“NANENIETHMIO
MAKEAON|AZ

I[TANEIIIZTHMIO MAKEAONIAX
I[TPOI'PAMMA METAIITY XIAKQN ZITOYAQN
TMHMATOX EGAPMOXMENHX I[TAHPO®OPIKHX

YIIOAOI'IXTIKH XYT'KPIXH AIAOOPQN AAT'OPIGMQN
KATHI'OPIOIIOIHZHY XE IOAYMETABAHTA XYNOAA
AEAOMENQN ME TH XPHXH THX PYTHON

Authopotikny Epyacio

Ovopatenmvopo: Tpiyag O@cdPA0G
AEM: mail9076
EmPrénov kabnynmge: Zapapdc Nukdlaog

®eccarovikn, lovviog 2021



YIIOAOI'IETIKH XYTKPIXH AIA@OPQN AAT'OPIOMQN
KATHI'OPIOIIOIHXHY XE IIOAYMETABAHTA XYNOAA AEAOMENQN ME
TH XPHXH THX PYTHON

Tpiyoc OcdPrAog

[Ttuyio Owovopikav, [avemotuio Makedoviag, 2014

Authopotikny Epyacio

VTOBUAAOLEVT] Y10l TN LEPTKT] EKTANPOGT] TOV OTOLTICEDV TOV

METAIITYXIAKOY TITAOY XIIOYAQN XTHN E@GAPMOXMENH
ITAHPOOOPIKH

Emprénov Kabnynmg
Zopopdg Nucodroog

Eykpifnke amd v tpyuern| e€gtaoctikn enttponn tnyv 29/06/2021

Ovopatenovopo 1 Ovopatendvopo 2 Ovopoatenovopo 3



Evyoaprotieg

H mapovca SumAopatiky epyacio eKtovinke 6To mAAICIO TV GTOVOMOV LoV
Yoo TNV 0omOKTNON HETOMTLUYOKOV TiTAOv omovd®v oto Tunua Eeoappoouévng
[Minpogopikng, ™c oxoAng Eoeapuoouévng ITAnpogopikng tov IMavemotnpiov
Maoakedoviag.

To Béua g mapovoag epyaciog eival 1 «YTOAOYIGTIKY GOYKPION SPOP®V
alyopiOpmv Katnyoplomoinong o€ TOAVUETOPANTA GHVOLD SESOUEVAOV e TN YPNON TNG
Pythony.

e avtd 10 onpeio Oa NBeha va gvyaproTiom tov emPAémovta kabnynTn ™G
epyaoiag, kiplo Zapapd Niukoroo, Tov pe Bondnoe 1660 otV mAoyn Tov OELOTOC TN
epyaoiag 660 kot otV dekmepainon ™. Tov evyapiotd Oepud yioo Tnv vVTooTNPIEN

TOV, TNV GUECT] OVTATOKPLOT| Kot TIG TOAVTIUES GUUPBOVAEG TTOL OV E0MGE.

Téhog, Ba avapepfd oV ayammuévn pov owoyévewn. Tovg gvyoplotd mov
etvar dimha pov og kéBe Prpa g Cong pov kol pov mopeiyov T dvvatdTTe Vo

OAOKANPADOC® TIG GTOVOES LLOV.

Tpiyog Oedpiroc, 29/06/2021



IHepiinyn

YKOmOG auTNG NG OMAMUATIKNG €pyoaciog eivar m peAétn tov Pacikotepwv
aAyopiBumv KaTNyoplomoinong, 1 KoTooKEVT VoG TPOPAENTIKOD HOVTELOL Yoo KAOE
alyopBpo pe v Ponbeta g yYAdocag mpoypappaticpod Python kot BifAtodnkov
unyevikng padnong (numpy, matplotlib, pandas), n avéivon tovg kot 1 6OYKpIoN TG
amdO0GNG VTMV TV LOVIEAWDV GE SLUPOPETIKA GHVOLN SEGOUEVOV TAPOLGLALOVTOG TO.

aroteAécpota pe Paomn v akpipfela Toug.

Ot akyopBpot wov Ba pedetnBovv yio v Katnyoplonoinon (Classification) tomv

dedopévov etvat:
1. K-Nearest Neighbors (K-NN)
2. Naive Bayes
3. Logistic Regression
4. Decision Tree (CART)

[MapdAinio xpnoiporodnke kot Evag alyopuog Lvotadoroinong (Clustering)
0 0To10g XPECTNKE Yo TEPETAIP® AVAALGN TV dedopEvav. AvTdg 0 aAyOPIOLOG

gival o:

1. K-Means model

o v kataokevn evdg poviéhov yio KaBe aiydpiBuo, Ba ypnoyomoinbovv
obvolo dedouévav (data sets) omd to UC Irvine Machine Learning Repository

(https://archive.ics.uci.edu/ml/datasets.php).

H petdoppaon opiopévov opov éxel PBaciotel oe dwodedopéves AEEEIS Yoo TIg
avtiotoreg ayyakéc. Ilpokepévov va amo@evyBobv cuyydoelg aAld Kot yoo TV
SLlELKOALVON TOV AVAYVOGT®V TOALOL 0pot cupmeptiopupdvovior oe mapevOEoelg e

TNV QyYAIKY] TOLG OVOUaGia.

Aggarc Khewna:
Machine Learning, Logistic Regression, K-Nearest Neighbors (K-NN), Decision

Trees, Naive Bayes, K-Means model, k-Fold Validation, Feature Scaling



Abstract

The purpose of this research is the study of the variety of basic Classification
methods, building model for each algorithm with the use of Python and Machine
Learning libraries (numpy, matplotlib, pandas), their analysis and comparison of the
performance of these models in different data sets presenting the results based on their

accuracy.

The algorithms that are going to be studied for the classification if the data sets

are:
1. K-Nearest Neighbors (K-NN)
2. Naive Bayes
3. Logistic Regression
4. Decision Tree (CART)

At the same time, a clustering algorithm was used which was needed for further

analysis of the data sets. This algorithm is:

1. K-Means model

To build a generator for each algorithm, you will use sets from the UC Irvine

Machine Learning Repository (https://archive.ics.uci.edu/ml/datasets.php).

The translation of some terms has been based on common English words. In order
to avoid confusion but also for the convenience of readers many terms are included in

parentheses with their English name.

Keywords:
Machine Learning, Logistic Regression, K-Nearest Neighbors (K-NN), Decision
Trees, Naive Bayes, K-Means model, k-Fold Validation, Feature Scaling
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1. Evoayoym

H pnyavikn pabnon (Machine Learning) eivaw évag topéag oty Ememun tov
YnoAoytotdv mov vdpyet amd to 1950. Eivon pio pedétn adyopiOpumv vmoloyliotdv 1
omoia PeAtidveTon péca amd v xpnon oedouévav. Ot adyodpBpot avtoi dnpovpyodv
povtéla Paciopévo o delyuaTo OEO0UEVMVY, YVOOTE Kot MG “O0edoUEVO EKTOIOEVONG
(training data)” mpoxepévou va Aappavovy tpoPréyelg kot amopdoels. Ot adydpiduot
UNYOVIKNG €KUAONoNGg ypNOILOTO0UVTOL GE TAPO TOAAEC E€QPAPUOYEG OTMG Yo
napdderyua oto @Ultpdpiope. tov emails 1o omoio eivar moAH Sbokolo va.

npaypatoromel pécm svpPfatdv aryopiumy.

Ot owoyéveleg aAyopiOumv mov HaG EVOIPEPOLY GE GVLTHV TNV OUTAOUOTIKY
gpyooia eivar: 1 Katnyopromoinon (Classification), n omoio oyetiCetar oteva pe v
Katyoplonoinon (Categorization) kot ce KAmOEG GLYKEKPYEVEG TEPUTTMGELS 1)
tavtoypovn xpnon ¢ Xvotadonoinong (Clustering). To v koatnyopromoinon
01OY0G HaG etvar vo TPOPAEYOVLE TNV TIUT EVOG YOPAKTNPLOTIKOD LLE L0 GUYKEKPLUEVT

axpifelo BAGEL TOV YOPAKTNPIOTIKAOV TOL TPOGOEPEL O KABE aAyOp1OOG.

1.1. Opopdg ko 6TéY0L TOV TPOPARATOG

Yrdpyel pia peydin katnyopia akyopifuwv mov pmopodv va ypnciponombovy yo
™V Katnyoplomoinomn, 0nwg Aévipa Anopdacewv (Decision Trees) 1 Nevpwvikd Aiktoa,
(Neural Networks). Ao6y® TtV S0QOPETIKOV AeLTovpyldV Kabe aAlyopiBuov, dev
VILAPYEL KOG 001 yia Yo TO TTO10g 0AyOp1Opog Taupldlel KaAHTEPA GTO OEOOUEVE TOV
€XEl KAMO10G, TPOKEUEVOL VO TaPAYEL TO KaADTEPO povtéro. [Ipémetl va epapproctodv

KOl VoL OOKILOGTOVV MGTE VoL OEL KATO10G TOL AOTEAEGLOTAL KOl VO, KAVEL GUYKPIGELS.

O okomdg avTig TG £peVVvag elval Vo cLYKPIVEL TOVG PactKOTEPOVS AAYOPIOLOVG
KOTNYOPlOMoinong o€ oLVOAN dedopévev  dlopdpwv  moAvmiokotntag. [ va
TPOGO10pIGOLLE TNV OOTEAEGHATIKOTITO KAOE ahyopiBpov Ba xpnoyomomacovpe v
axpipela Tov povtéAov mov onpovpynnke amod kdbe Evav Kot 6€ KATO10VG TO TOCOGTO

oQAALOTOG IOV £xEl 0 KaBévag e Bdon Ta dedopéva.
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1.2. Aopn gpyaciog

Apyikd, olveton poe cOVIOUN TEPLYpaen TOV oAyopibumv katnyoplomoinong
(Classification) yio va. ponbnoet tov avayvdot vo, Katovonoel To Pactkd Tov TpOTov
Aertovpyiog ke alyopiBpov. Ymapyet, emione, po cvvoyn tov olyopibuov mov
YPNOUOTOLOVVTOL G UEPOS TNG PO emMeEPYOTIOG Yo OpIoUEVE CUVOAL OEOOUEVOV.
2TV cuvéyelo divetal meptypapn yio Tov akyopidpo g cvotadoroinong (Clustering)

OV EVOMUATOONKE K1 aVTAOC Y10 va. fonhoel oV avATTLEN TOV OTOTEAEGUATOV

210 emoOpEVa KEPAAOLO, TETOPTO £WG TEUTTO, LEAETAUE TOL GUVOAL OEGOUEV®V TOV
dwpiomrav oto UCI Ze kdOe KedAaio vapyeL plio GLVTOUN TEPTYPOPT] TOL GLVOLOV
JEJOUEVMV KOl TO YOPAKTNPIGTIKG TOV TEPIEXOVV LUE GKOTO TNV KOADTEPT KATOVONON
aVTAOV. XT1 cuvéyELa, eényeitan n pebodoroyia ene&epyaciog mov ypNoILOTOMONKE Kot
téA0g mapovctalovior ta amoteléopato kdbe aiyopiBuov (oxkpifelon Ko mocooTd

OPAANOTOG).

Téhog o010 KePdAoOo 6 eivar Ta cvpmepdopata mov Pacilovioar 6To GUVOAKE

amoteAécATO OA®V TV ahyopifuwv.
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2. Katnyopromoinen (Classification)

Xg auTnVv TV €vOTNTa, £NYOVVTOL €V GLVTOUIO OAOL Ol OAYOp1OpOL TOL TPOKELTOL
va ypnoononfodv, TPOKEWEVOL KAOE avayvdoTNG Vo UTOPECEL e EVKOALD va
KOTOVONOEL T POCIKA TOVS LEPT) DGTE GTNV GLVEYELD VO LTTOPECEL VO KATOVOT|CEL KOl
TOV TPOTO LE TOV OTO10 avomapaydnkav to aroteAéouata 6tov kabe adlydopBupo. Ot
OLYKEKPIUEVOL  OAYOplOHOl  ypnolpomombnkay  yioo TNV KATnyoplomoinon Ttwv
dedopévmv wote va Pydiovpe Ta emBountd arotehécpota otic akpifetec. Oa yivet pio
TEPLYPOPT] OTO MG AEITOLPYOLV, TNV POCIK) TOLG HOPPN, Ba avarlvBovv kdmolot
pofnpatikoi 6pot kot Bo TAPOLVGLUGTOVY Ol YEVIOKMOIKES TOV KOOEVOS OVTIGTOLYA.
Téhog, Ba avaivBovv ot eviodéc pe Pdon g sklearn Piprodnkng mov
ypnowomomdnke yo tovg aiyopibuovg oty Python kot 1 mapapétpovg pmopel va

TépeL 0 KaBEVOS OVOAIY®OGS LLE TO TL GUVOLD DESOUEVMV £XEL BTNV KATOYT| TOV.

2.1. K-Nearest Neighbors (K-NN)

O aAryopiBpoc K-NN eivor pio pun mopapetpikn (non-parametric) uébodog mov
YPNOLOTOIEITOL Yoo TV TOEVOUN O Kot €ivat omd Tovg o dNUOPIAEiG adyopiBuovg
TOEWVOUNONG KOl TOVTOXPOVO OO TOLG 7O OmAOLG. XPNOUMOTOlEitol Yoo va
OVTILETOMIGEL TPOPANLLATO TOV £OVV AYVOGTES KOl LT KOVOVIKES KATAVOUES. Q20TOCO,
0 GLYKEKPIUEVOS aAyOp1Ouoc ypetaletor mavta £vo LeyAAo GOUVOAO SEGOUEVOV Y10, VO

AmoOMGEL TO UEYIOTO dVVATO.

Aoppdvovtag veoyn éva cHvoro dEO0UEVOV EKTAIOEVOTG KO L0 TPOCUPHOGILEVT
pétpnon anootaong (cvvnbwg ypnoyonoteitar n Evkieideio andotaon) pmropovpe va
npoPAéyovpe ce mola kKAdon Oa evoopotmbei to véo data point avaidyog v
mAeroymoio and Tovg Yeitovég TG, XpNOYOTOIMVTOS TN HETPNOT TG OTOGTACG TOV
TapEXOvpE, ovalNTOVUE TOVG TANGIEGTEPOLS YEITOVES TNG KOl OVOAOY®S Ol KAGOM
EYEl TOVG MEPLoGOTEPOLS, kel Ba evowpatwbel to véo data point éyovtag dnAdoet

e€opyne Tov apduod tav K.

12
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Ewova 1: Tapdaderypo K-Nearest Neighbors yio 3-NN kot 6-NN

AvoxmOnke amo:  https://equipintelligence.medium.com/k-nearest-neighbor-classifier-knn-machine-
learning-algorithms-ed62feb86582

H xalvtepn emidoyn tov K e€aptdtor amd to dedopévo mov Ba Exel kKmolog oty
Katoyn tov. [evikd, 660 peyolvtepo givatl 1o K 1060 peidvovtol ta enineda BopHpov

7oV €xel To cVHVOLO dedopévav. QoT0c0, Ta Opla HETOED TV TAEemV YivovTol AyoTepo
SloKpLTa.

[Mopakdto mopovotdletor 0 YevdoKMOKOS TOL oAyopiBuov pe Paon oOca
MmO KA TPONYOLUEVHG:

[Tivaxog 1: WPevdokddwkac k-Nearest Neighbor

k-Nearest Neighbor

Classify (X,Y,x) // X: training data, Y: class labels of
X, x: Unknown sample
for 1 = 1 to m do

Compute distance d(X;, x)

end for

Compute set I containing indices for the k smallest

distances d (X;, x)

return majority label for {Y; where i € T}

H yeviki popen tov olyopibpov oty sklearn piprobnxn m  omoia

ypnoonomdnke oty S1Kid pag épevva otnv YA®ooa Python eivon g khdong:

13
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class sklearn.neighbors.KNeighborsClassifier (n neighbor
s=5, *, weights='uniform', algorithm='auto', leaf size=30
, pP=2, metric='minkowski', metric params=None, n_ Jjobs=Non

e, **kwargs)

Omnov BAETOVTOC TNV KAGOT KATOAABOIVOVLE Kot TIG TOPAUETPOVE TIG OTOIEC UTOPEL
vo Tépel 0 GuykekpLpévog adyopdpog. O ‘n neighbors’ pag divel tov aplOpod tov
yerrtdvov mov Ba ypnoiporombel dote va dSadéyel KaOe popd TOG0VE TANGLEGTEPOLS
060VC OMNA®VETE GE TNV TNV Topdpetpo. Ilpokabopiopuévo aptBud €xel tov aptOud 5.
Xmv ouvvégewn M mopdpetpog weights elvor M ovvaptmon Papovg mov
YPNOLOTOIEITOL OTNV TPOPAEYN Ko umopel va Tapet gite v Ty uniform, n omoio
etvar ko 1 TpokaBopiopévn Tyn, £xel opotdpopea Papn Kot OAa to onpeia oe KGO
yerrovid otobpiCovion e€icov opota, gite v Ty distance 6mov £d® T onpeio
Bapovg etvor avtictpo@a TG amdGTOCNG TOVS Kot €00 01 O KOVTIVOL YEITOVEG £YoVV
LEeYOADTEPT] EMIOPOCT) OO TOVG YeitoveS o€ To pHakpvég amootdoels. H mapdpetpog
‘algorithm’ ypnolomoteital yio vo VToOAOYIlel TOVG KOVIIVOTEPOLG YEITOVES KOl
umopel vo mépet tipég *ball tree’, ‘kd tree’, ‘brute’ ko ‘auto’. To
‘auto’ etvon n mpoxkaBopiopévn Ty Ko Oa mpoomadnoel and Hovo Tov va SLoAEEEL
TOV KOTOAANAOTEPO aAyOpBuo pe Pacel tic Tiwéc. H mapapetpog *leaf size’
npocappolel 1o péyedog TV POAA®V Kot ETNPeAlel TNV TayDTNTA TG KOTAGKEVTG TOV
npofAnuatos. H mapdpetpog ‘p’ ypnotpomoteiton yio v petpik Minkowski kot
naipvel Tipég 1 yio amootdosig Manhattan kot 2 kot EvkAgideieg amootdoeic. Télog,
TOPAUETPOG ‘n_jobs’ Oivel tov oplOpd tOv mopdAAnAwv gpyaciadv mov O

EKTEAOVVTOL Y10, TNV 0VOLH TGN TOV YEITOVOV.

‘Etol, pumopel moAD €0KOAO VO KOAESTEL HE TNV TOPOKAT® €VIOAN otnv python

Kévovtog ypnon g tapandve BiAtodnkng:

« from sklearn.neighbors import KNeighborsClassifier»

2.2. Naive Bayes

To Naive Bayes givan éva povtédlo mboavomnrag vwd dpovg Tov ¥PNGIUOTOLEL TO

Bayes Oswpnua yia va vroroyicel v mbavomnta yuo kébe etikéro Karnyopiog Cy.
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Me dedopévo €va training ovvolo N yapakTnploTiKdV Kot VOGS X TopOdElYLLOTOC TOV

avtimpoconeveTal oo éva dtavoopo x = {x1,..., xN} ypnoLorolovpe tov tomo:

p(Ci)p(x|Cy)

p(Cxlx) = (%)

Mo evolapépetl va VTOAOYIOTEL 0 aPlOUNTAG TOV KAAOUATOC pag Tov givor i60¢ e
70 povTéLO Kowvav mhovotitov p (Ck, x1,..., xN). XpnNoIHOTOIHVTOS TOV KAVOVOL TNG

0AVGi1daG UTOpOovUE Vo EavaypayoLLE QLT TV TOAVOTNTA OG EENG:
p(Cy.x1,...,xN) = p(x1|x2,....xN,C,)p(x2|x3,...,xN,Cy)...p(xN—1|xN, C,)p(xN|Cy)

Avtdg o ta&wvountig ovopdletotl "naive" emedn OAM TO YOPAKTINPIOTIKE  Eivorl

apoBaio aveEdpra kot e&aptovtar and v katnyopia C.
‘Eto1, £rovtag avtyv v vtdbeon propel va yivel N mopakdto Tpociyyion:
plx; | x; 1+1,..,xN,Cy ) = p(x; | Cy).
Metd amd avtd, T0 HOVTELO UITopEl Vo EKPPUCTEL MG
p(Cy,x1,..,xN) = % p(CTT p(x;1C) 6mou to T eivan évag mapdyovtag KAAKWGONG.

A@o¥ 000¢l éva povtého, pmopel vo vrorloyiotel n THavOTTO VO AVIKEL GE pia
KAdom. Ztn ovvéyela, epapudletor Evag kavovag amdeaons yio va Bpedel n kKidon
avtov Tov otoryeiov. O mo cvvnbiopévog kavovag amdPacTg eivar YvooTdg ¢
“maximum a posteriori” kavovag, Tov oNUaivel OTL EKYMPEITOL TNV ETIKETA KAGONG

He TNV vymAOTEP ThAVATNTO.

[Mopoakdto mopovcidletar o yevdok®dOwasG tov aAiyopibpuov pe Pdon oca

emaONKay TPonyoLUEVHG:

Naive Bayes

Input:

Training Data Set T

C=(C1, Coy.y Cp) // value of the predictor variable
in testing dataset

Output:
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A class of testing dataset
Step:
1. Read the training dataset T;
2. Calculate the mean and standard deviation of the
predictor variables in each class;
3. Repeat
Calculate the probability of ¢ using the

gauss density equation in each class

Until the probability of all predictor variables
(¢4, €3, C3,.., Cy) has been calculated
4., Calculate the probability for each class;

5. Get the greatest probability

‘Etor pe Baon 6ca oyoMdomnkov mo mwHve UTOPOVUE VO JOVUE TO EMOUEVO
napadetypa. ‘Exovtag mapadeiypatog yapv Evav d&ova 6mov otov kdbeto £xovpe T0
o6 kdamolov kot 6Tov opllovTio TV NAkia, o1 KOKKIVES KOVKideg glval 1 mTpdTN
Katnyopia n omoia eivor 660t Tave e Ta TOOIAL GTNV OOVAES KOl TIG UTAE KOVKIOES

omov gtvar owtol Tov TAVE LE TO AVTOKIVTO.

X
- First Category of Dataset
- Second Category of Dataset
o ©
®
® 5
® 0. T
® O
Salary ® 0 o ° PN °
© @ e To g
@ °® ® ® o @
® o
X
Age

Ewova 2: TTapdderypo Naive Bayes yio e1660mpa kot nikio

Avoktinke omd: https://www.codershood.info/2019/01/14/naive-bayes-classifier-using-python-with-
example/
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Xmv ovoia Bélovue va vmoloyicovpe v mBavOTHTO TG TLYOLOG TPAGIVNG
KOVKIOOC VL AVKEL GTNV TPAOTN N 6TNV OeVTEPT KAAOT Katnyopiag. Me 10 mopamdvm
TAPAdEYIO EMOIOKOVUE Vo VToAoYyicovpe TV THAvOTNTO TOL £YEL KATOLO TLYOLO
dtopo va maet pe to T 1 LE TO AVTOKIVITO TNV 0VAELL TOL avaAdY®mG To¥ Ba elvar

TOmoHETUEVOC avaApEeESH 6TOVG 0V0 dEovec.

H yevikin popen tov olyopibpov otnv sklearn piprobnxn m  omoia

ypnoonomdnke oty dikid pag épevva otnv yAdwooa Python eivon g khdong:

class sklearn.naive bayes.GaussianNB(*, priors=None, va

r smoothing=1e-09)

O ovykekpipévog aryopiBuog maipvel dvo mapapétpovs dnwg PAETOLUE amd TV
naponave khdon. H npot mapdpetpog eivar n ‘prios’ kot av SnlmBel and tov
xpNot Oeiyvel T1g mpomyovpeveg mOavOTNTEG TOV KAACEWV. AV 0 ¥pNoTNG TNV
kabopicel ot mBavoTTeg WTEC dev Tpocapudlovtal cOuemvae e to dedopuéva. H
wpokafopiopévn T TG TapapnETpov wovton pe None. H dgdtepn mapdpetpog eivor
n ‘var smoothing’ kot kabopilel To TUALA TG LEYOADTEPNG ATOSOCONC OA®Y TOV
YOPOKTNPIGTIKAOV Yo va vidpéel atafepdtnta vroAoyiopov. ESd 1 mpokabopiopévn

Tiun etvoumn 1e-009.

‘Etot, pmopel moAd gbkoAa Vo KOAEOTEL HE TNV TaPAKAT® €VTOA otnv python

KAVOVTOg XpNoT TG Topamdve BiAtodnkng:

« from sklearn.naive bayes import GaussianNB »

2.3. Logistic Regression

Yty otatiotiky, to logistic povtého ypnoiuonoteiton yio Ty pHoviehomoinon piog
OLYKEKPIUEVNG KAAGNG 1 €vOg Yeyovotog (my True i False). Xtnv ovoia eivar cav va
diver mBavotra peta&d tov 0 ko 1. To logistic regression givor évo 6TOTIOTIKO
povtélo mov pog otver pio térowo mBavotnTo TOipvoviag €vo HOVTEAO KO
YPNOOTOIOVTAG Mio. AOYIOTIKY] GUVAPTNOY, Hoviehomotel pior dvadikn HeTafAnTy.

Qo1600, propel va enektabel ko og mo nepimioko TpofApaTo.
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Agdopévou OtL £xovpe €vor LOVTEAO UE dVO TPOPAEYELS X1 KOl Xo, Uiol OLOOIKN
petofinm Y mv omoion dnidvovpe p = P (Y=1) kot &yovtag pio ypoppikn oyéon
netaéh Tov petaPAntov tpofreyns kot tov 1og-odds avt n ypappiky oyéon propel

va oplotel g e&NG:
|:108bﬁ:ﬂo+ﬁ1 * X1+ Ba * X2

e | &ivon to log-odds
e D eivaun Bdon Tov LoyapiOuov

e [ eivor o1 TApAUETPOL TOL HOVTELOL

H napondve oyxéon, pog dnuovpyet v Ipdoivn YPoUUn 6TOVG TOPaKATO GEOVES

1 omoia pmopel va Teptypayel akpPdg tnv dtadikacio mov EAEYXEL 0 ahydp1Opog:

Logistic Regression Example

8 | E : "‘ Y .q .....
. .o' . il '.‘..o
39 - % h.. ~ .0. . = =
e 4 ® ~ 3
- 0’3 ‘.’...ﬁ o.‘. v -
V. Y '.'!'- S N T
Saad 1 - P
. s -
.. ‘...‘
07 1 n A p .
}o o'.: .’ o
0.6 [Log-d et g —oVen 2y 0”
: .x.:...‘o'.:'
0.5 ter o' * () * > « Bounda
y .’ :o, :..:. . ~o.}.o ® .o.‘ . vy
04 lo® ;-o e 3 WA 0oy o o « False samples
g . Yo o o, 0,° - . .t
’ :. LI :
R. ¥, o BLALY 1 « True samples
0.3 .."..". o o
' wop Yo .‘-;" N €8
a3 v 3. 3 NS
V.4 g LAY TR
e . ..:.‘$’.. 2
0.1 A‘.O 0..... :a.'.....'.
° ‘.o.'.l ":..‘.': .0.. ’.. I ..:o
o -, " . x e s e
0 0.2 0.4 0.6 0.8 1

Ewdva 3: TTapdaderypa evog logistic regression

AvoxtOnke oamo: https://www.datasciencecentral.com/profiles/blogs/why-logistic-regression-should-
be-the-last-thing-you-learn-when-b
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[Mopaxdtw mopovcstaletor 0 YeLOOKMIKAG TOL aAyopiBuov pe Pdon oOca
EMOONKAY TPONYOLUEVMG KOl 0 0TT010G OTOV £XEL TOALATAES KAGONG YPNOUYLOTOLEL TO
1 vs all aAydpiBpo. Ilpokettor yo pioc oTPATNYIK KOTNYOPLOTOINGNG TOAAATADY
KAMGoe®v 1 omoia £xel oG okomd TV ekmaidevon evog amhov classifier yio ke khdon
naipvovtag Oetypato omd kdbe kAdon ¢ Oetikd Kol To VTOAOTA TOL HEVOLV MG
apvntika. O adydpiBuoc exkmaidevong yio Oha avtd ypnoomotei to logistic regression

HovTéLo Kot 0 omoiog katackevdletal amd didpopovg dvadikovg classifiers:

Logistic Regression

Input:

e Training algorithm L (logistic regression)
e Sample matrix X
e TLabels vector y = [1,..K]
Main:
For i = 1:K
Create a new binary vector y; for each label
where y; = 1 1f it belong to
the label and y; = 0 1if it does not belong.
Apply L to X to find 6;
Output:

0; Parameters vector for each regressor

H yevikin popen tov oalyopibpov otnv sklearn Piprobrxn m  omoia

ypnoonomdnke oty SiKid pag épevva otnv yAdooa Python eivot g khdong:

class sklearn.linear model.LogisticRegression (penalty="'
12', *, dual=False, tol=0.0001, C=1.0, fit intercept=True
, lntercept scaling=1l, class weight=None, random state=No
ne, solver='lbfgs', max iter=100, multi class='auto',6 ver

bose=0, warm start=False, n jobs=None, 11 ratio=None)
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O ovykekpipuévog alyopluog Omwg UmopoOUE vor dOLUE TOipVEL aPKETONVG
TapopéTpovg ot omoiot Ba avalvBovv. H mapduetpog ‘penalty’ ypnoylonoteitol
yio vo kofopicel tnv mowvn Ko umopel va mhper Tpelg Tég ‘117, V127,
‘elasticnet’ «xot ‘none’. IlpokaBopiopévn tun eivar 1 12. H mopduetpog
‘dual’ éyetr mpokafopiopévn tiun false kou pmopei vo mapet gite owthv gite true.
Egoappoletar mave otny mowvn Kot mpotiudtal dual = False otav ta n_samples
etvon meprocoOtepa omd ta n features. Xmv ovvéyela, N mapdpetpog ‘tol’
naipver pia float Tiun yio va opicet ta kprenpilo S1oKomng Kot el G TPOKAOOPIoUEVT
Ty v le-4. H napdpetpog *C’ kabopilel v aviictpoen 1oybg kavovikomoinong
Ko Tpémetl va givan Evag Oetikog float apBpog (n default tipn tov €dd eivan o 1.0). H
nopdpetpog *fit intercept’ eivon pio boolean petafinth kot opilel av oty
cvvéptnon npénel va mpocécovpe pio otadepd. To Yintercept scaling’ pe
default tiun ion pe 1 ivon ypnowo va v dnidcovpe 6tavto fit intercept sivon
ico pe True. Tote to X yiveton [x, intercept scaling] ko étol wpootibeton
évo, YOopoKTNPOTIKO 6TO dtdvucpo pe Twr fon pe to intercept scaling. H
nopdpetpog ‘class weight’ pe default tipn None pmopel va mapet tipég dict 1

balanced kot kabopilet 1o Papog mov oyetiletar pe TG KAGONC.

2V cvvéxela, N mapdpetpog ‘random state’ maipvel TéG integer kot kdvet
aviuén ota dedopéva. H mapdpetpoc ‘solver’ ypnoulomoleital ywn v
BeAtiotomoinon tov mpoPANuoTog Ko pmopel va mapel Tpég ‘newton-cg’,
‘1bfgs’, “liblinear”, “sag”, ‘saga’ 6movmn liblinear tiun sivan
KOADTEPT AVGOM Yol IKPA cHVOLD OEOOUEVOV VD Ol BALEG elvar mO YpIyopeS Yo
peydAo oovoro dedopéveov. H ‘max iter’ maipver integer tipég kon opilet to
néyioto apBuod enavainyemv. H mapdpetpog ‘warm start’ maipvet boolean tiuég
omov otav eivar True Eavd ypnowomolel T AOGMN NG TPONYOOUEVNS KANONG O
apyKomoinon oty enduevn evd Otav eivon False amdd dwoypdpel v mponyovuevn.
Téhog, N mapapetpoc ‘n_ jobs’ pe default Tyun None maipver integer tipég won
oiover tov aplud tov mopnvev e CPU mov Ba ypnoyomomBodv kot m
‘11 ratio’ eivar pioa maplperpog avapiEng tov Elastic-net mov
ypnouonoteital oto penalty kot maipver povo float tiuéc pe v default tiun va givan

ion pe None.
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‘Eto1, xdmolog pmopet va KaAéoel autdv Tov aAyOopOpo Le TV TapakdTe EVIOAN

otV python kévovtog ypron g mapomave Bipiodnkng:

« from sklearn.linear model import LogisticRegression»

2.4. Decision Tree (CART)

H expabnon dévipov amopdcewmv gival pio omd I TEYVIKEG LOVTEAOTOINGNC TOV
YPNOUOTOLOVVTOL TOGO GTNV GTATIOTIKY] OGO Kol 6TV £60pVEN dedouévmv Kabmg Kot
otV unyovikn padnon. H cuykexpiuévn texvikn elvat omd Tig mo moMég TEXVIKES GTOV
YDOPO TNG UNYAVIKNG Labnongc. Avti mov Ba xpnotpuedoel oty Sikid pog £pguva Kot Oa
nog pondnoet va Pydrovpe ta omotedéopata givat to decision tree to omoio ovopdletat
Classification and Regression Tree (C.A.R.T) (Breiman, Friedman, Olshen, & Stone,
1984).

H dwpopd tov Classification tree pe to Regression tree givatl 0tL 10 Ip®TO MOG
BonBder va ta&vopncoope ta dedopéva Hag, eV TO OEVTEPO HOG TPOPAEmEL Eva
aAnOwo apBpd ommg mapadeiyparog ybptv, pmopel va mpoPAEYEL TO €1GOdNUA EVOC

atOHoL. TNV d1K14 pog £pgvvo. avtd mov Oa ypetactovpe eivon o Classification tree.

Ac vmoBécovpe 0TL pag diveton éva training cvvoro dwavvoudtov S = {sl... sl}
Ta&vounpévo g €va ohVoAo S;ER™ kat éva dlavucpo eTikéTag y. X kdOe koppfo N,
Yo KOO YOpaKTNPIOTIKO j Kot pe dedopéEVo €va Opro ty , yopilovpe T dedopuéva o€
Qrignt U tn}) ko Qrepe (U, ty}) 6m0V Qrigne ({, tn}) = (X, ¥ ) | x> ty w0 Qpepe
U, tv}) = Q = Qrigne-

H mowdmrta 6mov yiveton o dwuympiopdg ovoudletar akabapoio kot peTpéton
ypnopomroimvtog pio cuvéptnon H (). Ta pétpa moidtntog mov ypnoiporotodvrol eivorl
ocuvnbog ta pétpa entropy M o deiktng Gini. H gmdoynq mg Asrtovpyiog pétpnong
eCoptdtar amd tov Tpomo emilvong Tov mpoPAnuartog. Eite Classification eite

Regression.

Yty ovvéyela, vroroyilovpe tov deiktn Gini yio tov koppo N kot yopilovpe ta
dedopéva e Paon To YopoaKTPIoTIKO j:

ny

GINj,tw ) = 2L H(Quepe({f ta)) +

Ny 2 H(Qrigne (. t))

N
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Awaywpilovpe Ta dedopéva pog ot duvototnta wov ghoyiotonoteito G (N, {j, ty})
Kar cvveyiCovpe v S0 dadikacio avtictoyo Y1 Qrerr KL Qrigne £0G OTOV 08V

VILAPYOVY GALL KPPl SO0 OPIGHOD TOV OEOOUEVMV.

Salary over No. of children
$25007 <27?

Yes

m Don’t get loan Get loan Don’t get loan

Ewova 4: TTapaderypo evog decision tree

AvoxtOnke omd: https://www.codershood.info/2019/01/14/naive-bayes-classifier-using-python-with-
example/

[Mopaxdteo mopovotdletor 0 WYeLSOKMOWKOS TOL oAyopiBuov pe Pdon o6ca
EmmON KOV TPONYOLUEVAG:

[Tivaxog 4: Yevdokddkag Decision Tree (Cart)

Decision Tree (Cart)
d=20
Note (0), Node(l) = 1, Node(2) = 0

While endtree < 1

if
Node (2# —=1) + Node (2%) + .. + Node (24*1 —2) = 2 - 24#
endtree = 1
else
do i =24—1, 24, ., 2¢*1 -2
if Node (i) > -1
Split tree
else
Node (21 + 1) = -1
Node (21 + 2) = -1
end if
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end do
end if
d=d+ 1

end while

H yevikiq popen tov olyopibpov otnv sklearn Piprobnxn m  omoia

ypnoonomdnke oty Sikid pag épevva otnv yAdwooa Python eivor g kKhdong:

class sklearn.tree.DecisionTreeClassifier(*, criterion=
'gini', splitter='best', max depth=None, min samples spli
t=2, min samples leaf=1, min weight fraction leaf=0.0, ma
x features=None, random state=None, max leaf nodes=None,
min impurity decrease=0.0, min impurity split=None, class

_weight=None, ccp alpha=0.0)

[Mopaxdtw oavaddoviar ot moapdpetpor tov oAyopiBuov. O  cvyKekPUEVOG
aryopOpoc Eexwvber dnimvovtag tov dgiktn ‘criterion’ av elvar Gini 1§
Entropy. Avtog o deiktng glvar pio cuvapTnon 1 omoio HeTPAEL TNV TOLOTNTO TOV
split mov Oa yiver ota dedopéva. To Gini ypnopomoteitat yio v Gini axabopcio tov
dedopévmy kol T0 Entropy Yoo TNV omOKTNGY TANPOPOPIOV avTOV. AgdTEPN
TAPAUETPOS GTNV GLVEYEWL elvar | Ysplitter’ 1 omoio SNA®VEL TV EMAOYN TOV
TpOTOV daymplopov kdbe kOpPov. Mropei va mapel dvo Tuég, best kot random émov
N wio emiéyet 10 kakvtepo Split kot n dAAN to keAvtepo Tuyaio split avtictoryo. H
nopdpetpog ‘max depth’ pmopel va mapet integer tipég kon opiet To Babog mov Ha
&xel to 0évtpo. Eav oev onrlmBel kaBOoAov tOTE TO dEVTPO emekTEivETOL PHEYPL TA VAL

va glvat KeEVE Kol v UV UTopovy va TapBodv GALES amoPAcELS.

2V cvvé e, 1| TOPAPETPOg ‘min samples split’ dMA®VETOL KOl OVTHV UE
pio Ty integer ko deiyvetl tov eAdyioto aplBpd detypdtov Tov ypeidloviol dote va
yiver d1domacn otov €0MTEPIKO KOUPO OmMC Kot omd TNV GAAN M TOPAUETPOS
‘min samples leaf’ 6mov dnAmdvel TOV EAGYIGTO aplOUO SEIYPATOV TOV TTPETEL
vo Bpiockovtar o€ Evav kopPo eoAlwv. H ‘max features’ dnAdvel tov péyoto
aplOUd YapOKTNPIOTIK®OY OTOV KAmo1og yayvel vo. Bpet o kavtepo split ko pmopet va,
népel TWéG Onwg integer, float, sqrt, log2 kol auto.Amd v GAAn
N mapdpetpog ‘random state’ maipver integer tyég kon pumopel va ehéyEet v
ToyonotnTa Tov ektiunty. H mopdpetpog ‘max leaf nodes’ umopei va dSnAOGEL
TOVG KOUPOLG. Le mepinTmon mov dev IMNAmBel Kavévag TOTe 0 apBpds TV KOUPOV TV
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QOM®V glval omeploplotos, eved ov ONAmBel daAéyovtor ot kahdtepol kOUPol g

aVTOVG MGTE VO LELOGOVY TNV oKkaBopcio Tov VITAPYEL GTA VAL

Zyeukd pe v ‘min impurity decrease’ mapdpetpo n onoio Snimvel pio
TN and v omoia eEaptator av Evag kopPog Ba yivel split kot avtd Oa e&aptndet amod
TO OV 0 JYWPIGUOC o TPOKAAESEL PelmoT TG TG TNG akabapoiog peyolvtepn 1
ion pe avtv v T, H mopduetpog déxetan povo float twég. H mapdpetpog
‘min impurity split’ &éxetar kou avtiv povo float tipég kar opiler av n
avAmTTLEN TOL SEVTPOL TPEMEL VAL GTAUATHGEL TPOWPa. TENOG, dALeS 6VO TaPAUETPOVG
TOL UTOPEL VL TAPEL 0 GLYKEKPLUEVOG oAyOpBpog etvor ) ‘class weight’ woun
‘ccp aplha’ 6mov n mpdTn dNAmveL To Papog mov Ba Exet pio KAGOT Kat 1 devTEPN
ue pio Tyun float dSnidvel v ToPAUETPO TOADTAOKOTNTOC TOV YPNCIUOTOLEITAL Yia
KAadepa tov gloyiotov kOcTOLS. AV M TN elvor 1 mpokabopiopévn  dgv

TpaypaToToleiTanl KovEva KAASENA.

"Eto1, kot autdv 6mmg Kot Toug Tponyodevovg adyopiBpovg propel kKGmolog va Tov
KOAEGEL UE TNV TOPOKAT® €VIOAN otv python kdavovtoag yprion g mopomdved

BpAodNKng:

« from sklearn.tree import DecisionTreeClassifier»
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3. Xvotadomoinon (Clustering)

e autnv v evotnta Oa peretnel Evag olyopduog votadomroinong (Clustering)
TOV YPNOIULOTOMONKE GTNV CLYKEKPIUEVN €pevval Kot pog Pondnoe otnv koAvtepn
avélvon kamowwv oedopévov. H ovotadomoinon Ponbder oto va ywpiotodhv Ta
dedopéva PeTa&D Tovg o KAAOELS, Omov oty Kabe KAdon ta aviikeipeva Ba £yovv
Kamotleg opotdtnTeEG HeTa&d Tovg Kot Ba v kdver va Egxwpilel amd to vrdAoura
ovvora. Mia pébodoc cuatadomoinong eival KaAN av ol GLGTASEG TOL TaPAYEL Eivat
KOANG TOl0TNTOG, ONAOT €(OLV ONUOVTIKY OUOIOTNTO HEGO GTNV GLOTAON Kot

OMUOVTIKA UIKPT] OHOLOTNTO OVALESH GTIS GUGTAJES.
H ovotadonoinon unopel va yiver pe toug €ENg TpOTOVG:

o ATOKAEIOTIKA 1 PN OTOKAEIOTIKA, OTOVL TO OVTIKEIUEVO UTOPOLV Vo
AVIKOVV GE TEPIGCOTEPOG OO it OUAOES.

o  Mepikn 1] 0OMK1), G€ TEPITTMOOT TOV 0 OUASOTOINGN YIVEL GE OPIGUEVA OO
Ta dedopéva.

e Etgpoyevi] 1 opoyevi], 6mov mn opadomoinon upmopel va yiver amd

SLPOPETIKA PLEYEDN Ko GYNUATO.

3.1. K-Means model

O aAyop1Bog oL YpNooTo|dnKe GTNV GLYKEKPIUEVT £pevva Kot pag fondnoce
oV dadtkacio ¢ cvatadomoinong eivar o K-Means alyopiBpog o onoiog yio mpdn
eopd mpotddnke amd tov Stuart Lloyd to 1957. O K-Means adyopiBpog mpoomadei kot
OTOYEVEL VO Y®PIGEL VO GVVOLO N TAPATNPNGEDV (X1, X7, ... X,) o€ Kovvora S = {S;,
Sy, ..., Sk} 6mov 10 K <= n éto1 dote vo ehoyiotomombel To AOpoIG O TOV TETPAYOVOV

EVTOG TIG GLGTAdNG!

k

k
argsminz Z [lx — w;l|? = argsminz |S;| VarS;

i=1 x€S; i=1
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Omnov 10 p; etvar 0 pésog 6pog Tmv onueiov oto S;. 'Etol, £ovpe:

Kk
SIS e
argsmin x—y
T 4i2lsy]

x,Y€S;

Ewova 5: [Tapdderypo evoc K-means povtéAov
1 = )

Avoxtinke omd: https://medium.com/analytics-vidhya/comparative-study-of-the-clustering-
algorithms-54dl1ed9ea732

MOMG Y®PIOTOVV TO. OVTIKEIPEVO GE CLOTAOES, M TEMKN HOPQPT €ivol avT TOL
TPOKVITEL GTO TOPOTAVED GYNIO. 26TOGO, KATL TOL TPEMEL VOL TOVIGTEL GYETIKA e TOV
OCLYKEKPIUEVO aAyOpBo, eivor OTL Ta apykd kevipkd onpeio cuvnBmg emAgyovTon
TUYOL0 KO GTN CUVEXELD, TMOG M EYYLTNTA TOV onueimv vroAoyileton pe Pdon kdmown

andotact mTov e&aptdtal and 1o 100G TV CNUEIWV.

[Mopaxdto mapovotdletor 0 WeLIOKMOKOS TOL oAyopiBuov pe Pdon o6ca

MmO KAV TPONYOLUEVHG:

[Tivaxag 5: Pevdokdducag K-Means model

K-Means model

Input:

D = {t;, ty, .. Ty} // Set of elements
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K // Number of clusters
Output:
K // Set of clusters
K-Means algorithm:
Assign initial wvalues for my, my, .. my
repeat
Assign each item t; to the clusters which has the
closest mean;
Calculate new mean for each cluster;

until convergence criteria is met;

H vyeviki poper tov olyopiBpuov otmv sklearn Biprwobnkn n  omoia
ypnoonomdnke oty Sikid pag épevva oty YAd®ooa Python eivoat g popoeng:

class sklearn.cluster.KMeans (n clusters=8, *, init='kme
ans++', n init=10, max iter=300, tol=0.0001, precompute d
istances="deprecated', verbose=0, random state=None, copy

_x=True, n jobs='deprecated', algorithm='auto')

AvoADoVTaG TOPO TIC TOPATAVE TAPAUETPOVS PAETOVUE TS KOl AVTOG UTOPEL VoL
YOPOKTNPIOTEL OO TOAAEG OLOPOPETIKEG TUES, OMMOC Kol Ol aAyOplBpor mov
avaAdOnkav otnv evotnto. g katnyopromoinong. Me v ‘n clusters’
TAPAUETPO ONADVETOL O aPOUOC TOV CLGTASWMY Kol TOVTOXPOVA KOl O APlOUOC T®V
centroids mov Oa dnuovpynbovv. H mopdpetpoc Yinit’ pmopei va dexbei dHo Tipég,
elte v TN k-means++ gite v random. H npdm emiléyetl ta Kévipa pe T€1010
¢€umvo TpOMO MGTE Vo EMTAXVVEL TN JdIKAGI, VD 1 0g0TEPN TaipveL Tvyaia Ta

KévTpa pe Pdon To apytkd centroids.

2V cuvExela, vhpyel N TopdpeTpog ‘n init’ oy omoia opiletor o ypoOVOG
ektéleong Tov olyopiBuov k-means kot dnhodveton pe pio petofAnty integer. Me v
‘max_iter’ kémowog pumopel vo SNAOGEL TOV 0plOUo TV PEYIOTOV EXOVOANYE®DV Y10
uio povo ektéheomn tov aryopibpov. H mapdperpog ‘precompute distances’
TPOVTOAOYILEL TG OMOGTACELS Yo TaYOTEPT OAOIKAGIM, YPNOUYLOTOIDVTOS OGTOGO
nepiocdtepn pvnun. H ‘random state’ opilel nv dnpovpyia toxaiov apOpov

Yoo TNV apyikonoinon tov centroids. Téhog, péowm g mapapérpov ‘n jobs’
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opiCeton pe pia integer tipun o apOpodg tov OpenMp threads mov Ba. BonBncovy ctov
VTOAOYIoUO KOl 1 TopdpeTpoc ‘*algorithm’ mwov dnidvel Tov adydpdpo mov Ha
ypnoporombet. Me v tiun full ypnolponoteitol 0 KAUGGIKOS aAyoplOog eved e
mv T elkan  ypnowomoteiton pion mopoAloyn Tov, M omoio elvar mo
OTOTEAEOUOTIKY) og Ogdouéva pe opadeg ot omoieg elvar KOAL YOPIOUEVEC,

YPNGLOTOIDVTOAS MGTOGO TEPICGOTEPT LLVIUN).

‘Etol, pmopel KAmolog vo oV KOAEGEL PE TNV TTOPAKAT® €vToAn otnv python

KAVOVTOG XpNoT TG Topamdve BiAtodnkng:

« from sklearn.cluster import KMeans »
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4. Data Sets

4.1. Introduction

Ye ovtiv v evomra Ba avoivbovv ta ohvora dedopévev (data sets) mov
ypnowonomdnkay oty cvykekpyévn Smiopatiky epyacio and to UC Irvine
Machine Learning Repositoryl. ®a mapovciooctsi avalvtikd to kdOe data set
EEXYOPIOTA OC TPOG TNV dOUT TOV OKOAOVLOET KOt TIC SIAPOPES TIUEG TTOVL YPTCUOTOLEL.
Meténewrta, Oa yiver avdlvon avtov tov data sets ota Sidgopo. papers mov
avaEpONKay Pe GKOTO VO TOPOVGLOGTOVV TO OTOTEAEGLLOTO TOV dNUOGIEVONKAV 0md
TOVG 1010V¢, 01 aKPIBELEG TOVG, TOL TOGOGTA GPAALOTOC KOt 0L YPOVOL TOVG, AVOAIYWMG UE
T0VG ahyopiBuovg mov ypnoomomdnkay oe kébe Epgvva. Ola avtd Ba yivouv dote
VO UTOPEGOVLE VO TAL GUYKPIVOLULE OTNV ETOUEV EVOTNTO LE TO ATOTEAECULOTO TOV
OV pag aiyopibuov yuo va odnynbovue 610 cvumépacpo av EEMEPAGAUE TIG
OVLYKEKPIUEVEG OKPIPEIEG Kt v VIdpyel xdpog Peltiwong Tov cvykekpipuévay data

sets.
Ta data sets mov ypnoonomdnkay givar:

1. Internet Firewall Data Set

2. Teaching Assistant Evaluation Data set

3. Car Evaluation Data Set

4. Electrical Grid Stability Simulated Data Set

4.2. Internet Firewall Data Set

To cvykekpyévo Data Set cuddéyOnke amd ta apyeia kivnong oto AtadikTvo Tov
1elyovg mpootaciog tov mavemouiov Firat. AmoteAeiton and 65.532 eyypagég ot
omoieg meptypapovy TNV Kivnon mov vrdpyel oto Atadiktvo. To telyog npoctaciog
elval TOAD GNUOVTIKO Y10 TNV COGTH KOl OGQPOAN EMKOIVOVIN AVANESH GTO OIKTVLO
EMKOVOVING, £YOVTAG GKOTO VO EMTPEYEL 1] VO ATTOYOPEVCEL TNV €IG000 AVTAOV TOV
dedopévav. To data set ywpilelr avtég TG eyypapéc og 12 yapaKTpIoTIKO To 0mToin

OVOADOVTOL TOLPOUKATO:

1 https://archive.ics.uci.edu/ml/datasets.php
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XopoKTnploTikd

[Teprypagn

Source Port

®bHpa Tov client

Destination Port

®vpa TPOOPIGLOV

NAT Source Port

®vpa myng ™ devBvvong Tov dikTHov

NAT Destination Port

®vpa TPoopIoHOo TNG devBuvong dikthov

Elapsed Time (sec)

Xpovog Tov TEPAGE Yo TV PO

Bytes

Xvvolka Bytes

Bytes Sent

Bytes mov otaAOnKkav

Bytes Received

Bytes mov eAqeOncayv

Packets

2VVoMKa TokéTo

Pkts_sent

[Mokéta Tov oTtdAdnKoY

Pkts_received

[Moxkéta Tov EAnebncoay

Action

Evépyeta mov €ytve amod to toiyog

4.2.1. Avéivon yopoxtnprotik®v tov Data Set

BAémovtag tov mapandve wivaka wapatnpeitol 0Tt ot 6tiAeg Tov data set eivon 12,
ek TV omoimv ot 11 givar ou aveEdptnteg petafintég oto data set. Ev avtiféoet pe
avtég, N dwdékatn oTthAn “action” eivar n eopmmuévn pog petofint. Ta ta
SGTALOTO TOV TIUAV XPNOLULOTOMONKAY 01 TopaKAT® eVTIOAEG otny python uéom g

pandas BipAodnkng yio va Bpebei  eldyiotn ko 1 uEylotn Tun:

« (dataset[dataset['column name']==dataset['column

name'] . .min () ])»

« (dataset[dataset['column name']==dataset['column

name'] . .max()]) »
‘Eto1, 0cov agopd Tig aveEdptnteg petafAntéc Oa avaidoovpe TG TWEG TTOV

TEPLEYOVTOL GTIG EYYPOPEG.

e Source Port: Eivor apiOuntikn petafinty, pe cvveyeig aptbpuovg avapueso oto
owaotnua [0, 65534].

e Destination Port: Eivou apiOuntikn petafAnty, pe cvveyeic aptbpode avaueco
oto daotnua. [0, 65535].
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Nat Source Port: Etvon apBuntikn petapintn, pe cvveyeig aptOpovg avapecso
oto ddotnua. [0, 65535].

Nat Destination Port: Eivar opiOuntikn petofAnty, pe ovveyeic aptOpovg
avaueoco oto didotnua [0, 65535].

Elapsed Time: Eivat apiBuntikn petafAnty, pe cvuveyeic aptfuovg aviueoa 6to
dtdotnua [0, 10824].

Bytes: Eivor apiOuntikn petapintn, pe ovveyeig apiBuodc avapeso oto
dtdotnua [60, 1269359015].

Bytes Sent: Eivatr apiOuntikr| petafAnt, pe cvveyelg aptBpovg avapuesao 6to
dtdotua [60, 948477220].

Bytes Received: Eivatl apiOuntikn petafinm, pe ocvoveyeic apOpoic avaueso
oto dwdotnua [0, 320881795].

Packets: Eivar apOuntikr petapinty, pe ovveyeic apOpodc avaueso oto
dtaotnua [0, 1036116].

Packets Sect: Eivat aptOuntikr petafinty, pe ovuveyeic aptbpods avipeoa 6to
dwdotnua [1, 747520].

Packets Received: Eivat apiuntikn petofAnt, pe cvveyeic aptfpode avaueca
o1o daotnua [0, 327208].

Ocov agopd v e&apmmuévn petafint tov data set, v othAn “action”, sivar

SLOKPIT KOTNYOPIKN LETOPANTNA Kol Hog OelyveL TNV EVEPYELX TOV KAVEL GTO TEAOG TO

1eiyoc mpootaciog kot maipvel téooepig Tipéc. (Allow, Deny, Drop, Reset-Both). O

TOPOKATO TIVOKOG OElYVEL OVOALTIKA TIC EVEPYELES:

Evépyeieg [Teprypaoen|

Allow Emitpénel v kivnon oto Aiktvo

Deny Amotpénel v kivnon oto Aiktvo

Drop Piyver v «ivnon ka1 oviikebiotd Vv
TPOETIAEYUEVT] EVEPYELD APVIONS TS EPAPLOYIG.
H emavaeopd tov TCP dev amootéAieton oty
EQAPHOYY

Reset-Both Ztédvel v enavoeopd Tov TCP 6115 cuoKkevEg
Kot Tov client ko tov server
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4.2.2. E@appoyrn tov Data Set o€ ovapopa apOpa

Youepwvo pe toug Fetih Ertam ko Mustafa Kaya oo dp0po tovg “Classification
of Firewall Log Files with Multiclass Support Vector Machine”, é6mov ypnoponoinoay
10 ovykekpuévo data set, eivar mOAD ONUAVTIKA 1) QVOAVON TV GUYKEKPIUEVMV
apyEl®V Kataypaens oTig dlipopes GVOKEVEG ToV TelYovs Tpootacioc. Ot idtol oty
épevvd  toug yuw v Karyopromoinon (Classification) tov dedouévov
ypnowonoinoav tov  aAyoépiBuo Support Vector Machine. O ovykekpiuévog
aAyopiBuoc mpoyuatonoei tagvounon vmoloyiCovtag to hyperplane (uio omin
ypapp] og 000 SCTAGELS) OV SPOPOTTOLEl KAAVTEPO TIG KAAGELS TOV GUVOAOL
dedopévav. Amd évav ueydro apOud hyperplanes, to SVM vroAoyilel to Béltioto

YPNOLOTOIDVTAG £VE VTOGVVOAO EKTALOEVTIKMV OELYLATMV, TOVS POPELG LVITOGTNPIENG

(support vectors).
A
® class Asample
Optimal < ® B class B sample
Hyperplane \\
W.X+b=0 K @ o ®
Q
®
~ ®
\$ o ®
. . @
= m. “\a Support Vector
o .~ [Tw]| 3PP
[} O (] B S~
N N
B g \\\H1
] ~ - >
O - n
H. Hyperplane

v €pevuvd TOVG, TNV AKPIPEID TOV ATOTEAEGUATOV TNV LETPNGOY LEGM TNG TIUNG
F; Score, tg Precision tiung ko ¢ tiufg Recal. H precision givatr o aptBudg tomv
wpaypatikav Oetikav (TP) d1d tov apBud tov mpayuatikov Oetikdv, cuv Tov apliud
tov yevdav Betikov (FP). H recall, n omoia opilel mdoeg mAnpogopieg avaktdvTat,
vrohoyiletor amd tov aplBpd TV TpaypaTiKOV Oetikdv S tov opliud Tov
TPAYUATIKOV OETIKOV GLV TOV TPAYUATIKOV apvnTikdv. Téhog, n tiun F; Score, eivat

0 H€cog 6pog TV TIUOV TG akpipetog (P) kot avaxinong (R) :
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_ TP
TP+FP'’

TP

R= F,; Score =2 DR

~ TP+FN' P+R

H pétpnon avtdv tov tpiiv TGV EYIVE OVAUESO GE TEGOEPIS OLOPOPETIKOVS

aAyopiBuovg oyetikd pe tov Kotnyoplomowmty Support Vector Machine kot ta

OTOTEAEGLOTO POIVOVTOL GTOV TTOPAKAT® TiVaKaL:

AlyopBpog F; Score Precision Recall
SVM Linear 75,4 67,5 85,3
SVM Polynomial 53,6 61,8 47,4
SVM RBF 76,4 63,0 97,1
SVM Sigmoid 74,8 60,3 98,5

4.3. Teaching Assistant Evaluation Data Set

To ovykekpyévo data set amotedeiton amd a&loAoyNoEIS TG SIOUKTIKNG OITOS00NG

oe mévte e&aunvo oto Tunqua Xtatiotikng tov [Mavemiotnpiov tov Wisconsin-Madison.

Amoteheiton and 151 eyypagéc (eivor 151 teaching assistant assignments), ot omoieg
etvar yopiopéveg oe €61 yopaktnpiotikd. Ta eEdunva amrotelobvtar amd Tpio Kavovikd

Kot 800 kaAokalpva eEaunva. Avtd mov £yl mg okond To cuykekpiévo data set sivar

va avadeigel avapeoa oe tpelg TWES TV Pabduporoyio Kol 1o yopakTnploTikd kdbe

TaENC:

XopaKTnpioTikd

[Teprypagn

Native English

Av glvar unTpikn| YAdooo to. AyyAikd

Course Instructor

O ekmodeLTG TOL HOBNUATOG

Course To péaOnua
Semester To e&dpunvo
Class Size O ap1Budc atdumv ™G TAENS

Class Attribute

XopaKTnploTiko e TaENG
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4.3.1. Avaivon yopaoktnprotikov tov Data Set
Avoivovtag Tov mivaka 9 ot mévie mpdTec 6TNAES givat ot aveEapTnTeG LETAPANTEG
Kot 1 televtaio 1 “class attribute” n e&aptnuévn. Tapaxdte Bo Sodue TIG TIMES TOV

déyeTon 1 KGO GTHAN:

o Native English: ITaipvet binary tipéc 1 kon 2. 1 6tav toe AyyAMkd eivor untpikn
YAOooo Kot 2 yio 0Tav dgv etvat.

e Course Instructor: Eivor apifuntikn katnyopikn petafAntn, anoteAeite amod 25
Katnyopieg, pe otdotnua tuev [1,25]

e Course: Eivar oapOuntikn wotnyopikr] MeTafinty, oamoteieitor oamd 26
Katnyopies, pe didotnua tudv [1,26]

e Semester: ITaipver binary tipég 1 xou 2. 1 dtav givar karokopvd eEGunvo kot
2 otav elvan Kavovikod

e Class Size: Eivaw pio optOuntikn petofAnt pe ovveyeic aptbpovg ot omoiot

avinkovv 6to didotnpa [3, 66]

Ocov agpopd v e€apmuévn petaPinty tov data set, tnv omin “class attribute”
elvan dtakpltn Kot yoptkn PeTaPAnT kot pog dgiyvel To yopaktnplotikd Kébe tdéng,
n omoia pmopel vo givar low, medium 1 high. Zto cvykekpévo data set dev Aeimet

Koo TIU OCTE VoL YPELCTEL EVEPYELEG Y10l VOL TNV GUUTATPOGOLLE.

4.3.2. Epappoyi tov Data Set o€ drdpopa dpOpa

Ot Wei-Yin Loh kot Yu-Shan Shih pe Bdon to dpbpo tovg “A Comparison of
Prediction Accuracy, Complexity, and Training Time of Thirty-three Old and New
Classification Algorithms ”, ypnoyomoincav 33 akyopibupove Tave oe 32 data sets éva
ek Tov omoiwv eivaw kor to “Teaching Assistant Evaluation Data Set”, 6mov

EPYOCTNKOLE KOt EPELG GTNV OIKN LG OUTAMUOTIKNY EPYOCTL.

Xpnowonoinoav 22 decision tree aAydpiBupovg, 9 otatiotikovg (statistical) ko 2
vevpikad oiktva (neural network). Emypappotikd ot adyopifuor otovg omoiovg

dovAeyav etvat:

o Aévtpa Amogdoewv (Trees and rules): CART, S-plus, Tree, C4.5, FACT
QUEST, IND, OC1, LMDT, CALS, T1
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e Xrtatiotikoi adyopiBuor (statistical): LDA, QDA, NN, LOG, FDA, PDA,
MDA, POL
e Nevpwd Aiktoa (Neural Network): LVQ, RBF

Ta amotedéopatd TOLG Ta cVYKpIVaAY e Pdon To accuracy, to training time, kot tov
aplOpd TV QUAL®V TOV SEVIPOV OTOV, GE TEPIMTMOGELS TTOL £lyov 1010 €id0¢ doKIU®V
avdpecso og 600 dévipa Kot 101 axpifeta dSiheyov cuvnBwg awtdv pe o Aydtepa
@OAO. XNV ovuyKekpluévn €pevva To accuracy to vroAdywav pe Bdomn 10 T0606TO
o@aApoToc. 't AOYoug GUYKpPIoNG Kol HE TO ONMOTEAECUOTO TNG OUTAMUATIKNAG

€pyaoiag, T0 T0GOGTO COALLATOG LITOAOYILETAL [1E TNV CLVAPTNON:
Error rate = 1 — Accuracy

‘Eto1, petd and avdivon tov omoTEAEGUATOV TOLG KOl YPNCLLOTOIOVTOS GTNV
avélvon tov data set 10-fold cross validation to eldyioto ko péyloto TOGOGTO

opdApotog (e avtd mov Ba yivel Ko cHYKPIoN TOVEO OTA OIKG OG OTOTEAECILOTO)

nrav:
Error rates
ELdyioto 6ptlo 0,33
Méyioto 6p1o 0,66

4.4. Car Evaluation Data Set

To Car Evaluation data set sivor pio Pdaon odedouévov mote pe Kamola
yopaxktnplotikd vo umopel va a&oloyndel éva avtoxivnro. H Pdon dedopévov
a&1oAdynNong o ToKViTOL TPONADE apyKd Ao Eva amAd LOVTEAD amdOPACTG TO 0ol

avortoydnke and tovg M. Bohanec kot V. Rajkivic kot a&loloyel o owtokivinta o

egng:
CAR Amodoyn avToKIViTOV
PRICE YUVOMKN TN
.. buying TR ayopdc
.. maint T cvvimpnong
.TECH Teyxvikd yopaktnploTikd
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.. COMFORT Aveon

... doors Ap1Ouog amd mtopteg

... persons XopntikdtnTo atopmv

... lug_boot Méyebog anookev®v

. . safety AG@AAel0l TOV AVTOKIVIITOV

To ocvykekpyévo data set amotedeiton amd 1728 eyypagéc ko o aplOuds tmv
YOPOKTNPLIOTIKOV TOV ¥pnoipomomdnkay edm givar €ptd. AmO TO GOVOLO dEOOUEVOV
dev €yovpe KAmowo otoyeio mov v Asimel omdTe dev ypeldletal Kamolo evépyeln

CUUTANPOONG SEGOUEVMV KOl G SOUT OKOAOVOEL TOL YOPAKTNPICTIKG TOV TOPOTAVE®

mivoKoL:

XapoKTnploTiKa [Ieprypaoen
Buying Ty ayopdc
Maint T cvvmpnong
Doors Ap1Ouog amd mtopteg
Persons Xopntikdmnto atopmv
Lug boot Méyebog anookevmv
Safety Ac@iAelo TOV AVTOKIVIITOV
Class H «\dom tov avtokiviitov

4.4.1 Avaivon yopoktnprotikov tov Data Set
Avoivovtag tov mivaka 10 o1 €1 Tmpdteg oTNAES eivan ot aveEaptnTeg LETOPANTES
ko 1) tehevtaio 1 “Class” n e&aptnuévn. IMapaxdto o dovpe TIg TYHES TOV déYETAL M)

KGOe oTtAn:

e Buying: Eivau diaxprrr] kotnyopikn petaPAnty kot maipver tuég vhigh, high,
med, low.

e Maint: Eivar dwaxpity katnyoptkn petafAntr kou waipver tiuég vhigh, high,
med, low.

e Doors: Eivar katnyopwkn petafAntn kot taipvetl ipég 2,3,4 1 Smore

e Persons: Eivon katnyopwkn petafintn ko maipvet tipég 2,4 1 more
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e Lug boot: Eivau drakpity kornyopikn petaPintn ko maipver tipnég small, med,
big.
e Safety: Eivat dtaxpith) karnyoptkn petoAntn ko toipvel ipnég low, med, high.

Ocov agopa v e&aptnuévn petafint tov data set, tqv othin “class” eivon
SLOKPIT KOTNYOPIKN HETAPANTA Kot pog delyvel Tnv KAGOT TOL GLTOKIVITOL 1| OTToio
umopel v givar unacc, acc, good, v-good. IMapakdtm @aivovtal kot TOGEG EYYPOUPES

aviKovv og kaOe KAdon oto apykd data set:

Class N N[%0]

Unacc 1210 70,023%
Acc 384 22,222%
Good 69 3,993%
V-good 65 3,762%

4.4.2. Eoappoyi tov Data Set o€ drdpopa dpOpa

Ot Jie Cheng ka1 Russell Greiner kavovv avéivon oto apbpo tovg “Comparing
Bayesian Network Classifiers” to cvykekpyévo data set. O adyopiBuog tove otov
omoio mpocopoimcav To cuvoro dedopévev eivar o Naive-Bayes. Xpnoipomoinocav

T£GGEPLS OLUPOPETIKOVG THTIOVG Kartnyoplomoinong Bayesian Network (BN):

e Naive-Bayes

e Tree Augmented Naive-Bayes (TAN)
e BN Augmented Naive-Bayes (BAN)
e General BNs (GBN)

O khooowog Naive-Bayes €xst pio amdr doun, n omoia €yl tov classification
KOUPo ¢ kevipikd KOUPo OA®V TV GAA®V. Zav aAdyopiBupog sivor edkoAog va
KOTOOKELOOTEL, O10TL 1 doun Tov Oilvetol €K TOV TPOTEP®V Kol €ivol TOAD
arotereopotikny. Ola ta yopaxtnplotikd tov sivor aveédptmro petald tovg. H
dwadikacio expddnong eivar vo péver o classification koppog og kevipikdg yovéog

oAV, va pobaiverl Tic mapapéTpoug Kot téA0g va kdvel output tov Naive-Bayes BN.
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OEOROMC

O Tree Augmented Naive-Bayes (TAN) axolovbei pio GAAn dopun. Edm éyovpe éva
obvoro X = {x4, ... x,, C} 6mov 1o X &ivar éva cvhvoro kOUPwv kot € 0 classification
kouPoc. Ipota, pabaiver pio doun dévrpov mhve oto X \ (C) kat petd mpocditel Evay
obvdeopo and kabe classification képpo mpoc kabe kOuPo yapaknpiotikdv. Edd, 1
dadikacio ekpdOnong sivar va Taipvet to training set kot to X \ (C) g input, va. kakel
tov adyopdpo Chow-Liu2, vo mpochitel Tov C ¢ yovéa kébe X, va podaivel tng

TOPAUETPOVG Kat va kével output tov TAN.

Amd v aAAn, o BN Augmented Naive-Bayes (BAN) sivotl pio enéktaor tov
katnyoptomomty] TAN a@ivovtag o YopaKTnpioTKd vo oynuaticovy £va avbaipeto
ypaonua. H povn dwapopd pe tov TAN eivor 6tL avti yio tov tree learning aAyopipo

avtog Kokel évay unrestricted BN-learning alyopibpo tov tporomomuévo CBLI.

2 tree learning akydpOuog
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0@9@

Télog, o General BNs (GBN) avtipetonilet tovg classification koppovc g
Kowovc. H dadikacio ek pabnong €dd sivar va maipvel cov input to training set kot to
set yapaxTploTIK®V, vo, Kodel Tov pn tpororompévo CBLI adydpiBuo, va Bpioket to
Markov blanket tov classification koufov, va diaypdeet GAovg Tovg KOUPOLG OV Elvar

¢€w oo To Markov blanket, va pofaiverl tig mapapétpoug kot va kavet output tov GBN.

G—( (2
&

"Etot, 0pov avaivdnkav ot aAyoptBpot Téve 6toug omoiovg pyacTnKoY TopoKATO

TaPoLGLALOVTOL KoL To OTOTEAEGHLATA IOV iV 6 KOBE aAyOpOpo EexmploTd:

Accuracy
Dataset/Algorithm | Naive-Byes BAN TAN GBN
Car Evaluation 86,58 94,04 94,10 86,11

Tnv xaAvtepn axpifeto, PAémovtag Tov mivaka, v elxe o TAN adyopBpog pe pia
pikpn omdxkion and tov BAN. O GBN kot Naive-Bayes elyav moAd pikpotepn

axpipela amd Tovg ALV 6V0 WOTOGO TAPEUEIVOV Kol AVTOL TOAD LYNAOL.
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4.5. Electrical Grid Stability Simulated Data Set

Y10 cvykekpipévo data set avarvetar n otabepoTnTO TS NAEKTPIKNG EVEPYELRC. [

va givol otadepd To NAEKTPIKE OTKTLO TPETEL VOL LITAPYEL IGOPPOTTILOL LETAED TPOGPOPAG

ko {Rnong nAektpikng evépyetag. To data set amotedeitan amd 10000 eyypapég kot

&xel ¢ oKomd pEsa amd Tovg YPOVoOVS avTidpaong Tov Kabe cuppetéyovta, Tig agieg

NAEKTPIKNG EVEPYELOGS, TNV oYV KATAVAAMGONG KOt TIC TYES TNG TOPAY®YNS TNG Vo Ogi&et

v otafepdtro Tov ocvotnuatoc. Av egivon otabepd 1N aotabéc. Tlapaxdtom

TaPOVCLAlETaL O TIVOKOG LE TO YOPOKTNPLOoTIKG Tov data set:

X0opoKTNPIoTIKA [Ieprypaoen

taul Xpovog amdkpiong yevvnpog 1

tau2 Xpovog amdkpiong yeVvTpLOG 2

tau3 Xpovog amdkpiong yevvnpog 3

taud Xpovog amdkpiong yevvnipog 4

pl Eivar 1 ovopaotikn 1oy0g duktvov 1

p2 Eivar n ovopaotikn 16y0¢ diktvov 2

p3 Eivor 1 ovopaotikn 16y0¢ dwctdov 3

p4 Etvon n ovopaotikn woydg dtktvov 4

gl Yvvieheoti|g Y kot glvolr  ovéAloyog  ng
ehootikotnrog g Twng 1 (delyver Pabuod
GLOYETIONG HETAED TV OEOOUEVMV

g2 Yvvteleot|g Y kol efvor  avdAloyog g
ghootikotNTog TG TWNg 2 (delyver Pabuod
oLGYETIONG UeTalD TV dedopévev

g3 Yvvteleoti|g Y kol etvor  avdAoyog g
ehaotikdtTog g TG 3 (delyver Pabuo
oLGYETIONG LeTaED TV dedopévev

g4 Yvvteleot|g Y kol efvor  avdAloyog NG
ehaotikdTTog ™G TG 4 (delyver Pabuo
oLGYETIONG LeTa&D TV dedopévev

Stab Méyioto mpaypotikd pépog g pilag e€icmong

stabf Eticéto otabepdtnrag cvuotiuatog
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To oot amoteleiton omd TEGGEP OLAPOPETIKE OTKTLA KOl Ol TPOCAPLOYES TOV

TILOV Yivovtol Tdve 6€ avTd.

4.5.1. Avédivon yopoktnprotTik®v tov Data Set
Avaivovtag tov mivaka 11 ot dekatpeig otnAeg etvan ot avedptnteg LETAPANTEG
Ko 1 tedevtaio n “stabf” elvaun e€aptnuévn. Mapardto Oa Sovpe TG TIHES TOL dEYETAL

N K4Be oTNAN:

e Tau(x): Eivaw aptOuntikn petapint kot moipvel Tipég avapeoa oto ddotnuo
[0.5, 10]

e P(x): Eivar apiOuntikn petafAnt Kot Toipvel TIHES avapueso 6To dtdotnua [-
0.5, -2]s"-2. Av givon opvnTiky TOTE VIAPYEL KOTOVAA®OON 16Y0C EVO av sivon
BeTikn mapaywyn 1oyde.

e G(X): Eivaw opOuntikn petapinm kot moipvel Tywég avapeoa oto ddotnuo
[0,05, 1]s"-1

e stab: Eivat apiBuntikr petofAnt kot moipvet Tuég avapesa oto dtdotnuo (-1,

1). Av givon OgT1kd T0 choTNHO Eivar YpoppKa aotabig alding sival otabepo.

Ocov apopa v e&aptnuévn petafinti tov data set, tqv othin “stabf” eivon
OlOKPLTY) KOTNYOPIKT LETOPANT KO LOG OELYVEL TNV 0TAOEPOTNTA TOL GLGTILLOTOG KoL

maipvel dvo Tipég, stable kou unstable yio otabepd kot aotaféc cvoTua avticToryo.

4.5.2. E@appoyn tov Data Set o€ owaopa apOpa,

Ot Vadim Arzamasov, Klemens Bohm xon Patrick Jochem pe Baon to apBpo tovg
“Towards Concise Models of Grid Stability”, ypnoyonoincav to cuykekpyévo data
set yio va avadhoovv v otafepdtnTa TG NAEKTPIKNG evEPYELag 6To AikTvo pésa amod
TN GLUTEPIPOPE TOV CLUUETEXOVIOV KOl OV 1 OTOKPIOT] TOVS OTIS OAAAYES TILAOV

anootadepomotel avtd T0 GVGTNUOL.

Ot oot otafepoTNTag £VOC GLOTAHATOS HE PAOM TOLG GLYYPAPEIS ToVv GpBpov

sivoe ot

1) Ztabepdmmto £vavtl HEHOVOUEVOV dloTapay®dv: &ival 1 KavoTTo TOV

GUOTNHLOTOG VO PTACEL GE 1GOPPOTIA LETA AT KATO10, S10TOPOLYT).
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2) Ztabepdétmra  Aekavng: opifovtor  kdémolec miBavéc  SloTopoyés Kot
TPOGOLOIMVETAL TO GUGTNUO Y10 £VO, GOVOAO SATAPAYDV TOL £YOLV EMAEYEL
Ty OO QVTEC.

3) Avdivon tomikhg otafepdtnrag: €6® Olepeuvatat M dvVapKn otabepdtnTa

YOp® amd TN Aettovpyio oTafepic KOTAGTOONC TOL SIKTHOV.

2NV CLYKEKPLUEV £€PEVLVA YPNGLULOTOLOVY TOV TPiTto TOUIO, ONAMOT TV AvAALGN
TOMIKNG oTafepOTNTAG, Yot dev Tapéyovtor emmAéov Pabuol ehevbepiag oe Eva oM
TOAVTTAOKO GUGTNHO. AVTO TO GUGTNO cuvioTaTol TNV €0peoT pLLomv g e&iomong,
N omoia givar g popeng: det A =0, 6mov A givor évag mivaxag 2N x 2N wov TpoépyeTol
and efomoelg kivinong. H e&lowon éxer amepidpioteg Avoelg, oAl povo €vog
TEMEPUCUEVOG aPOUOC ADoewV pmopel va Exetl Eva BeTIKd TpaypoTikd HEPOG OTOL Kot
kaBopilovv v actdbela Tov cuoTipratoc. H Avomn avtdv tov priov Bpicketal amd tnv

enthvomn evog TpoPAanpartog apOuntiknig Pertiotonoinong.

Amo ekel kot P Yo TNV €pEVVA TOLG doVAeyav v otov alyoptBpo CART,
YPNOLOTOI®OVTAG TOV oyedtooud yepiopatog yopov LHS. Ot diadpopéc tov puArmv
TOV OEVTPOV OV TTapdyovtal amd tov aAyopifpo kabopilovv Tic otabepéc 1 actadeic

neployés. H axpifela mov eiyov ota nepdpotd tovg ntov 80%.

avgg < 0.53
>=0.53
T>=15 avgt<2.4
<15 >=24
avgt < 3.1 T>=14

>=3.1 <14

avgg <04 avgg < 0.67
>=04 | >= 0.67

(stable) | | unstabl{a unstable (‘t/lut.ébh:ﬁ)

@Bbe) (unstable) (stable) (@RSIADID)
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5. Anoteréopata Meg0odowv Mnyoavikinc Madnong

Xe avtnv Vv evotnta Ba avaAvBodv ot dikol pag pébodot mov ypnoporomOnkay
navo oto data sets yio to omoia £ytve AETTOUEPNG TEPLYPOUPT] OTO TETAPTO KEPAALO.
Ot aAyopiBpotl yia to classification mov ypnowonomdnkav ce kabe data set sivar
técoeplg Onmmg avopépbnke kot oty apyr (K-NN, Naive-Byes, Logistic Regression,
CART) ka1 évag akyopiOuog (K-Means model) mov ypnowonomdnke povo oto data
set “ Teaching Assistant Evaluation Data Set” 6mov ko ypeidotnke 1 Swodikooio
ovotadonoinong o€ pia KAdon. Emmiéov, Ba avaivbovv ot mapdpetpot mov d6OnKav
o€ Kabe alyop1Opo, To 0moTELEGHOTO TTOL ERPAVIcHY 6T0 KGO data set kot n ohykpion
TOVG LLE TOL AMOTEAEGLOTO TV VITOAOITMV EPEVVAV TOL £YVAV Kol OVOADON KV KL VT

OTO TETOPTO KEPAANLO.

Y& 0lo To data set n épevva Eywve pe TV YA®GGO TpOYpapLaTIoNoD Python kat
xpron ™¢ PAobnkng sklearn, numpy kot g Pprodnkne pandas. Téhog, oe
OAeg TIC SOKIHEG ypnoonomOnke 10-Fold cross validation kot og OAoVG
T0VG aAyopibpovg évag otabepdg, AOym tng epyaciag, random state ote 10
amoteAéopata vo gival Yoo GAovS Ta 1010 v Kot 01 LEOUEIDGELG NTOV TOAD JUKPEG Ko

YOPIg AVTAV TNV TAPAUETPO .

5.1. Ilpo emrelepyaocio oto Internet Firewall Data Set

Onwg avagépbnke mponyovuévmg, oto cuykekpuévo data set otoyoc eivar éva
1eiy0G TpooTaciog To omoio pumopel va emTpEyet, 1 Oy, £va cHVOLO dedoUEVEV TO 0Toi0
anoteAel pia kivnon dedopévav oto Atadiktvo. To data set amoteleiton omd dddeka
OTNAEG €K TV omoiwv M T€Taptn oTHAN ivon N e€aptnuévn petaPintn) kon opilel av

emrpémeTon 1 Oyl N £16030G¢.

Av kot ta dedopéva oTic VTOAOUTEG vieka GTAEG elval aplBuntikd otov yivotav
evépyela dwfaocuatog tov data set, 1o cvothua To avayvopile wg String dedopéva.
‘Etot, cav npotn gvépyetn, apov daPdalape to apyeio excel ntav va petatpéyoupe
avTa T dedopévo o apldunTika kot cuykekpipéva oe float apBpovc. Avto yti, Ha
ypewlovtovcay og emopevo Prpa émov to data set Oa ypelaotei va yiver feature scaling.

H mapandve evépyela mpaypoatoromnke HEGm g EVIOANG:
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e dataset = pd.read csv('file name.csv'), yia avdyvoon tov
apyeiov dedopéEVOV

e dataset['Column name']=pd.to numeric (dataset['Column

name'],downcast="float"'), vy petatporny oe float apOunrika

dedopéva

Endpevo Prpa eivon n petatpomn g eEaptnUEVNG HETAPANTAG, N omola maipvel
TE00EPIG O0POPETIKEG String Tinég. 'Etot, Bacikd ototyeio HTay v HETATPEYOVLE OVTES
TG TWEG o€ aplOuNTIKEG, MoTE va Taipvel Tinég amd 0 puéypt 3 avtiotorya yio KaAvTepn
KOTNYOplomoinomn tov dedopuévov. Xtnv cuvéyela kavape split to data set oe dedopéva
ekmaidevong kot dedopévo dokung. Eddd, o yopiopdc €ywve pe ‘test size =
0.20" o6mov yw doxn myove 10 20% tov dedopévov pag kot to 80% yio

ekmaidevon.

Y10 cuykekpévo data set ypeldotnke va yiver feature scaling oto dedopéva dote
VO YOPLGTOVV GE HUKPA SIUGTAILOTO LE TIES avapeoa 6To dtdotnua (-4,4) yloti ot THég

mov meptelyav NTav 6€ TOAD HEYAAQ ACYETO LETAED TOVS OLOGTILOTAL.

Meténetta, yivetar yprion tov kb akyopifuov dote 0 kabévag e Toug d1kovg Tov
TOPAUETPOVG VO, EKTOOEVOEL TO, dedopEVA Kat va pog dmoet ta Eng confusion matrix

Ko T1G €€N¢ akpifeteg:

1) T tov K-NN aiyopiBpo ypnoipomombnke n'*n_neighbors’ petafint va
etvat ion pe 5 1 onoia pog divel tov aptBuod Tov yertdvov mov Ba ypnoyorom el
Kol 1 mopdpeTpog ‘p’ yun peTpkn Minkowski pe tyun 2y vo €yovpue
Evickeideieg amootéoeg. To ‘random state’ €3 Mrav ico pe 0. Ta

amoteAéspata etvat ta eENG:

FO0n
G000
5000

4000

Tue lakel

3000

2000

1000

Predicted label
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BAénovtac to confusion matrix tov akyopibpov mapatnpovue 6Tt ot TPoPAEYELS
ntav oxedov amOALTO OMOTEC Kot £yovpe €va mivaka 4X4 agod ot TéG NG
eCapuévng petafAntge Ntav téecepls. Amd Tov Tivake QoiveETOl TMG Yol TNV TIUN
allow and ta 7522 dedopéva mov otdAdnkav yio ekmaidevon, ta 7507 ta pavieye
ocwotd. ['a Ty deny, and ta 2989 pavieye cwotd to 2975 evd yuor tnv Tiun drop,

nrov cwotd kot ta 2589. Ta tnv tiun reset_both, kot ta 7 dedopéva ta pdvteye Aabog.

H axpifeia mov eppavice to data set oe avtoév tov adydpipo frav 99,67% pe

standard deviation 0% a1 to F1 score 75% «au precision 99,7%.

2) T tov Naive-Bayes ypnowonomdnke o anidg GaussianNB oAdyopibpog. . To

‘random state’ €6® Ntav ico pe 0. Ta anoterléopata eivor ta e&ng:

J000
OO
5000

4000

True label

3000

2000

1000

o 1 2 3
Predicted label

BAémovtag to confusion matrix tov aAiyopifuov mapatnpodue 0Tl ot TPOPAEYELS
v v Tun allow, amo ta 7522 dedopéva mov otdrnkay yio ekmaidgvon, ta 7443 to
HAVTEYE 6MOTA eVG Yio Tiun deny, amd to 2989 pavieye cwotd to. 2974, o Ty Ty
drop, omd ta 2589 cwotd Nrav kot ta 2589 kat, TéAog, yo v Tiun reset_both, amo ta

7 dedopéva to 1 pdévo pavteye cmoTd.

H axpipelo mov eppavice to data set oe avtov tov adyopiOuo frav 99,1% pe

standard deviation 0% ka1 to F1 score 75,2% ko precision 75,1%.
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3) T'a tov Logistic Regression n povn mapduetpog mov ypnoywomombnke givor n
max iter=1000 yw tov  péyloto  oaplBud  emovonyewv.  To

‘random state’ €0® Ntav ico pe 0. Ta anoteréopata eivor ta e&ng:

T000
G000
5000

4000

Tue label

3000

2000

1000

Predicted label

BAémovtag to confusion matrix tov aAiyopifuov mapatnpodue 0Tl ot TPOPAEYELS
yo. v tipn allow, amd ta 7522 dedopéva mov otdhdnkay yo ekraidevon, ta 7473 to
HOVTEYE GMOTA. TYeTIKd pe v Tun deny, and to 2989 pdvteye cwotd ta 2891, evd
ywou TV T, drop omd to 2589 o adyopidpoc ta pdvteye OAo cwotd. Ag cuvEPN To id10

ue v T reset_both, 6mov kot ta. 7 dedopéva mov oTdAOnKay To pavteye Aaboc.

H axpifelo mov eppavice 1o data set oe avtov tov adyopibpo Nrav 98,5% pe

standard deviation 0% a1 to F1 score 73,8% o precision 99,7%.

4) Tiatov CART ypnoyomombnke n mopduetpogcriterion’ va gival ion pe v
T Entropy. To ‘random state’ &d® Nrtav ico pe 0. To anoteléopata

elvan ta €N:

000
B000
5000

4000

Tue lakel

3000

2000

1000

o 1 2 3
Predicted label
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BAénovtac To confusion matrix tov adyopifuov mapatnpodue T TpoPriyelc yia
mv tiun allow, 6mov and ta 7522 dedouévo Tov oTdAbnKov Yo ekraidevon, to 7519
T pavteye cwotd. Emmiéov, yio tiur deny, and to 2999 pdavieye cwotd to 2982 evd
ywo. v TR drop, and ta 2589 cwotd frav ta 2583, Téhog, yio tnv Tiun reset_both

amd ta 7 dedopéva pavteye cwotd povo ta 3.

H axpipelo mov eppavice to data set ce avtov tov adydpiOuo frav 99,7% e

standard deviation 0% a1 to F1 score 88,4% xou precision 93,5%.

5.1.1. Xvykpron AmotereopdTmv Tov IF Data Set

270 KOUpATL ovtd Ba yivel pio cVOYKPIoN TOV SIKOV LOG OTOTEAECUATOV LE TO
anoteléopoto tawv Fetih Ertam kot Mustafa Kaya nov napoveidotkay 6to apHpo tovg
“Classification of Firewall Log Files with Multiclass Support Vector Machine” kot

avaeEpOnkay oty tétaptn evotnTa.

AATOPIOMOI F1 SCORE PRECISION ACCURACY
SVM Linear 75,4 67,5
SVM Polynomial 53,6 61,8
SVM RBF 76,4 63,0
SVM Sigmoid 74,8 60,3
K-Nearest 75,0 99,7 99,67
Naive Bayes 75,2 75,1 99,1
Logistic Regresion 73,8 98,6 98,5
Decision Tree 88,4 93,5 99,7

[Mopatpdvtag Tov mivaxoe 12 pe o amoteAéopoto PAETOVLE TMG TO accuracy Kot
OTOV TEGGEPLS AAYOPIOLOVG TTOV YPNGUYLOTOMGOUE GTIV £PELVA OGS EIvVOL TOAD VYNAO.
KoataloBaivovpe mog €ytve koA ekmaidcvon ota dedopéva kot peydAo poro icmg

énonée mwg to péEYefog Tov GLVOLOL SESOUEVMOV TTOL NTOV TEPAGTIO.
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Ewéova 12: X0ykpion amotelecpdtov

Onwg avoeépbnke kot oto téTapto KeQAloto ot petpnoeig tov Fetih Ertam kot
Mustafa Kaya éywav mave oty okpifeie tov F1 Score ot tov Precision.
Yuykpivovtog Tdpa OAovg Tovg aAdyopifuovg KataAofaivovpe TS 0 T ATOd0TIKOG
nrav o decision tree akyopiBpog 6mov to F1 Score cuykpitikd pe Toug vedlotrovg eiye
apKe™ Stapopd g TaEng Tov 13%. Qotdoo, mapatnpolpe exiong 6Tl 6TV TN TOV
precision kot ot téooeplg akyopiduol, 6Tovg omoiovg dovAdyape gugic, NTOV TO

amodotikoi ev avtiféoet pe tov SVM akydpifpo.

5.2. Tlpo emnelepyaocio oto Teaching Assistant Evaluation Data Set

To ovykekpyévo data set amotedeiton amd a&loAoyNGEIC THG SIOOKTIKNG OTOS00NG
og mévte eaunva oto Tunua Ztatiotikng evog [oavemotpiov. Aroteieiton and 151
EYYPAPES OTMG TTPO ovaPEPONKE, 01 0TToies vl YOPIGUEVEG GE £E1 YOPAKTNPIGTIKA LLE
mv éktn otiAn tov data set va givar m e€aptnuévn petaPintiy. Metpder o
YAPOKTNPLOTIKO TNG KAOE TaENG Ko tv taévopei og pia khipaxo pe tiuég low, medium
7 high.

Olo to dgdopéva ot omiieg eivor  aplBuntikd Kot givor  opoldpopea
KOTNYOPLOTOMUEVA, EKTOG OO TNV WEUTTN GTHAN M omoio peTpdel o puéyebog g
16Enc. Edd ta dedopéva eivor pev aptuntikd, adid ot apBpoi peta&d toug dev Exovv
Koo opotopopeio agov 1 HETAPANTH Taipvel TIHES avdpesa oto ddotnpa [3,66].

Edd, cav mpmdtn evépyeta, ntav va yopicovpe v ocvykekpuévn otyin (Class size) oe
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€61 KAGOEIG MOTE VO €XOVV KOADTEPT OUOIOHOPPIN KOl 1) KOTNYOPLOTOiNGT GTOV

aAyOp1OLo Vo OMGEL KAADTEPO OATOTEAEGLLOTOL:

e Tiég mov Nrav oto ddotnuo <=11 mpav Tiun 1

o Twyéc mov frav oto ddotnua (11, 22] mpav Tyun 2
o Twég mov rav oto dtdotua (22, 33] mpav tun 3
o Twyéc mov ftav oto ddotnua (33, 44] mpav Tyun 4
o Tiég mov ftav oto ddotnua (44, 55] mpav Tyun 5
e Tiég mov Ntav oto ddotnua (55, 66] mpav T 6

Endpevo Prjpa eivor n petatpomn g e€aptnuévng petafAntng, n onoia maipvet
TPELS dLopopeTIkES String tipéc. ‘Etot, Baotkd 6Totyeio Tov Vo LETOTPEYOVE OVTES TIG
TIWEG og aplunTikég dote va maipvel TIES amd 0 péypt 2 avtiotoyo Yoo KaAHTEP
KOTNYyoplomoinon tev dedopévov. v cvvéyela, kavope split to data set o€ dedopéva
ekmaidevong kot dedopéva dokiunc. Edm o yopiopog ywve pe ‘test size = 0.20'

6mov ywo dokiun myove o 20% Tmv dedopévav pog kot to 80% yio ekmaidevon).

Zmv ovvéyela, yivetor xpnon tov Kabe aiyopiBuov dote vo mapovpe TAAL TO
confusion matrix xor tic okpifeleg avriotorya. Xto ocvykekpyévo data set Oa
LETPNOOLUE TNV aKPIPEID KOl ®C TOCOGTO GOAAUATOS YO VO UTOPEGEL VO, Yivel

OUYKPLON LE TO ATOTEAEGLLOTA TIC TETAPTNG EVOTNTOG!

1) Two tov K-NN olyopibpo xor €3 ypnowwomowbnke mn'n neighbors’
petafintn vo tvon ion pe 5 n omoia pag divel Tov aptuod tov yertdvov mov Ba
ypnoporomBet ko n TapdpeTpog ‘p’ yio peTpkn Minkowski pe tyun 2 yo va
éxovpe Bukdeideeg amootdoeg. To ‘random state’ €d6m ftav ico pe 0. Ta

amoteAéopata etvan Ta €ENG:

o

)

True label
8] L u Ln %]

[

1 2 3
Predicted label
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Ta amoteléopata €0m dev Nrav Onw¢ Ba ta mepiuévape. H akpifeia nrav apketd

Yo ko ftav ion pe 42% pe v tiun tov standard deviation oto 0,12% . To péco
TO0GOGTO GOAALOTOG E0M NTOV 55%.

2) T tov Naive-Bayes ypnowomombnke o amidg GaussianNB aiyopiBuoc. To

‘random state’ €0® Ntav ico pe 0. Ta anoteléopata eivor ta e&nNg:

True label

1 2
Predicted label

Ta amotedéopata K €dM dev NTOV TOGO KAAd £xovtag pHovo pia pikpn avénon ce
oyéon pe tov K-NN aAiyopiBuo. H axpifeia rav ion pe 47,5% pe v tyun tov standard
deviation 1o 0,15% . To péco 10600Td cPAAUATOS £6M NTOV 52,5%.

3) T tov Logistic Regression 1 povn mopdpeTpog mov xpnouonodnke ivat m

max iter=1000 yw tov  péyweto  aplBud  emovonyewov.  To

‘random state’ &30 Ntav ico pe 0. Ta anoteléopato sivor ta e&hg:

Tue label

Predicted label
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Ta amoteAéopata kol oe avtdév TOV aAyoplduo cvvéyioav oto oo emimedo. H
axpipeia nrav ion pe 46,67% pe v tiun tov standard deviation cto 0,11% . To péco

TOGOGTO GPAALOTOC £d® TV 53,5%.

4) T tov CART ypnoonomOnke ndAl n mopduetpoc criterion’ va givol ion
ue v Ty Entropy. To ‘random state’ €3 Nrtov ico pe 0. Ta

amoteAéopoto givor To EENG:

Tue label

1 2 3
Predicted label

H akpipera otov CART alyopiBpov eiye pio avénon kou nrav ion pe 58,33% pe
v T tov standard deviation oto 0,16% . To péco m0GOGTO GOAAUATOS EOG TTOV
53,5%. Kot og avtd to data set frémovpe nwg o CART akyopibuog eixe kaddtepa

OTOTEAEGLLOTO GE GYEOT LLE TOVG BAAOVC.

Qc1000, To ATOTEAESHATO OEV NTAY TOAD KOAG G KavEvay aAyOptOpo, YU avTo Kot
doxkaotnke pio kovovpyla péBodog mavm oto chvoro dedopévev. Avti va kévoope
gpeig tov daympiopd v petofAnmg class size oe KAAGELS, YPNOOTOMOAUE TOV
aAyopiBuo cvotadomoinong (clustering) K-Means, mpokeiévou va ywpicel owtdg ta
dedopéva 660 kaAvTepa YiveTar. Avtd mov kavope eival va BdAovpe OAa ta dedopéva
EKTOG TNG OTHANG Class Size dote vo ekTadevTovV pe Tov aAyoplOpo yuo va pog 600sl

pio Kovovpyla 6tAn new_class_size.

Méowm tng elbow pebodov tpé€ape Ta dedopéva yia vo Bpodue 6€ TOGEC GLOTAES

€lvol To KaADTEPO VoL T YOPIGEL 0 aAYOp1Opog Kot Tooa centroids va €xet:
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The Elbow Method

14000 A

12000 A

10000

w8000 A
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T T T
2 4 & 8 10
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Ewodva 13: The Elbow Method
‘Etor, PAémovpe o611 10 KOAOTEpO omotéhecpo Bo pog to  dmoel  ov
xpNnooromcovpe 6 cuotddeg. Ot mapaueTpot Tov ypnooromdnkayv otov K-Means
akyopBpo etvan 6mwg eimape ‘n clusters’ {cope6xormn ‘init’ mapdpetpog
fonpe 'k-means++' O6TE v EMAEEEL T KEVTPO PLE EEVTTVO TPOTO Y10, VOL ETLTAYVVEL
™ owdkacio. A@ov olokAnpdbnke mn  dwdkacio NG GLOTASOTOINGNG
YPNOLOTOWONKAV To dEGOUEVA, TAEOV LE TNV KOVOVPYLO GTHAN KOl GTOVG TECCEPIS

alyoppovg dmwc kot pwv pe Tig 101eg mapapéTpovs. Ta amoteAéopata ivor to eEN:

1) Tw tov K-NN adyopiBpo €xovpe to confusion matrix:

Tue label

Predicted label

Ta amotedéopota ovte TOpo GAlaEay Wwaitepa. H axpifeia giye pio mold pukpn
avénon o€ oyéon pe mpwv Ko oy ion pe 45% ue v tiun tov standard deviation oto

0,08% . To péco m0GooTO GOAALOTOG 0M NTaV 55%.
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2) T tov Naive-Bayes akyopibpo éyovue to confusion matrix:

True label

Praedicted label

To 1310 1oyvel kot Yy’ avtdv tov aryopiBpo. H akpifeta ovénbnke modd Alyo kot
nrov ion pe 51,6% pe v tun tov standard deviation oto 0,16% . To péco mococTd

o@aipatog edm Nrtav 48,4%.

3) T tov Logistic Regression aAyopiBpo £xovpe to confusion matrix:

Tue label

Predicted label

2710 1610 potifo kKivnonke Kot avtdg o adyopipoc. H axpifeia rav ion pe 50% pe
v T tov standard deviation oto 0,13% . To péco m0G00TO CEAAUATOS EOG TTOV
50%.
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4) T tov CART alyopiBuo £yovpe to confusion matrix:

True label

Predicted label

H axpipeia otov CART alyopiBuov giye pio pikpn ntdon o€ oyéon e v ¥prion
Tov data set yopic tov K-Means adyopibpo kot ntav ion pe 54,17% pe v T tov

standard deviation oto 0,12% . To péco T0606Td GPaAUATOC £6M NTav 45,83%.

5.2.1. Xvykpron Amotereopdrmv Tov TAE Data Set

BAénmovpe mwg oto ovykekpiuévo data set 0,t1 Kot va SOKIWACOUE GTOVG
alyopiBpovg dev dAla&ov kot ToALL. Avtd iomg yivetar yati, T0 GUVOAO JESOUEVDV
o010 ovykekpluévo data set, eivar moAD WiKpO KAl deV LIAPYEL YDPOS YO KOAN
eknaidevon oavtov. Me v ypnon tov K-Means povtéiov yio tnv cuctadomoinon tov
dedopévev otV apyn, mopatnpodue 0Tt N avénon g akpifelag NTav eAdylotn o
O6Aovg toug adyopiBuovg extdc and tov CART adyopiBpo 6mov m axpifeio Tov
pemonke yio Ayo mocootd. [apoakdto, Tapovstdloviol GLYKPITIKA To OTOTEAEGLOTO

Koy ta. 10 k-Fold tov kdBe akyopibuov yia ta Error Rates tovg:

[Tivakag 13: Xvvolkd Anotedécpata Error Rates yio to TAE Data Set

ALG/FOLD 1 2 3 4 5 6 7 8 9 10 | MIN | MAX
K-NN 0,41 066 |0,75|033|058|058|050]|066|058|041 0,33 |0,75
Naive 0,66 | 0,66 | 0,50 | 0,50 | 0,66 | 0,75 | 0,41 | 0,41 |0,41 0,25 (0,25 | 0,75
Logistic 0,50 | 0,66 | 0,50 | 0,41 | 0,66 | 0,66 | 0,33 | 0,50 | 0,58 | 0,50 | 0,33 | 0,66
CART 033|033 |066|033)071|045|0,25|041 041 |0,25 | 0,25 | 0,66
APOPO 0,33 | 0,66
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[ivaxag 14: vvoikd Arnoteléopata Error Rates yio to TAE Data Set pe epappoyn K-Means

ALG/FOLD | 1 2 3 4 5 6 7 8 9 10 | MIN | MAX
K-NN 0,50 | 0,66 | 0,75 | 0,41 | 0,83 | 0,58 | 0,58 | 0,41 | 0,33 | 0,41 | 0,33 | 0,83
Naive 0,58 | 0,66 | 0,50 | 0,41 | 0,66 | 0,66 | 0,41 | 0,33 | 0,41 | 0,16 | 0,16 | 0,66
Logistic 0,50 | 0,41 | 0,41 | 0,58 | 0,66 | 0,75 | 0,50 | 0,41 | 0,25 | 0,50 | 0,25 | 0,75
CART 0,66 | 0,41 | 0,33 | 0,41 | 0,58 | 0,58 | 0,25 | 0,50 | 0,41 | 0,41 | 0,25 | 0,66
APOPO 0,33 | 0,66

[Moapatmpavtag tov mivaka 13 kot wivaka 14 AEmovE TG KAt Le TOVG dVO TPOTOVG

KOTOPEPVOLLLE LKPOTEPO TTOGOGTA rTOr rates and avtd mov eiyav tetvyet or Wei-Yin

Loh xotr Yu-Shan Shih pe Bdon avtd mov mapovoidotnkay oto apbpo tovg “A

Comparison of Prediction Accuracy, Complexity, and Training Time of Thirty-three

Old and New Classification Algorithms ”, 6ov kot ypnoporoincav 33 alyopiuove.

Av kat ot aAyopBpot tovg fTav 33, Tapovsiccay Lovo Tov ELAYIGTO Kot LEYIGTO error

rate mov Katdeepay, YU avtd Kol 1 GUYKPIoN YIVETOL TAVE® GE AVTE. ZVYKEKPIUEVA, TO

LKPOTEPO TOGOGTO error rate otnv SKid pog épevva 1o meTv)aivel o naive bayes

alyopBpoc av kot petald TOug TO AMOTEAEGUOTO OgV 1YoV Kol TOAAES SLOPOPEC.

[Mopakdro Ttapovsialovtat kat ot axpifeleg Tov adyopibumv og ypaenuo 6mov Kot 6

avto to data set tic vynidtepeg T1g gixe 0 CART alyopBuoc:

70
60
50
4
3
2
1

o O O o

ACCURACY

Logistic Regresion

W Accuracy

Ewodva 14: Accuracy for TAE Data Set

Naive Bayes

M Accuracy With K-Means

CART
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5.3. IlIpo emnetepyoosio oto Car Evaluation Data Set

To Car Evaluation data set, 6nwc avapépbnke, givor pio pdon dedopévov dote pe
Kamolo yopakTNPLoTikd va. pmopel va aglohoyndet éva avtokivnto. Amoteleitan amd
1728 eyypagéc. Ot €€l mpidteg othAeg Tov data set eivar o1 aveEaptnteg peTtafANTES Kot
n tehevtaia ‘Class value’ givail 1 eaptmuévn petaPAnt n onoio yopaktnpilet Kot Eva

avToKiviTo Mg Unacc, acc, good, v-good.

Ed® 0Aec o1 aveEdptnTeg LETAPANTEC NTOAV SLOKPITEG KATYOPIKEG OTOTE GOV TPMTN
EVEPYELDL NTOV VA TNG HETATPEYOLUE o€ aplOunTikés. AvTO TOL KAVOUE MTOV Vo
YpPNooTocovpe TNV OneHotEncoder evtoA) g sklearn Piplodnne. v
ovcia, peTaTpémetl TV KdOe GTNAN o€ TOGEG KOvoUPYLEG GTHAEG OGEG KOl 01 EEYMPIOTES
Tinég TG KaBe petafAntg. ‘Etol, kdbe xoatnyopikn tyn v HETOTPENEL GE €val
Eexwplotd dtbvoopa pe Tipég 0 ko 1. o mapdderypo 6Ty TpAOT GTHAN TOL VILEPYOLY
TE66EPLG EEXMPLOTEG TILES Bl dnovpyN B0V TEGGEPLS KavOLPYLEG GTHAES, ONAOON TV
Tiun vhigh mv petérpeye o€ tipm tomov 0.0 [0.0] 0.1] 0.0. To OneHotEncoder divel
KOADTEPO TOCO0GTO PapyTNTOC OTIG TPOPAEYEIC o’ OTL pior oA UETOTPOM TNG

petafintng oe tipég 0,1,2,3.

Endpevo Prpa givon n petatponn tg eEoptnuévng petafAng, n omoia maipvel
TE00EPIG OPOPETIKEG String Téc. 'Etot, Pacikd ototyeio NTav va HETATPEYOVUE OVTES
TIG TWES o€ aplBuntikéc mate va maipvel TéG omd 0 péypt 3 avrtiotoryo ylo KaAHTEPN
KoTnyoplomoinon tov dedopévav. Tty cuvéyela, kavaype split to data set e dedopéva
ekmaidevong kan dedopéva dokune. Kot edd o yopiopog €ywve pe ‘test size =
0.20" o6mov yw doxyn miyove 10 20% tov dedopévov pog kot to 80% 1y

ekmaidgvon.

Télog, Tpeayie og OAeg Toug Classification adydpiBuovg to véo dwapopempévo data

set ko eiyope ta e&ng confusion matrix kon amotelépoato oTig axpifeted:

1) Tw tov K-NN olyoptOuo m ypion tov mopopétpov ntov n idw. H
‘n neighbors’ perafint ion pe 5 n omola pog divel tov oplOpd TV YEITOVOV
nov Ba ypnoyomron el ko n TapdueTpog ‘p’ yuo petpikn Minkowski pe tiun 2
v va £xovpe Evicdeideieg amootdoeg. To ‘random state’ &dd ftav ico pe

0. To confusion matrix:
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200

150

Tue label

100

0 1 2 3
Predicted label

BAémovtag to confusion matrix tov aiyopibupov mapatnpodue 61t 0 alyopOuog

npoPAreye oxeddV cwotd Olo Ta dedopéva Tov oL £otelle Yy test apod M axpifeta

7oL epeavice to data set nrav 90,73% pe standard deviation 0,02%.

2) T'o tov Naive-Bayes ypnoipomomnke o aniog GaussianNB adyopibuog. . To

‘random state’ &d® Ntav ico pe 0. Ta anoteléopata sivor ta e&hc:

175
150
125

100

Tue label

Predicted label

Ki €dm, oto confusion matrix, mopotnpodue 0tL 0 oAydpiOpog £kove KoAEG
npoPAéyelg ota dedopéva Tov EoTelre Yo test, apod N axpifela Tov gupdvice To data

set ntav 80,30% pe standard deviation 0,04%.

3) T tov Logistic Regression n povn mapduetpoc mov ypnoomombnke givol n

max iter=1000 yio tov  péyioro  aplBud  emavornyewv.  To

‘random_state’ €d® Ntav ico pe 0. Ta anoteléouato ivor ta e&hc:
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175

150

125

100

True label

0 1 2 3
Predicted label

To confusion matrix tov aiyopifpov akolovbei to i610 potifo apovd To dedopuéva

nov £otelle Yo test eiyav axpifeia 90,8% e standard deviation 0,03%.

4) Tiatov CART ypnoyomombnke n mopdpetpogcriterion’ va gival ion pe v
T Entropy. To ‘random state’ &do Ntav ico pe 0. To anoteléopata

elvan ta €&€Ng:

175
150
125

100

True label

0 1 2 3
Predicted label

Ed® 1o amoteAéopata oy To KOAVTEPO KOl A0 TOVS TEGGEPLS alyopifpovg

apov N axpifela Tov epupdvice to data set nrav 96,45% pe standard deviation 0,01%.

58



5.3.1. XYykpion Amotereopdrov tov CE Data Set

Metd and OAo T AMOTEAEGHOTO TOV GLAAEEANE, TAPOUKATO TOPOVGIALETAL £VOG

TivoKag Kol VoL OYEOIAYPOLLLLOL LLE TNV GLYKPLTIKN oKpifela OAmV ToV aAyopifumv yio

va 3oV UE TOLOG TV O O ATOTEAEGUATIKOG 0TO cvykekpiuévo data set:

[Tivaxag 15: Xvvolkd Anoteréopata Accuracy yio CE Data Set
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Ewova 15: Accuracy for CE Data Set

S N

Accuracy
Dataset/Algorithm K-NN | Naive | Logistic | CART | Naive BAN | TAN | GBN
(mine) (4pBpov)
Car Evaluation 90,73 | 80,30 90,80 96,45 | 86,58 94,04 | 94,10 | 86,11
Accuracy

[Hopatnpodvrog tov wivaxe 15 kot to oyxedidypappa oty ewkdva 13 PAEmovpe Tog

To KOAOTEPA ATOTEAEGUOTO £XEL V1oL AKOUT [ia popd o akyopiBpog CART. Av kot ta

ATOTEAEGLOTO TV TTOAD KOVTA g OAOV Tovg alyopiBuovg, pe tov CART aiydpiBuo

KOTOAPEPULLE VO TOVG EEMEPAGOVILE OGAOVG Kot Vo, Bpovpe TNV KoADTEPT aKpiPeta.

5.4. TIlpo enetepyaoia oto Electrical Grid Stability Data Set

To ovykekpipuévo data set avaivel, Onwg avaeépbnke oto kepdiaio 4, v

otafepotnTa ¢ nAekTpikng evépyetac. To data set amoteleitar amd 10000 eyypogég
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Kol €xel g okomd va dgigel v otabepdtnTa €vOC GuoTHaTog. AnAadr, av givol
otafepd N aotabic. Avto pog To deiyvel ) tehevtaio othAn Tov data set, n e&optnuévn

uetaPAnty ‘stabf’ 6mov maipver dvo Tuég stable ko unstable.

X11g vohowmeg 13 othAeg, ol omoiec amoTeAOVV £val CUOTNUO HE TECOEPLS
YEVVITPLEG, YPOVOLS OVTIOPOONC TOV OTOU®MY Kol TIUEG TOPOYMYNG KOl KATOVIA®ONS
EVEPYELOG, OV YPELACTNKAY KOt TOAAEG EVEPYELES KOOGS TOL O£d0UEVA NTAV OLOLOLOPPOL
KaToveunuévo Kot nTav OAa apBuntikd. To pdévo Tpdyua mov ¥peldoTnke £0M NTOV
oA oty e€aptnuévn petaPAnty, n omoia amoteleite omd dvo String Tuéc, vo
uetatpamnel og apOuntik. o Ty stable d60nke va givar ion pe 0 kot yio v Tiun
unstable va eivat ion pe 1. Ta dedopéva ypnoipomomOnkay Tail omd T0VC TEGGEPIS
classification aAyopBpovg kot €10t £xovpe To mapakdto anotelécpata oo confusion

matrix o To accuracy ovrtictouyo.:

1) T'e tov K-NN akyopiBpo n xprion tov mapapétpov ntav oty ‘n neighbors’
petafint) va ion pe 7 n omoio pog dtver tov apBud tov yertdovov  mov Oa
xpnoonomBel kou 1 mopduetpog ‘p’ yio petpik] Minkowski pe yun 1 yuo vo
gyovpe Mavydrtav anoctdoelc. To *random state’ €da ftav ico pe 0. To

confusion matrix:

1000
800

600

Tue label

400

200

0 1
Predicted label

BAémovtag to confusion matrix tov aiyopibpov mapatnpovue 61t 0 oAyOpOpog
TpoOPAeYE KOAAL To dedopéva TOV TOV £0TEIAE Yo test apov 1 axpifeia Tov gppdvice To

data set jtav 82,15% pe standard deviation 0,01%.

2) T tov Naive-Bayes ypnowomomnke o aniog GaussianNB adyopiOpog. . To

‘random_state’ €d® Ntav ico pe 0. Ta anoteléouato ivor ta e&hc:
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1000

8OO
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600

400

200

0 1
Predicted label

Edd oo confusion matrix mapatnpovpe 1t 0 akyoppog mpofreye oxeddv cmoTd

OAa T dedopéva ov Eotelhe yia test apov N akpifeia mov eupdvice to data set fjrav
97,92% e standard deviation 0,01%.

3) I tov Logistic Regression n poévn mopaueTpog mov ypnoipomomnke sivon m
max i1ter=1000 vy tov  péyloto  oplBud  emavoiiyewv.  To

‘random state’ &d® Ntav ico pe 0. Ta anotedéopato sivor ta e&hc:

1000
800

B00

Tue label

400

200

] 1
Predicted label

To confusion matrix tov aAyopiBuov axoiovdel to idto potifo agov ta data sets
7ov €otele Yo test siyav axpifeia 89,14% pe standard deviation 0,02%.

4) Tw tov CART ypnoworomOnke n mopduetpogcriterion’ va gival ion pe v

T Entropy. To ‘random state’ &dm ftav ico pe 42. Ta anotedéopora

etvar ta €€NG:
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Tue lakel

o

1
Predicted label

[Ma 6N pio @opd £0G TOL AMOTEAEGLOTA NTAV TA KOADTEPO KOL OO TOVG TEGGEPLS

aAyopifuovg apov 1 akpifeia mov eppavice to data set nrav 99,98%.

5.4.1. Xoykpron Amotereopdtmv Tov EGSS Data Set

Metd and OA0 T OMOTEAEGHOTO TOV GLAAEEMNE, TAPAKATO TOPOVCIALETOL TAAL

évag mivoKog Kot £vo oedldypoLila e TNV CLYKPLTIKY aKkpifela OAwv Tov akyopiBuwmv

Y10 vaL S0VLLE TTOL0G NTAV O TLO AMOTEAEGLLATIKOG GTO GuYKekpLévo data set:

[Tivaxag 16: Xvvolikd Anotedéopota Accuracy yio EGSS Data Set

Accuracy
Data Set/Algorithm K-NN Naive | Logistic | CART | CART LHS
Electrical Grid Stability 82,15 97,92 89,14 99,98 80,00
Accuracy
cartLhs - [
cart - [
Logistic Regresion | N
Naive
S. |
0 20 40 60 80 100 120

Ewdvo 16: Accuracy for EGSS Data Set
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[Mopatnpdvrtog Tov mivaka 15 kol to oyeddypoppa oty ekova 13 BAémovpe Ta
amoteAéo oo Tov Kabe adyopibuov. Xe avtod to data set katapépape va omoddoovue
pe 6A0VG TOoVg aAyopiBovS apKETA VYNAITEPES akpifeleg oe oxéon pe TIG akpifeleg
tov adyopibpov CART LHS mov napovciacav ot Vadim Arzamasov, Klemens Bohm
ko Patrick Jochem oto dpbpo tovg “Towards Concise Models of Grid Stability”. Ko
€0® 0 CART alyopiBpog dovAeye mo amodoTikd amd Tovg vrdlourovg e tov Naive

Bayes alydopifpo vo arxolovbel Kt avtog pe pio apketd vynin axpifeto.
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6. Xoumepdopota
2T TPOMYOUUEVO, KEQAANLN £YIVE L0 EUTEPIOTATOUEVT UEAETN NG BemPNTIKNG
avanTuéne aAAG Ko TG TPAKTIKNG EQapUoYNG d1dpopwv adyopiBuwmv yia classification
aAld kot yuo clustering mavo o€ kamowo data set . Ta data set givai amd To UC Irvine

Machine Learning Repository?.

Apyikd, dlvetor pioe GOVIOUN TEPLYPAPN TOV OAYOPIOU®OV KT YOPLOTOINoNG
(Classification) kot pio. cOvoyn owT®V TOL YPNCLLOTOOVVTIOL MG UEPOG TNG TPO
enefepyaciag yio opiopéva GUVOAN dEGOUEVMV. LTV GUVEXELN, OIVETOL TEPLYPOPT] YOl
oV olyopduo ¢ ovotadonoinong (Clustering) mov evoopatddnke ki ovtdc yio va
Bonbnoer omv  avantuén TV AnoTEAECUAT®V, O OmMOl0g  GUYKEKPIUEVQ

ypnowonomOnke oto ‘Teaching Assistant Evaluation’ Data Set.

Y10 TETOPTO KEQALOO Yivetar avdAvon Ohmv twv data sets mov spoppdcTnKoV
oTOVG OAYOpOnoVg KAvovtag pio avdAvon ®¢ mpog to €id0¢ TV UETAPANTOV,
aveEdptnteg ko eEapTnuéves, Kot ti THES TeptEyovv. MdAota, yivetal Kot avagopd
oe Owdpopo Gpbpa mov €yovv epapudost To. cvykekpiuéva data sets kor Tl
amoteAécpaTa elyav oTig akpifeleg eite avtég NTov peTpnUéveg og TILEG accuracy, site

Bdom mocootov error rates, gite o precision kot F; Score.

210 TEUTTO, KOl TEAELTOLO, KEPAAOLO OLVOPEPOVTAL TO OTOTEAEGLLOTA TG OKLAG O
épeuvog pe epappoyn tov data sets maveo otovg adyopibpovg K-NN, Naive Bayes,
Logistic Regresion, CART ka1 otov aAydpibpo cvotadonoinong K-Means. Téhog,
YIVETOL GUYKPIOT TOV KOV OGS OMOTEAECUATOV LLE OVTA TOL TOPOVGLAGTIKOV GTO

TETOPTO KEPAANLO LEGM CLYKEVIPMOTIKMOV TIVAK®V KOl GYEOIOYPOUUATOV.

AVTO TOV KATOQEPALLE VO KAVOLLE TV Vo, BydAove KOADTEPO OTOTEAEGLLOLTOL ALTTO
VT oL Eiyav mapovolaotel o ddpopa apbpa mEpav tov ‘Teaching Assistant
Evaluation’ Data Set 6mov ekel dev dovAeyov OAo. OMMOC TO TEPWUEVAUE HE TO
CLUTEPAGUE Hog Vo, amodideTor oto kpd péyebog tov data set. Onwg eidape, ta
KaAOTEpQ amoTeLécpata Ta gixe o€ OAa ta data sets o CART adydpiOpog kot tav owtdg
OV £KOVE TNV KOADTEPT EKTOUOEVOT TOV OEOOUEVMVY KAOE Popa Kol TPOPAEYTN aVTAOV,

Yopig BEPara o1 vTOAOUTOL VoL UnV TaL TAVE EICOV KAAA.

3 https://archive.ics.uci.edu/ml/datasets.php
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Avtd mov £xet fEPata onpascio eivol TG VILAPYEL AKOA YDPOG Y10 PEATIOON OVTOV
TOV OMOTEAECUATMV OEOOUEVOL OTL UTOPEL VO, VTTAPYOLY AALOL aAYOP10LLOL TOV VO EYOVV
KOAOTEPN amdd0on Ge avTd To cHVOLO OESOUEVODV TTov ypnoiponombnkay. Kdabe
avaAvTg dedopévev ciyovpa €xel Ovelpo va givar oe BEom va ¥pNOLLOTOMGEL Evav
aAyop1Oo Tov va £xel TNV KAAVTEPT AmOd00T) OGOV aPopa TNV axpifela Kot To ypovo
extéleonc, aveEdptnta amd 10 GHVOLO dES0UEVOV TTOV TOV OOKIUALEL. 26TOC0, AdY®
TOV OLPOPETIKAOV AELITOVPYIOV KaOe olyopiBupov, dev vrapyel Kopud odnyia yio To
TO10G 0AYOp1OpOG Tanptalel KOAHTEPO GTO OEOOUEVO TTOV £XEL KATO0G, TPOKELUEVOL VO
TopAyel T0 KOAOTEPO povTéro. TIpémel va paplooTOVY Kol Vo SOKIAGTOVV MOTE VO

O€l KATO0G TOL AMOTEAEGLLOTO KO VO, KAVEL GUYKPIGELS.

Computers are able to see, hear and learn. Welcome to the future.

~Dave Waters
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ITAPAPTHMA

# K-Nearest Neighbors (K-NN)

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Firewall.csv')

# Convert dataset to numeric because it is as float
dataset['Source Port'] = pd.to numeric(dataset['Source Port'],
downcast="'float')

dataset['Destination Port'] =

pd.to numeric (dataset['Destination Port'], downcast='float')
dataset ['NAT Source Port'] =

pd.to numeric (dataset['NAT Source Port'], downcast='float')
dataset ['NAT Destination Port'] =

pd.to numeric (dataset['NAT Destination Port'], downcast='float')

dataset['Bytes'] = pd.to numeric (dataset['Bytes'],
downcast='"'float")
dataset['Bytes Sent'] = pd.to numeric(dataset['Bytes Sent'],

downcast="'float')

dataset['Bytes Received'] =

pd.to numeric (dataset['Bytes Received'], downcast='float')
dataset['Packets'] = pd.to numeric(dataset['Packets'],
downcast="'float"'")

dataset['Elapsed Time (sec)'] =

pd.to numeric (dataset['Elapsed Time (sec)'], downcast='float')
dataset['Pkts sent'] = pd.to numeric(dataset['Pkts sent'],
downcast="'float"')

dataset['Pkts received'] = pd.to numeric (dataset['Pkts received'],
downcast="'float")

# Insert columns of dataset in two variables
X = dataset.ilocl:, [0,1,2,3,5,6,7,8,9,10,11]].values
y = dataset.iloc[:, 4].values

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (X, y, test size
= 0.20, random state = 0)

# Feature Scaling
from sklearn.preprocessing import StandardScaler

sc = StandardScaler ()

X trainf[:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.fit transform(X train(:,
[OI 1121 3/ 4/ 5/ 6/ 7/ 8/ 9/ 10] ])

X test[[:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.transform(X test[:,

(0,1,2,3,4,5,6,7,8,9,1011)
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# Training the K-NN model on the Training set

from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier (n neighbors = 5, metric =
'minkowski', p = 2)

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred), 1),
y_test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',

zero division=l))

print (f1 score(y test, y pred, average='macro'))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('"Accuracy: {:.2f} %'.format (accuracies.mean () *100))

[}

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kadwcag 01: K-NN oo IF Data Set

# Naive Bayes

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Firewall.csv')

# Convert dataset to numeric because it is as float
dataset['Source Port'] = pd.to numeric(dataset['Source Port'],
downcast='"float"'")

dataset['Destination Port'] =

pd.to numeric (dataset['Destination Port'], downcast='float')
dataset ['NAT Source Port'] =

pd.to numeric (dataset['NAT Source Port'], downcast='float')
dataset ['NAT Destination Port'] =

pd.to numeric (dataset['NAT Destination Port'], downcast='float')

dataset['Bytes'] = pd.to numeric(dataset['Bytes'],
downcast="'float')
dataset['Bytes Sent'] = pd.to numeric (dataset['Bytes Sent'],

downcast='"'float")
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dataset['Bytes Received'] =

pd.to numeric (dataset['Bytes Received'], downcast='float')
dataset['Packets'] = pd.to numeric(dataset['Packets'],
downcast="'float"')

dataset['Elapsed Time (sec)'] =

pd.to numeric (dataset['Elapsed Time (sec)'], downcast='float')
dataset['Pkts sent'] = pd.to numeric(dataset['Pkts sent'],
downcast="'float"')

dataset['Pkts received'] = pd.to numeric (dataset['Pkts received'],
downcast="'float"'")

# Insert columns of dataset in two variables
X = dataset.iloc([:, [0,1,2,3,5,6,7,8,9,10,11]].values
dataset.iloc[:, 4].values

y

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Feature Scaling
from sklearn.preprocessing import StandardScaler

sc = StandardScaler ()

X trainf[:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.fit transform(X train(:,
(0,1,2,3,4,5,6,7,8,9,1011)

X testl:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.transform(X testl:,

[071’2’3’4’5’6’7’8’9’10] ])

# Training the Naive Bayes model on the Training set
from sklearn.naive bayes import GaussianNB
classifier = GaussianNB ()

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',
zero_division=1l))

print (f1 score(y test, y pred, average='macro'))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accuracy: {:.2f} $%'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))
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# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

Kadwag 02: Naive Bayes oto |IF Data Se

# Logistic Regression

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Firewall.csv')

# Convert dataset to numeric because it is as float
dataset['Source Port'] = pd.to numeric(dataset['Source Port'],
downcast="'float')

dataset['Destination Port'] =

pd.to numeric (dataset['Destination Port'], downcast='float')
dataset ['NAT Source Port'] =

pd.to numeric (dataset['NAT Source Port'], downcast='float')
dataset ['NAT Destination Port'] =

pd.to numeric (dataset['NAT Destination Port'], downcast='float')

dataset['Bytes'] = pd.to numeric (dataset['Bytes'],
downcast="'float"')
dataset['Bytes Sent'] = pd.to numeric(dataset['Bytes Sent'],

downcast="'float"'")

dataset['Bytes Received'] =

pd.to numeric (dataset['Bytes Received'], downcast='float')
dataset['Packets'] = pd.to numeric(dataset(['Packets'],
downcast='"'float")

dataset['Elapsed Time (sec)'] =

pd.to numeric (dataset['Elapsed Time (sec)'], downcast='float')
dataset['Pkts sent'] = pd.to numeric(dataset['Pkts sent'],
downcast="'float"')

dataset['Pkts received'] = pd.to numeric(dataset['Pkts received'],
downcast='"'float")

# Insert columns of dataset in two variables
X = dataset.ilocl:, [0,1,2,3,5,6,7,8,9,10,11]1].values
y = dataset.iloc[:, 4].values

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Feature Scaling

from sklearn.preprocessing import StandardScaler

sc = StandardScaler ()

X trainf[:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.fit transform(X train(:,
[OI 1121 3/ 4/ 5/ 6/ 7/ 8/ 9/ 10] ])
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X test[:, [0,1,2,3, 7,8,9,10]] = sc.transform(X test[:,
[0,1,2,3,4,5,6,7,8 )

# Training the Logistic Regression model on the Training set
from sklearn.linear model import LogisticRegression
classifier = LogisticRegression(max iter=1000)
classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',
zero_division=1))

print (f1 score(y test, y pred, average='macro'))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('"Accuracy: {:.2f} $'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kodwog 03: Logistic Regresion oto IF Data Set

# Decision Tree Classification

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Firewall.csv')

# Convert dataset to numeric because it is as float
dataset['Source Port'] = pd.to numeric(dataset['Source Port'],
downcast="'float"')

dataset['Destination Port'] =

pd.to numeric (dataset['Destination Port'], downcast='float')
dataset ['NAT Source Port'] =

pd.to numeric (dataset['NAT Source Port'], downcast='float')
dataset ['NAT Destination Port'] =

pd.to numeric (dataset['NAT Destination Port'], downcast='float')
dataset['Bytes'] = pd.to numeric(dataset['Bytes'],
downcast='"'float")
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dataset['Bytes Sent'] = pd.to numeric(dataset['Bytes Sent'],
downcast="'float")

dataset['Bytes Received'] =

pd.to numeric (dataset['Bytes Received'], downcast='float')
dataset['Packets'] = pd.to numeric(dataset['Packets'],
downcast="'float"'")

dataset['Elapsed Time (sec)'] =

pd.to numeric (dataset['Elapsed Time (sec)'], downcast='float')
dataset['Pkts sent'] = pd.to numeric(dataset['Pkts sent'],
downcast="'float"'")

dataset['Pkts received'] = pd.to numeric (dataset['Pkts received'],
downcast="'float")

# Insert columns of dataset in two variables
X dataset.iloc[:, [0,1,2,3,5,6,7,8,9,10,11]].values
y = dataset.iloc[:, 4].values

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Feature Scaling
from sklearn.preprocessing import StandardScaler

sc = StandardScaler ()

X trainf:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.fit transform(X train(:,
[Or 1121 3! 4! 5! 6! 7! 8! 9! 10] ])

X test[:, [0,1,2,3,4,5,6,7,8,9,10]] = sc.transform(X test([:,

[0111213141516171819110] ])

# Training the Decision Tree Classification model on the Training
SEt

from sklearn.tree import DecisionTreeClassifier

classifier = DecisionTreeClassifier (criterion = 'entropy',

random state = 0)

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',

zero division=1))

print (f1 score(y test, y pred, average='macro'))

#kFold cross validation
from sklearn.model selection import cross val score
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accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)
print ('Accuracy: {:.2f} $'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kadwag 04: CART oo IF Data Set

# K-Nearest Neighbors (K-NN)

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')

# Split the column ‘Class size’ in six spaces

dataset.loc[dataset['Class size'] =11, 'Size']l] = '1"
dataset.loc[ (dataset['Class size'] >11) & (dataset['Class size']
<=22), 'Size']l] = '2"

dataset.loc[ (dataset['Class size'] >22) & (dataset['Class size']
<=33), 'Size']l = '3!

dataset.loc[ (dataset['Class size'] >33) & (dataset['Class size']
<=44), 'Size'] = '4"'

dataset.loc[ (dataset['Class size'] >44) & (dataset['Class size']
<=55), 'Size']l = '5'

dataset.loc|[ (dataset['Class size'] >55) & (dataset['Class size']
<=67), 'Size']l] = '6'

# Insert columns of dataset in two variables
X = dataset.iloc[:, [0,1,2,3,6]].values
y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (X, y, test size

= 0.20, random state = 0)

# Training the K-NN model on the Training set

from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier (n neighbors = 6, metric =
'minkowski', p = 2)

classifier.fit (X train, y train)

# Predicting the Test set results

y_pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))
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#kFold cross validation
from sklearn.model selection import cross val score

accuracies = cross _val score(estimator = classifier, X = X train, y

= y train, cv = 10)
print ('Accurancy: {:.2f} $'.format (accuracies.mean ()*100))
print ('Standard Deviation: {:.2f} %'.format (accuracies.std

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A+ i
A = A/10
print ('Error rate: {:.2f} $'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

0))

Kadwag 05: K-NN oto TEA Data Set

# Naive Bayes

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')

# Split the column ‘Class size’ in six spaces

dataset.loc[dataset['Class size'] <= 11, 'Size'] = '1'
dataset.loc|[ (dataset['Class size'] >11) & (dataset['Class
<=22), 'Size']l = '2"

dataset.loc[ (dataset['Class size'] >22) & (dataset['Class
<=33), 'Size']l] = '3"

dataset.loc|[ (dataset['Class size'] >33) & (dataset['Class
<=44), 'Size']l] = '4'

dataset.loc|[ (dataset['Class size'] >44) & (dataset['Class
<=55), 'Size']l] = '5"

dataset.loc[ (dataset['Class size'] >55) & (dataset['Class
<=67), 'Size']l] = 'o6'

# Insert columns of dataset in two variables
X = dataset.iloc[:, [0,1,2,3,6]].values
y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (X, vy,
= 0.20, random state = 0)

# Training the Naive Bayes model on the Training set
from sklearn.naive bayes import GaussianNB
classifier = GaussianNB ()

classifier.fit (X train, y train)

size']
size']
size']
size']

size']

test size
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# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred), 1),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('"Accurancy: {:.2f} %'.format (accuracies.mean()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A+ 1
A = A/10
print ('Error rate: {:.2f} $'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kodwag 06: Naive Bayes oto TEA Data Set

# Logistic Regression

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')

# Split the column ‘Class size’ in six spaces

dataset.loc[dataset['Class size'] <= 11, 'Size']l = '1'
dataset.loc|[ (dataset['Class size'] >11) & (dataset['Class size']
<=22), 'Size']l] = '2"

dataset.loc[ (dataset['Class size'] >22) & (dataset['Class size']
<=33), 'Size'] = '3!

dataset.loc|[ (dataset['Class size'] >33) & (dataset['Class size']
<=44), 'Size']l] = '4"

dataset.loc[ (dataset['Class size'] >44) & (dataset['Class size']
<=55), 'Size'] = '5'

dataset.loc|[ (dataset['Class size'] >55) & (dataset['Class size']
<=67), 'Size'] = 'o'

# Insert columns of dataset in two variables
X = dataset.iloc[:, [0,1,2,3,6]].values
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y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Training the Logistic Regression model on the Training set
from sklearn.linear model import LogisticRegression

classifier = LogisticRegression(max iter = 300, random state = 0)
classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accurancy: {:.2f} $'.format (accuracies.mean()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A+ 1
A = A/10
print ('Error rate: {:.2f} $'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kodwog 07: Logistic Regresion cto TEA Data Set

# Decision Tree Classification
# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')

# Split the column ‘Class size’ in six spaces

dataset.loc[dataset['Class size'] <= 11, 'Size'] = '1'
dataset.loc|[ (dataset['Class size'] >11) & (dataset['Class size']
<=22), 'Size']l] = '2"
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dataset.loc[ (dataset['Class size'] >22) & (dataset['Class size']

<=33), 'Size']l] = '3"
dataset.loc|[ (dataset['Class size'] >33) & (dataset['Class size']
<=44), 'Size'] = '4'
dataset.loc[ (dataset['Class size'] >44) & (dataset['Class size']
<=55), 'Size']l] = '5"
dataset.loc|[ (dataset['Class size'] >55) & (dataset['Class size']
<=67), 'Size'] = 'o'

# Insert columns of dataset in two variables
X = dataset.iloc[:, [0,1,2,3,6]].values
y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Training the Decision Tree Classification model on the Training
set

from sklearn.tree import DecisionTreeClassifier

classifier = DecisionTreeClassifier (criterion = 'entropy',

random state = 0)

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred), 1),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accurancy: {:.2f} $'.format (accuracies.mean () *100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A + i
A = A/10
print ('Error rate: {:.2f} %'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

K®dwag 08: CART oto TEA Data Set

78



# K-Nearest Neighbors (K-NN)

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')
T = dataset.iloc[:, [0,1,2,3,5]].values

# Using the elbow method to find the optimal number of clusters
from sklearn.cluster import KMeans
wcss = []
for i in range (1, 11):
kmeans = KMeans (n_clusters = i, init = 'k-means++',)
kmeans.fit (T)
wcss.append (kmeans.inertia )
plt.plot (range(l, 11), wcss)
plt.title ('The Elbow Method')
plt.xlabel ('Number of clusters')
plt.ylabel ('"WCSS')
plt.show ()

# Training the K-Means model on the dataset
from sklearn.cluster import KMeans

kmeans = KMeans (n_clusters = 6, init = 'k-means++', random state
42)
y kmeans = kmeans.fit predict (T)

print (y kmeans)

# Making new class by ‘class size’ column
dataset['new class size'] = y kmeans

# Insert columns of dataset in two variables
X = dataset.iloc[:, [0,1,2,3,6]].values
y dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (X, y, test size

= 0.20, random state = 42)

# Training the K-NN model on the Training set

from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier (n neighbors = 5, metric =
'minkowski', p = 2)

classifier.fit (X train, y train)

# Predicting the Test set results

y_pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation
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from sklearn.model selection import cross val score
accuracies = cross val score(estimator = classifier, X = X train, y
= y train, cv = 10)
print ('Accurancy: {:.2f} $'.format

(accuracies.mean () *100))
print ('Standard Deviation: {:.2f} %'

.format (accuracies.std()))

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A+ i
A = A/10
print ('Error rate: {:.2f} %'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

Kddwkag 09: K-NN oto TEA Data Set pe ypijon K-Means Model

# Naive Bayes

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')
T = dataset.iloc[:, [0,1,2,3,5]].values

# Using the elbow method to find the optimal number of clusters
from sklearn.cluster import KMeans
wcss = []
for i in range(l, 11):
kmeans = KMeans (n_clusters = i, init = 'k-means++',)
kmeans.fit (T)
wcss.append (kmeans.inertia )
plt.plot (range(l, 11), wcss)
plt.title('The Elbow Method')
plt.xlabel ('Number of clusters')
plt.ylabel ('WCSS')
plt.show ()

# Training the K-Means model on the dataset
from sklearn.cluster import KMeans

kmeans = KMeans (n_clusters = 6, init = 'k-means++', random state =
0)
y_kmeans = kmeans.fit predict (T)

print (y kmeans)

# Making new class by ‘class size’ column
dataset['new class size'] = y kmeans
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# Insert columns of dataset in two variables
X = dataset.iloc([:, [0,1,2,3,6]].values
y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Training the Naive Bayes model on the Training set
from sklearn.naive bayes import GaussianNB
classifier = GaussianNB ()

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accurancy: {:.2f} %'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A+ 1
A = A/10
print ('Error rate: {:.2f} %'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kadwag 10: Naive Bayes oto TEA Data Set pe yprion K-Means Model

# Logistic Regression

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')
T = dataset.iloc[[:, [0,1,2,3,5]].values
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# Using the elbow method to find the optimal number of clusters
from sklearn.cluster import KMeans
wcss = []
for i in range (1, 11):
kmeans = KMeans (n_clusters = i, init = 'k-means++',)
kmeans.fit (T)
wcss.append (kmeans.inertia )
plt.plot (range(l, 11), wcss)
plt.title('The Elbow Method')
plt.xlabel ('Number of clusters')
plt.ylabel ("WCSS')
plt.show ()

# Training the K-Means model on the dataset
from sklearn.cluster import KMeans

kmeans = KMeans (n_clusters = 6, init = 'k-means++', random state =
42)
y kmeans = kmeans.fit predict (T)

print (y kmeans)

# Making new class by ‘class size’ column
dataset['new class size'] = y kmeans

# Insert columns of dataset in two variables
X = dataset.iloc[:, [0,1,2,3,6]].values
y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (X, y, test size
= 0.20, random state = 42)

# Training the Logistic Regression model on the Training set
from sklearn.linear model import LogisticRegression

classifier = LogisticRegression(max iter = 300, random state = 0)
classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape(len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score (estimator = classifier, X = X train, y
= y train, cv = 10)

print ('Accurancy: {:.2f} %'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} $%'.format (accuracies.std()))

# Find the error rate to compare the datasets

error rate = 1 - accuracies
print (error rate)
A=0

for 1 in error rate:
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A=A+ 1
A = A/10
print ('Error rate: {:.2f} %'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

Kddwag 11: Logistic Regresion oto TEA Data Set pe ypnion K-Means Model

# CART

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Teaching.csv')
T = dataset.iloc[:, [0,1,2,3,5]].values

# Using the elbow method to find the optimal number of clusters
from sklearn.cluster import KMeans
wcss = []
for i in range(l, 11):
kmeans = KMeans (n clusters = i, init = 'k-means++',)
kmeans.fit (T)
wcss.append (kmeans.inertia )
plt.plot (range(l, 11), wcss)
plt.title('The Elbow Method')
plt.xlabel ('Number of clusters')
plt.ylabel ('WCSS"')
plt.show ()

# Training the K-Means model on the dataset
from sklearn.cluster import KMeans

kmeans = KMeans (n_clusters = 6, init = 'k-means++', random state
42)
y kmeans = kmeans.fit predict (T)

print (y kmeans)

# Making new class by ‘class size’ column
dataset['new class size'] = y kmeans

# Insert columns of dataset in two variables
X = dataset.iloc([:, [0,1,2,3,6]].values
y = dataset.iloc[:, 5].values

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test si
= 0.20, random state = 42)

# Training the Decision Tree Classification model on the Training
set

from sklearn.tree import DecisionTreeClassifier

classifier = DecisionTreeClassifier(criterion = 'entropy',

random state = 42)

ze
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classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y_test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation
from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accuracy: {:.2f} $'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Find the error rate to compare the datasets
error rate = 1 - accuracies
print (error rate)
A=0
for i in error rate:
A=A+ 1
A = A/10
print ('"Error rate: {:.2f} $'.format (A.mean()*100))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kddwcag 12: CART oto TEA Data Set ue ypion K-Means Model

# K-Nearest Neighbors (K-NN)

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Car.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
y = dataset.iloc[:, -1].values

# Encoding categorical data

# Encoding the Independent Variable

from sklearn.compose import ColumnTransformer
from sklearn.preprocessing import OneHotEncoder

ct = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),
[0])], remainder='passthrough')
ctl = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),
[4])], remainder='passthrough')
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ct2 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),

[8])], remainder='passthrough')

ct3 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),

[12])], remainder='passthrough')

ct4d = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),

[15])], remainder='passthrough')

ct5 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),

[18])], remainder='passthrough')

= np.array(ct.fit transform(X)

= np.array(ctl.fit transform(X

= np.array(ct2.fit transform(X

= np.array(ct3.fit transform (X
( (X
( (X

]

= np.array(ctd4.fit transform
= np.array(ct5.fit transform
print (X)

XXX X XX

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

print (y)

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size
= 0.20, random state = 0)

# Training the K-NN model on the Training set

from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier (n neighbors = 5, metric =
'minkowski', p = 2)

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train, y
= y train, cv = 10)

print ('Accuracy: {:.2f} $'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

Kddwkag 13: K-NN oo Car Data Set
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# Naive Bayes

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Car.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
dataset.iloc[:, -1].values

y

# Encoding categorical data

# Encoding the Independent Variable

from sklearn.compose import ColumnTransformer
from sklearn.preprocessing import OneHotEncoder

ct = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),
[0])], remainder='passthrough')
ctl = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[4])], remainder='passthrough')
ct2 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),
[8])], remainder='passthrough')
ct3 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[12])], remainder='passthrough')
ct4d = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),
[15])], remainder='passthrough')
ctb = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[18])], remainder='passthrough')

X = np.array(ct.fit transform(X)
X = np.array(ctl.fit transform(
X = np.array(ct2.fit transform(
X = np.array(ct3.fit transform(
X (ct4.fit transform(
X (ct5.fit transform(

= np.array
= np.array
print (X)

)
X))
X))
X))
X))
X))

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

print (y)

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 42)

# Training the Naive Bayes model on the Training set
from sklearn.naive bayes import GaussianNB
classifier = GaussianNB ()

classifier.fit (X train, y train)

# Predicting the Test set results

y _pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix
from sklearn.metrics import confusion matrix, accuracy score
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cm = confusion matrix(y test, y pred)
print (cm)
print (accuracy score(y test, y pred))

#kFold cross validation
from sklearn.model selection import cross val score

accuracies = cross val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('"Accuracy: {:.2f} %'.format (accuracies.mean()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kadwag 14: Naive Bayes oto Car Data Set

# Logistic Regression

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset

dataset = pd.read csv('Car.csv')
X = dataset.iloc[:, :-1].values
y = dataset.iloc[:, -1].values

# Encoding categorical data

# Encoding the Independent Variable

from sklearn.compose import ColumnTransformer
from sklearn.preprocessing import OneHotEncoder

ct = ColumnTransformer (transformers=|[ ('encoder', OneHotEncoder(),
[0])], remainder='passthrough')
ctl = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[4]1)], remainder='passthrough')
ct2 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),
[8])], remainder='passthrough')
ct3 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[12])], remainder='passthrough')
ct4d = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[15])], remainder='passthrough')
ctb = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[18])]1, remainder='passthrough')

= np.array(ct.fit transform(X)
= np.array(ctl.fit transform (X
= np.array(ct2.fit transform(X
= np.array(ct3.fit transform(X
= np.array(ct4.fit transform (X
= np.array(ct5.fit transform (X
print (X)

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

print (y)
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# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Training the Logistic Regression model on the Training set
from sklearn.linear model import LogisticRegression
classifier = LogisticRegression (random state = 0)
classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),l),
y_test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accuracy: {:.2f} $'.format (accuracies.mean ()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

Kddwcag 15: Logistic Regresion oto Car Data Set

# Decision Tree Classification

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Car.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
y = dataset.iloc[:, -1].values

# Encoding categorical data

# Encoding the Independent Variable

from sklearn.compose import ColumnTransformer
from sklearn.preprocessing import OneHotEncoder

ct = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[0])], remainder='passthrough')
ctl = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),
[4])], remainder='passthrough')
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ct2 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),

[8])], remainder='passthrough')

ct3 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),

[12])], remainder='passthrough')

ct4d = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder (),

[15])], remainder='passthrough')

ct5 = ColumnTransformer (transformers=[ ('encoder', OneHotEncoder(),

[18])], remainder='passthrough')

= np.array(ct.fit transform(X)

= np.array(ctl.fit transform(X

= np.array(ct2.fit transform(X

= np.array(ct3.fit transform (X
( (X
( (X

]

= np.array(ctd4.fit transform
= np.array(ct5.fit transform
print (X)

XXX X XX

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

print (y)

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (X, y, test size
= 0.20, random state = 0)

# Training the Decision Tree Classification model on the Training
set

from sklearn.tree import DecisionTreeClassifier

classifier = DecisionTreeClassifier (criterion = 'entropy',

random state = 0)

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score
cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score (estimator = classifier, X = X train, y
= y train, cv = 10)

print ('Accuracy: {:.2f} %'.format (accuracies.mean()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

K®dwag 16: Cart oto Car Data Set
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# K-Nearest Neighbors (K-NN)

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Data for UCI named.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
dataset.iloc[:, -1].values

y

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 0)

# Training the K-NN model on the Training set

from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier (n neighbors = 7, metric =
'minkowski', p = 1)

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred), 1),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',
zero_division=1))

print (f1 _score(y test, y pred, average='macro'))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accuracy: {:.2f} %'.format (accuracies.mean()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y

K®dwag 17: K-NN oto EGSS Data Set
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# Naive Bayes

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Data for UCI named.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
dataset.iloc[:, -1].values

y

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size
= 0.20, random state = 0)

# Training the Naive Bayes model on the Training set
from sklearn.naive bayes import GaussianNB
classifier = GaussianNB ()

classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',
zero_division=1))

print (f1 score(y test, y pred, average='macro'))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score (estimator = classifier, X = X train, y
= y train, cv = 10)

print ('Accuracy: {:.2f} %'.format (accuracies.mean()*100))

Q

print ('Standard Deviation: {:.2f} $%'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()
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# Logistic Regression

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Data for UCI named.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
dataset.iloc[:, -1].values

y

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size
= 0.20, random state = 0)

# Training the Logistic Regression model on the Training set
from sklearn.linear model import LogisticRegression
classifier = LogisticRegression(max iter=1000)
classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred),1l),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',
zero_division=1))

print (f1 score(y test, y pred, average='macro'))

# kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score (estimator = classifier, X = X train, y
= y train, cv = 10)

print ('Accuracy: {:.2f} %'.format (accuracies.mean()*100))

Q

print ('Standard Deviation: {:.2f} $%'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()
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# Decision Tree Classification

# Importing the libraries
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

# Importing the dataset
dataset = pd.read csv('Data for UCI named.csv')

# Insert columns of dataset in two variables
X = dataset.iloc[:, :-1].values
dataset.iloc[:, -1].values

y

# Encoding the Dependent Variable

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y = le.fit transform(y)

# Splitting the dataset into the Training set and Test set
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size

= 0.20, random state = 42 )

# Training the Decision Tree Classification model on the Training
set

from sklearn.tree import DecisionTreeClassifier

classifier = DecisionTreeClassifier(criterion = 'entropy')
classifier.fit (X train, y train)

# Predicting the Test set results

y pred = classifier.predict (X test)

print (np.concatenate ((y pred.reshape (len(y pred), 1),
y test.reshape(len(y test),1)),1))

# Making the Confusion Matrix

from sklearn.metrics import confusion matrix, accuracy score,
recall score, precision score, fl score

cm = confusion matrix(y test, y pred)

print (cm)

print (accuracy score(y test, y pred))

print (recall score(y test, y pred, average='macro'))

print (precision score(y test, y pred, average='macro',
zero_division=1))

print (f1 _score(y test, y pred, average='macro'))

#kFold cross validation

from sklearn.model selection import cross val score

accuracies = cross_val score(estimator = classifier, X = X train,
= y train, cv = 10)

print ('Accuracy: {:.2f} %'.format (accuracies.mean()*100))

print ('Standard Deviation: {:.2f} %'.format (accuracies.std()))

# Print confusion matrix

from sklearn.metrics import plot confusion matrix
plot confusion matrix(classifier, X test, y test)
plt.show ()

y
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