, 791, 798, 884, 812, 817, 838, 836, 853, 855, 865, 869, 872, 879, 911, 917, 940, 988, 1022, 1023, 1038, 1
046, 1060, 1074, 1078, 1081, 1686, 1095, 1139, 1147, 1159, 1179, 1186, 1192, 1209, 1211, 126@, 1277, 1286, 1304, 1309, 1315, 13
24, 1328, 1331, 1340, 1349, 1364]

A isznau 37 TAAN19459 Multi-view aaeitnARA K-NN Tagl LDA 419151 Spambase

In [27]:

TAANI34519 Multi-view Aaginaila K-NN 1agl Full Feature &11151 Spambase

Full feature KNN Spambase

KNN = KNeighborsClassifier(n_neighbors = 5) #
KNN.fit(X_train,Y_train) #¥7a75 train Model
predf = KNN.predict(X_test) ##1a15/118/A
Acc = accuracy_score(Y_test,predf)
print(Acc)
diff_vf=list()
for ind in range(len(predf)):
if predf[ind]!=Y_test.iloc[ind,8]: diff_vf.append(ind)
print(diff_vf)

0.7876811594202898
[4, 6, 8, 10, 20, 22, 24, 32, 39, 44, 46, 50, 52, 57, 67, 73, 83, 88, 92, 93, 105, 106, 121, 129, 13@, 136, 138, 139, 142, 144,
147, 148, 151, 153, 157, 160, 165, 167, 175, 202, 288, 209, 214, 217, 218, 221, 222, 225, 229, 231, 243, 247, 259, 264, 278, 27
3, 287, 290, 292, 296, 297, 298, 299, 363, 31@, 323, 331, 335, 336, 338, 343, 354, 358, 360, 361, 366, 370, 371, 378, 380, 387,
388, 391, 396, 405, 489, 410, 411, 419, 421, 424, 429, 432, 433, 438, 444, 447, 453, 458, 460, 469, 472, 477, 483, 507, 512, 51
4, 520, 522, 559, 564, 566, 568, 576, 579, 581, 603, 608, 610, 616, 619, 634, 635, 638, 641, 643, 646, 647, 654, 659, 660, 663,
666, 672, 674, 675, 678, 691, 692, 694, 7e@, 714, 717, 718, 720, 727, 728, 73@, 736, 748, 743, 749, 750, 754, 755, 763, 766, 77
2, 776, 781, 782, 783, 784, 791, 884, 886, 812, 813, 830, 832, 835, 836, 844, 846, 852, 857, 860, 868, 877, 878, 881, 888, 891,
894, 899, 906, 907, 921, 922, 923, 934, 935, 936, 938, 94@, 945, 952, 954, 958, 965, 967, 970, 978, 980, 987, 1005, 1808, 1@18,
1019, 1024, 1037, 1043, 1@46, 1062, 1064, 1066, 1067, 1870, 1874, 1675, 1678, 1079, 1081, 1083, 1084, 1891, 1095, 1098, 1187, 1
11e, 1113, 1116, 1119, 1120, 1127, 1131, 1139, 1140, 1145, 1147, 1160, 1164, 1166, 1168, 1171, 1179, 1180, 1182, 1186, 1192, 11
96, 1209, 1212, 1213, 1216, 1218, 1220, 1228, 1232, 1237, 1243, 1247, 1248, 1253, 1259, 1262, 1265, 1267, 1274, 1276, 1277, 128
8, 1292, 1293, 1299, 134, 1312, 1323, 1324, 1327, 1328, 1330, 1334, 1335, 1336, 1349, 1351, 1353, 1358, 1371, 1372, 1374, 137

8]

ntsznau 38 IAANTT&59 Multi-view paglinAatlan K-NN Tagl Full Feature 41994

Spambase



In [28]:

In [29]:

45

1AR Multi-view pagiinatia K-NN41FL Spambase

Multi view KNN Spambase

pred_agg = list() # awlist 3399 Fun? Iaals @ouifs pred agg l3AuAT
for pf,pl,p2 in zip(predf,predl,pred2):# &stnidaulaluniswviulaanissuaniiile 3 Aunagly zip
total dat = set([pf,pl,p2]) # % set iaw13181 Inughauud? bitFeuuaariu )
if len(total dat)==3: #aswuiaulvd? tatal dat JAuvdy 3 auviiiy 3 udavdl Awmanzaviv aw classifiers luniduae
pred_agg .append(p2) #4i870u total_dat lhizialuduls pf iwsganilu Full feature )
else:#dFay yavvisans Ty isaadan Maauzas full feature (WU IAAY accuracy @van Huda @11 pf a2 1Ty pred agg
count_result=dict ()# ¥19RAINENIUALATININ UAOII WY WAIAAY TAURANE) 0 majority vote A% IF130MIAIIMIAGs
for ttl in total_dat:
count_result[tt1]=[pf,p1,p2].count(ttl) )
pred_agg . append (max(count_result, key=count_result.get) )#6a62061d0 max T8ia? amndmardwauidy majority Tiaiiu dieaynss

Acc = accuracy_score(Y_test,pred agg)
print (Acc)
4 4

©.8087246376811594

A ndsznau 39 1AM Multi-view AagnAia K-NN €14151 Spambase

AR Multiple Model 419151 Spambase

Multiple vote Model Spambase

from sklearn.model_selection import cross_val_score
from sklearn.linear_model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import VotingClassifier

c1fl = LogisticRegression(solver='lbfgs', multi_class='multinomial',random state=5)
clf2 = tree.DecisionTreeClassifier(random_state = 5)
clf3 = KNeighborsClassifier(n_neighbors = 5)

eclf = VotingClassifier(estimators=[('1r', clf1), ('dt', c1f2), ('KNN', c1f3)], voting='hard')

for clf, label in zip([clfl, clf2, c1f3, eclf], ['Logistic Regression', 'DecisionTree', 'KNeighbors', 'Ensemble']):
scores = cross_val_score(clf, X_spam, Y_spam, cv=5, scoring='accuracy')
print("Accuracy: %@.2f (+/- %0.2f) [%s]" % (scores.mean(), scores.std(), label))

Accuracy: ©.90 (+/- ©.04) [Logistic Regression]
Accuracy: @.88 (+/- 0.96) [DecisionTree]
Accuracy: @.77 (+/- ©.84) [KNeighbors]
Accuracy: ©.91 (+/- ©.04) [Ensemble]

nwilsznau 40 1AR Multiple Model 811150 Spambase



In [30]:

In [31]:

Out[31]:

AR Import Data lonosphese Waze) R11491 Data 9UuA

lonosphese

X_iono = pd.read_csv('dataiono.csv') # feature ¥iadauysinarivin

Y_iono = pd.read_csv('targetiono.csv') # Amay

X_iono.tail()# 34 feature 349 data

46

1 0 0.99539 -0.05889 0.85243 0.02306 0.83398 -0.37708 1.1 0.0376 .. 0.56811 -0.51171 0.41078 -0.46168 0.21266 -0.3409 0.42267 -0.5¢
345 1 0 083508 008298 073739 -0.14708 0.84349 -0.05567 0.90441 -0.04622 .. 0.95378 -0.04202 0.83479 0.00123 1.00000 0.12815 0.86660 -0.1(
346 1 0 095113 000419 095183 -002723 093438 -0.01920 094590 001606 094520 001361 093522 004925 093159 0.08168 094066 -0.0(
347 1 0 094701 -0.00034 093207 -0.03227 095177 -0.03431 095584 0.02446 093988 003193 092489 002542 092120 002242 092459 0.0
348 1 0 090608 -0.01657 098122 -0.01989 0.95691 -0.03646 0.85746 0.00110 .. 0.91050 -0.02099 0.89147 -0.07760 0.82983 -0.17238 0.96022 -0.0¢
349 1 0 084710 0.13533 073638 -0.06151 0.87873 0.08260 088928 -0.09139 086467 -0.15114 081147 -0.04822 078207 -0.00703 075747 -0.0¢

5 rows x 34 columns

nwdsznay 41 1Am Import Data lonosphese kAzg 411491 Data ISUNA

TAngszinnaesdeya lonosphese

In [32]: X_iono.dtypes

out[32]: 1 int6d
5] inte4
0.99539 float64
-8.085889 floatb4
0.85243 floatb4
9.02386 float64
©.83398 floated
-8.37708 floate4
1.1 float64
0.8376 float64
©.85243.1 floatb4
-8.17755 floate4
@.59755 floatb4
-9.44945 float64
8.60536 floatb4
-9.38223 floatb4
9.84356 float64
-9.38542 float64
8.58212 floatb4
-9.32192 floatb4
0.56971 Tloat64
-8.29674 floatb4
0.36946 floate4
-0.47357 floatb4
0.56811 float64
-8.51171 floatb4
0.41078 floatb4
-0.46168 float64
0.21266 float64
-8.3489 floatb4
0.42267 floatb4
-0.54487 float64
8.18641 floated
-9.453 floate4

dtype: object

ndsznay 42 TengUszinnaesdesa lonosphese



47

Import Library 111 uazinuunanisimessinge é1miudeya lonosphese

In [34]: from sklearn.decomposition import PCA
from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
pca = PCA(n_components=7) #Aandauinaii class
X_iono_viewl = pca.fit(X_iono).transform(X_iono)
lda = LinearDiscriminantAnalysis(n_components=6) # class-1
X_iono_view? = lda.fit(X_iono, Y_iono.iloc[:,@]).transform(X_iono)

In [35]: X train,X test,Y train,Y test = train_test_split(X_iono,Y iono,test size = 8.3, random state = 5)
trn_index=Y_train.index.tolist()
tst_index = Y_test.index.tolist()
X_trnvl=X_iono_viewl[trn_index,:]
X_tstwl=X_iono_viewl[tst_index,:]
X_trnv2=X_iono_view2[trn_index,:]
X_tstw2=X_iono_view2[tst_index,:]

. dl ¥ o J a 61 o [
nwdsznau 43 Import Library n’lef LASNIUUAATNITINABTANN ANNTULDY AR

lonosphese

TAnn1ga519 Multi-view AeinATA Decision Tree el PCA d1uiudaya

lonosphese

PCA DT lonosphese

In [36]: estimator = tree.DecisionTreeClassifier(random_state = 5) #wmmszalzanly
estimator.fit(X_trnvl,Y train) #3777 train Model
predl = estimator.predict(X_tstvl) #1m1sfiuiraaa
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff vizlist()
for ind in range(len(predl)):
if predi[ind]!zY test.iloc[ind,0]: diff vi.append(ind)
print(diff_vi1)

0.8666666666666667
[3e, 34, 35, 37, 41, 42, 44, 47, 49, 50, 61, 64, 66, 101]

nwlszney 44 TARNN9aF19 Multi-view AiaeimAtia Decision Tree tagl PCA d1m5Ldnya

lonosphese



48

TAan1safne Multi-view fieitnAilA Decision Tree Tmel LDA §115udaya

lonosphese

In [37]:

LDA DT lonosphese

estimator = tree.DecisionTreeClassifier(random_state = 5) #w#asi3aaiziuly
estimator.fit(X_trnv2,Y_train) ##7477 train Model
pred2 = estimator.predict(X_tstv2) ##12159 18608
Acc = accuracy_score(Y_test,pred2)
print(Acc)
diff_v2=1ist()
for ind in range(len(pred2)):
if pred2[ind]!=Y_test.iloc[ind,@]: diff_v2.append(ind)
print(diff_v2)

0.8666666666666667
[18, 32, 33, 41, 44, 48, 55, 63, 66, 68, 84, 85, 91, 98]

nwlszney 45 TARNT9aF1e Multi-view sieimatia Decision Tree tngl LDA d1uiudaya

lonosphese

TAAN138519 Multi-view paeimAila Decision Tree Tagl Full Feature d1%15udasa

lonosphese

In [38]:

FULL Feature DT lonosphese

estimator = tree.DecisionTreeClassifier(random state = 5) ##1a1558Al2Eu I3/
estimator.fit(X_train,Y_train) #1475 train Model
predf = estimator.predict(X_test) #¥Wmssinngua
Acc = accuracy_score(Y_test,predf)
print(Acc)
diff_wf=list()
for ind in range(len(predf)):
if predf[ind]!=Y_test.iloc[ind,0]: diff_vf.append(ind)
print(diff_vf)

©.8666666666666667
[e, 11, 29, 35, 42, 47, 49, 63, 69, 83, 86, 95, 98, 100]

Ansrnau 46 IPANTTA59 Multi-view paeilnAtia Decision Tree 1agl Full Feature &1

In [39]:

¥

ABYA lonosphese

TAm Multi-viewsiaeimatia Decision Tree 111511038 lonosphese

Muiti-view DT lonosphese

pred_agg = list() # aflist 79 Fuwr Iwaly’ duis pred agg 17Aua7
for pf,pl,p2 in zip(predf,predi,pred2):# aswiiaululunisvhviulaomssananinila 3 awnadly zip
total_dat = set([pf,pl,p2]) # 17 set uiaw171a7buehduud?titdouuaa iy .
if len(total dat)==3: #ariuiaulua? tatal dat Jauvidy 3 anuvdy 3 uaaedr Awayvasry & classifiers liniduag
pred_agg.append(pf) # D472y total_dat [Visaludauils pf twizduilu Full feature )
else:#d1@Aan vavioan Ay 1mandan Fmauzas full feature WFUlAAT accuracy @uan duha 1a1a7 pf. lai27 2 1Ty pred agg
count_result=dict()# WINATMETNBEATIEW UdavITywAeaY TAuasye i majority vote A% (TIAIHIAIVNIATA
for ttl in total_dat:
count_result[tt1]=[pf,pl,p2].count(ttl) )
pred_agg . append(max(count_result, key=count_result.get) )#Aaa20A 180 max laua? naduarmsauindy majority Wiy maayzas

Acc = accuracy_score(Y_test,pred_agg)
print(Acc)

©.9142857142857143

nndsenay 47 TAR Multi-view satimAtia Decision Tree §11131483)a lonosphese



In [40]:

TAnn19aina Multi-view siseimaiin K-NN Tnel PCA gmi5uidasa lonosphese

KNN lonosphese

PCA KNN lonosphese

from sklearn.neighbors import KNeighborsClassifier
KNN = KNeighborsClassifier(n neighbors = 5)
KNN.Fit(X_trnvl,Y_train) #41775 train Model
predl = KNN.predict(X_tstvl) #iarssiuieaa
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff vizlist()
for ind in range(len(predl)):
if predl[ind]!=Y_test.iloc[ind,®]: diff_v1.append(ind)
print(diff _vi)

0.8761904761904762
[23, 41, 42, 47, 61, 62, 63, 66, 69, 84, 85, 98, 101]

nlszney 48 TARNT9a519 Multi-view siveinaiin K-NN Tael PCA duiudaya

In [41]:

lonosphese

TAnn19aina Multi-view sivematia K-NN Tnel LDA d1msudasa lonosphese

LDA KNN lonosphese

KNN = KNeighborsClassifier(n_neighbors = 5)
KNN.fit(X_trnv2,Y_train) ##1977 train Model
pred2 = KNN.predict(X_tstv2) #mn1siiuioaa
Acc = accuracy_score(Y_test,pred?)
print(Acc)
diff v2=list()
G Bl S e
if pred2[ind]!=Y_test.iloc[ind,8]: diff v2.append(ind)
print(diff_v2)

0.8952380952380953
[14, 32, 41, 44, 55, 63, 66, 68, 84, 91, 98]

nwisznay 49 TARNM9aF1e Multi-view sisenaiia K-NN 1ag LDA §1m5udeya

lonosphese

49



50

TAan1sai19 Multiview Aaeinaiia K-NN Tae Full Feature d1uiudaya

lonosphese

In [42]:

Full feature KNN lonosphese

KNN = KNeighborsClassifier(n neighbors = 5)
KNN.fit(X_train,Y_train) ##1275 train Model
predf = KNN.predict(X_test) #ifmssiiumigaa
Acc = accuracy_score(Y_test,predf)
print(Acc)
diff_vf=1ist()
Zre Al fn Ferse(len(Grad R
if predf[ind]!=Y test.iloc[ind,0]: diff vf.append(ind)
print(diff_vf)

0.8380952380952381
[e, 3, 23, 3@, 41, 42, 43, 47, 61, 62, 63, 66, 69, 84, 91, 98, 101]

nidsznau 50 TAANN98519 Multi-view saeimatia K-NN 1agl Full Feature 81115Ud03a

In [43]:

In [44]:

lonosphese

TAn Multi-view saeinpiin K-NN §1usudasya lonosphese
Multi-view KNN lonosphese

pred_age = list() # afwlist w9 Fun1 Taaly s pred_agg 1iidum?
for pf,pl,p2 in zip(predf,predl,pred2):# afwidaylalunisyiwiulaamsnuaninla 3 Aunaglu zip
total_dat = set([pf,pl,p2]) # 12 set w7181 Iiughiuud?Ditdauusaniu )
if len(total dat)==3: #asimiaulug? tatal dat FAuviviy 3 auvdy 3 udavi1 dwayzavio &w classifiers lividuad
pred_agg.append(pf) #hi1a1lu total_dat 1hzialudaudls pf inme7uilu Full feature )
else:#07Amay vaviva WAy (rasdan Aeauvas full feature iwredulan accuracy @vaa UuAz @11 pf ldiz1 1y pred agg
count_result=dict()# WIAAIWLIIUDLATIAN UAAII U WAIAAY dAuaayeil 80 majority vote ag (T130MIAINATA
for ttl in total dat:
count_result[ttl]=[pf,pl,p2].count(ttl) )
pred_agg.append(max(count_result,key=count_result.get))#aaa06 160 max ldua? animaidmausicly majority Tifladly daavnas

Acc = accuracy_score(Y_test,pred_agg)
print(Acc)

0.8761904761904762

nwisznay 51 1A Multi-view paeiinatia K-NN g111511a3a lonosphese

TAm Multiple Model guiudasa lonosphese
Multiple Model lonosphese

from sklearn.model_selection import cross_val_score
from sklearn.linear_model import LogisticRegression
from sklearn.neighbors impert KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import VotingClassifier

&¥H 5 et reeimieniar= ", ks clens=lmm i rrriln chre=)
clf2 = tree.DecisionTreeClassifier(random_state = 5)
c13 = KNeighborsClassifier(n neighbors = 5)

eclf = VotingClassifier(estimators=[('1r', c1f1), (‘dt', c1f2), ('KNN', c1f3)], voting='hard')

for clf, label in zip([clfl, clf2, clf3, eclf], ['Logistic Regression’, 'DecisionTree’', 'KNeighbors', 'Ensemble'])
scores = cross_val_score(clf, X _iono, Y_iono, cv=5, scoring='accuracy')
print("Accuracy: %@.2f (+/- %8.2f) [%s]" % (scores.mean(), scores.std(), label))

Accuracy: 8.86 (+/- 8.84) [Logistic Regression]
Accuracy: ©.86 (+/- ©.97) [DecisionTree]
Accuracy: 0.83 (+/- 0.84) [KNeighbors]
Accuracy: 8.87 (+/- ©.05) [Ensemble]

nidsznau 52 1A Multiple Model £ 1msLdasa lonosphese



51

1An Import Dataset Import library #1497 Wazn1uuANITIHReT d1uiudeya

Breast Cancer Wisconsin (Original)

In [45]:

In [46]:

Out[46]:

In [47]:

In [48]:

Breast Cancer Wisconsin (Original) Data Set

pd.read_csv('datawdbc.csv') # feature MIREMLTIUAINT
pd.read_csv('targetwdbc.csv') # Ammay

X_wdbc
¥_wdbc

X_wdbc.tail()# 10 feature 697 data

1000025 5 1 1.1 1.2 2 1.3 3 14 15
677 776715 3 1 1 13 2 A 1 1
678 841769 2 1 1 12 1 1 1 1
679 688820 5 10 10 3 7 3 & 10 2
680 897471 4 B8 6 4 3 4 10 6 1
681 897471 4 8 8 54 5 10 4 1

from sklearn.decomposition import PCA

from sklearn.discriminant_analysis impert LinearDiscriminantAnalysis
pca = PCA(n_components=7) #@auFLuiNnaIf class

X_wdbc_viewl = pca.fit(X_wdbc).transform(X_wdbc)

1da = LinearDiscriminantAnalysis(n components=6) # class-1
X_wdbc_view2 = lda.fit(X wdbc, Y wdbc.iloc[:,@]).transform(X_wdbc)

X_train,X test,Y train,Y test = train test split(X wdbc,Y wdbc,test size = 0.3, random state = 5)
trn_index=Y_train.index.tolist()

tst_index = Y_test.index.tolist()

X_trnvl=X_wdbc_viewl[trn_index,
X_tstvl=X_wdbc_viewl[tst_ index,
X_trnv2=X_wdbc_view2[trn_index,

:]
:]
:]
X_tstv2=X_wdbc_view2[tst_index,:]

nniszney 53 1AR Import Dataset Import library 5197 WALNMUANIIIHWET F1UsU

?’J’@H@ Breast Cancer Wisconsin (Original)

TAAN138519 Multi-view AaelnAila Decision Tree tmel PCA d115udaya Breast

Cancer Wisconsin (Original)

In [49]:

PCA DT Breast Cancer Wisconsin

estimator = tree.DecisionTreeClassifier(random_state = 5) #Winmstianlzayly
estimator.fit(X_trnvl,Y_train) #1975 train Model
predl = estimator.predict(X_tstvl) #W1217M1UILHA
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff_vi=list()
for ind in range(len(predl)):
if predi[ind]!=Y test.iloc[ind,8]: diff vl.append(ind)
print(diff vi)

0.9658536585365853
[42, 56, 111, 155, 156, 182, 195]

nlszney 54 TARNN9aF1e Multi-view sieimatia Decision Tree tagl PCA d1m5udnya

Breast Cancer Wisconsin (Original)
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TAnN194519 Multi-view AaeilnatiA Decision Tree Tngl LDA d1uiudaya Breast

Cancer Wisconsin (Original)

In [50]:

LDA DT Breast Cancer Wisconsin

estimator = tree.DecisionTreeClassifier(random state = 5) #wmndonlzeuly
estimator.fit(X_trnv2,Y_train) #3175 train Model
pred2 = estimator.predict(X_ tstv2) #umn1swgaa
Acc = accuracy_score(Y_test,pred2)
print(Acc)
diff v2=1ist()
for ind in range(len(pred2)):
if pred2[ind]!=Y_test.iloc[ind,@]: diff_v2.append(ind)
print(diff_v2)

0.9853658536585366
[6, 93, 156]

nwilszney 55 TARNT9aF1e Multi-view Aeimatia Decision Tree tagl LDA duiudaya

Breast Cancer Wisconsin (Original)

TAnnn94a519 Multi-view Aaeiinaila Decision Tree Tngl Full Feature d1u1iudaya

Breast Cancer Wisconsin (Original)

In [51]:

Full feature DT Breast Cancer Wisconsin

estimator = tree.DecisionTreeClassifier(random_state = 5) #¥a7sseulzie la
estimator.fit(X_train,Y_train) ##7A75 train Model
predf = estimator.predict(X_test) #¥ 12150 1U72AA
Acc = accuracy_score(Y_test,predf)
print(Acc)
diff_vf=list()
for ind in range(len(predf)):
if predf[ind]!=Y_test.iloc[ind,8]: diff_vf.append(ind)
print (diff_vf)

£.9365853658536586
[42, 54, 61, 185, 128, 137, 153, 155, 156, 159, 174, 200, 203]

nniszneau 56 TANI94519 Multi-view AagiimATiA Decision Tree Imel Full Feature 81154

¥

193a Breast Cancer Wisconsin (Original)



53

AR Multi-view AasilmAilA Decision Tree zﬁ’w?u*ﬁ’mgl@ Breast Cancer Wisconsin

(Criginal)

In [52]:

Multi-view DT Breast Cancer Wisconsin

pred_agg = list() # aswlist 39 Funt laaly @9utls pred_agg 19iAua1
for pf,pl,p2 in zip(predf,predl,pred2):# as9adaulylumsyvlasmissauawinila’ 3 Anunaglu zip
total_dat = set([pf,pl,p2]) # ¥ set wian19167Inughiuua? bitdammaai )
if len(total dat)==3: #asiudaulen? tatal dat Jauviiiy 3 auviny 3 udaedl Awanyavi aw classifiers lvduas
pred_agg.append(pf) #Imila1lu total_dat ltkzinludiuyls pf twrigdnilu Full feature )
else:#07AaY Yaviivan LAy 1mandan @maunay full feature el ldAT accuracy @aR YuAa @141 pf la2i 18Ty pred_agg
count_result=dict()# WIIATWEIIUAENTIZIM aavIEivAIaay Jauaaue 320 majority vote & IT130MIBIININTA
for ttl in total_dat:
count_result[tt1]=[pf,pl,p2].count (ttl) )
pred_agg. append(max(count_result,key=count_result.get))#aaa706 780 max lakd? araimardmaniiiy majority lllddu amannas

Acc = accuracy_score(Y_test,pred_agg)
print(Acc)

©.9853658536585366

nidsznau 57 1A Multi-view fiatimatia Decision Tree d1iUdaya Breast Cancer

Wisconsin (Original)

TARN194519 Multi-view Aaenatin K-NN Tag PCA §113udeya Breast Cancer

Wisconsin (Original)

KNN Breast Cancer Wisconsin |

PCA KNN Breast Cancer Wisconsin

from sklearn.neighbors import KNeighborsClassifier
KNN = KNeighborsClassifier(n_neighbors = 5) #
KNN.fit(X_trnvl,Y_train) ##1a77 train Model
predl = KNN.predict(X_tstvl) #W1m1ss 1868
Acc = accuracy_score(Y_test,predl)
print(Acc)
diff vizlist()
for ind in range(len(predl)):
if predi[ind]!zY test.iloc[ind,0]: diff v1.append(ind)
print(diff_v1)

9.6195121951219512
[1, 4, 6, 8, 16, 13, 15, 22, 23, 29, 31, 33, 36, 38, 39, 40, 41, 42, 45, 58, 52, 54, 57, 61, 62, 65, 68, 72, 74, 85, 89, 91, 9
2, 93, 95, 99, 101, 102, 1e3, 1e4, 18, 111, 114, 118, 119, 120, 121, 124, 127, 129, 134, 138, 139, 142, 146, 150, 151, 152, 15
6, 158, 161, 162, 164, 165, 167, 168, 175, 177, 178, 182, 183, 184, 186, 188, 190, 192, 282, 203]

nwdsznay 58 TaAn1saie Multi-view siveimatia K-NN Tnel PCA gmfuidya Breast

Cancer Wisconsin (Original)



54

TAnn19a519 Multi-view foaiimaiia K-NN Tael LDA §1115ud83)a Breast Cancer

Wisconsin (Original)

LDA KNN Breast Cancer Wisconsin

In [54]: KNN = KNeighborsClassifier(n_neighbors = 5) #
KNN. fit(X_trnv2,Y_train) ##1A77 train Model
pred2 = KNN.predict(X_tstv2) #uminfsrea
Acc = accuracy_score(Y_test,pred2)
print(Acc)
diff v2=list()
for ind in range(len(pred2)):
if pred2[ind]!=Y_test.iloc[ind,8]: diff_v2.append(ind)
print(diff _v2)

0.9756@9756097561
[42, 137, 153, 155, 182]

nilszney 59 TARNM9aF1e Multi-view siveinaiia K-NN 1 LDA §11151d03a Breast

Cancer Wisconsin (Original)

TAAn13aF19 Multi-view saeiinalian K-NN Tagl Full Feature §11sudasa Breast

Cancer Wisconsin (Original)

Full feature DT Breast Cancer Wisconsin

In [55]: KNN = KNeighborsClassifier(n_neighbors = 5) #
KNN.fit(X_train,Y_train) #1475 train Model
predf = KNN.predict(X_test) #i1armsiiuniana
Acc = accuracy_score(Y_test,predf)
print(Acc)
Jiff_wF=list()
for ind in range(len(predf)):
if predf[ind]!=Y test.iloc[ind,®8]: diff vF.append(ind)
print(diff_vf)

0.6195121951219512

[1, 4, 6, 8, 18, 13, 15, 22, 23, 29, 31, 33, 36, 38, 39, 4@, 41, 42, 45, 5@, 52, 54, 57, 61, 62, 65, 68, 72, 74, 85, 89, 91, 9
2, 93, 95, 99, 101, 162, 103, 1e4, 1es, 111, 114, 118, 119, 120, 121, 124, 127, 129, 134, 138, 139, 142, 146, 158, 151, 152, 15
6, 158, 161, 162, 164, 165, 167, 168, 175, 177, 178, 182, 183, 184, 186, 188, 190, 192, 202, 203]

nlszney 60 TAANT9ATIS Multi-view siseimatin K-NN Tael Full Feature gusudasya

Breast Cancer Wisconsin (Original)



In [56]:

55

1AM Multi-view pginatia K-NN ﬁﬁﬁ?ﬂ%ﬁgj@ Breast Cancer Wisconsin (Original)

Multi-view KNN Breast Cancer Wisconcin

pred agg = list() # adwlist 7299 Fuwr Tl #udls pred agg 13iAVaA1
for pf,pl,p2 in zip(predf,predl,pred2):# aswdaululunisyiviulagmissauaniila 3 Auwnagiu zip

total_dat = set([pf,pl,p2]) # ¥ set wiasn71arlvuehiuua?Biidonuaaidy
if len(total_dat)==3: #a&swuioulza? tatal_dat JauviAy 3 auvdi 3 uaasi Araaupanis & classifiers luiinan
pred_agg.append(pf) #litAly total dat lhGAludaulls pf twrzduilu Full feature
else: #079Fmay vavvivany e (adan Aaauzay full feature W7 IAAT accuracy @uaa wuda 21@1 pf @211l pred_agg
count_result=dict()# wmAmEIU2EATIEIN UAAVTEINVAIAaY Tavaayeh T majority vote ar (MFeMISIININGR
for ttl in total_dat:
count_result[ttl]=[pf,pl,p2].count(ttl) )
pred_agg.append(max(count_result,key=count result.get))##ad70a140 max 1Ak&? 3atmardmauinidu mojority TWiaiy aeavuay

= accuracy_score(Y_test,pred_agg)

print(Acc)

©.6195121951219512

nntsenay 61 TAR Multi-view siaeimatian K-NN d11iudaya Breast Cancer Wisconsin

In [57]:

clf1
clf2
clf3

Accuracy: 9.65 (+/- ©.90)
Accuracy: 0.93 (+/- 0.62)
Accuracy: 8.53 (+/- 8.86) [Kleighbors]
Accuracy: 8.67 (+/- ©.04)

(Original)

1AM Multiple Model ﬁﬁﬂﬁl%ﬂgj@ Breast Cancer Wisconsin (Original)

Multiple Model Breast Cancer Wisconcin

from sklearn.model_selection import cross_val_score
from sklearn.linear_model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import VotingClassifier

= LogisticRegression(solver='lbfgs', multi_class='multinomial’,random_state=5)
= tree.DecisionTreeClassifier(random state = 5)
= KNeighborsClassifier(n_neighbors = 5)

eclf = VotingClassifier(estimators=[('lr', clfl), ('dt', clf2), ('KNN', clf3)], voting='hard')

for clf, label in zip([clfl, c1f2, c1f3, eclf], ['Logistic Regression', 'DecisionTree', 'KMeighbors', 'Ensemble']):

scores = cross_val_score(clf, X wdbc, Y_wdbc, cv=5, scoring='accuracy’)
print("Accuracy: %0.2f (+/- %0.2f) [%s]" % (scores.mean(), scores.std(), label))

[Logistic Regression]
[DecisionTree]

[Ensemble]

nwlsznay 62 TAR Multiple Model 11514838 Breast Cancer Wisconsin (Original)
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