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' MovTEAQ '

* To paBnuaTtikd JoVvTEAO gival pia paBnuaTiki EKepaon KATTOIOU QaIVOPEVOU
o 2UXVA TTEPIYPAPOUV OXECEIC METAEU METABANTWV
« TuTTOI

* NTETEPMIVIOTIKA JOVTEAQ

* [TiIBavoTIK& povTEAQ




' NTETEQUIVIOTIKO '

* YT0oBETOUNE QKPIBEIC OXETEIC
*  KatdAAnAo 6tav 1o o@AaAua TTPOBAEWNC gival apeANTED

* [lapadeiyua: n duvaun ival akpIBwe N yadla €1Ti TNV €TITAXUVON

F=m-a




' [T1IBavoTIKG '

* YT108£0TE OUO CUOTATIKA
o NTETEPMIVIOTIKO
* Tuxaio o@aAua

* [lapadeiyua: o Oykog TTwANoewyv (y) gival 10TTAGo10¢ TWV dla@nUICTIKWY dATTavVWY (X) + Tuxaio
OPaAua

y=10x + ¢

* To Tuxaio o@AAua PNTTOPEI va oQeiAeTal o€ AAAOUG TTAPAYOVTEC EKTOC ATTO T dIaPMIoN




TuTTOI

Probabilistic
Models

v

Regression
Models

v

Correlation
Models




' [TaAivopounon '

« Amavthoelg «lola gival n oxéon JETACU TwV METARANTWV;»
« ECiowon TTou XpnoIJOTToIEITAl

«  Mia apiBunTtikny e€apTnuévn (atTokpIon) METABANTA

« Ti gival va TTpoBAe@Bei

* Mia ] TTEPICOOTEPES APIBUNTIKEG ) KATNYOPIKEG AVECAPTNTEG (ETTECNYNMOTIKEG) METABANTEC

« XpNOIJOTTIOIEITAI KUPIWG YIa TTPOBAEWN KAl EKTIUNON




' BAuara

YTTOBETOUE TN VTETEPUIVIOTIKI) OUVIOTWOO

ETiunon QyvwoTwy TTApaPETPWY TOU JOVTEAOU

KaBopiloupe Tnv karavour] moeavoTnTag Tou TUXaiou O@AAUATOC
EKTignon TUTTIKAG atTOKAIONG OPAANATOG

AZloAoyoupuE TO JOVTEAO

XPNOIYOTTOIOUPE MOVTEAO yIa TTPOBAEWN KAl EKTIUNON




' OpIouoC '

* Opiloupe TIG HETAPBANTEG
« Evvolioloyikn (T1.X. Ala@Auion, TINA)
« Eptreipikn (T1.X. TINA KATAAGYOU, KAVOVIKN TIUN)
« Métpnon (11.x. $, Movadeq)

* YT08€0TE TN QUON TNG OXEONG

* Avapevoueva atroTeAEopaTa (TT.X. TTPOCNUA CUVTEAECTWYV)

* A€ITOUpPYIKA HoP®PN (YPAMMIKN 1 UN YPAUMIKN)
*  AANNAemdpaoceIg




' 2UOXETIOEIC '

rong relationships

Weak relationships




2UOXETIOEIC

No relationship




TuTTOI

Regressi
1 Explanatory I\%odesllson 2+ Explanatory
Variable Variables
4 L 4
Simple Multiple

_ Non- _ Non-

Linear _ Linear _
Linear Linear




' MovTEAO '

 H oxéon PETACU TWV METABANTWV €ival MIA YPAMMIK) OUuvAPTNON

Population Population Random
y-intercept Slope Error

Yy =a +p X+¢

Dependent Independent
(Response) (Explanatory)
Variable Variable

f (X) =d-+ /B - X Mua gvbsia ypopun




' MovTEAO '

Change in x

a = y-intercept

\
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' MovTEAO '

e @ gival To aonueio TouNG (Me Tov agova Y). 2uvnBwg dev Pag evOlapEPE! TTOAU.

* B €ival n KAion (n e@atrToyévn TNG ywviag TTou dnuioupyei n eubeia pe Tov dgova X) — AEyeTal Kal
PUBPOG HETABOANG TOU Y OTav PeTaBAAAETal TO X

* Av n kAion givai 0, 1ote N X dev PTTOPEI va pJag BonBrioel otnv ekTipnon TnG Y. To povTtéAo Oev gival
OnNMAvTIKO.
y; = a+ Bx; + g Observed

O value

8'i = Random error

Observed value



- MovTEAO

/

‘Eva oetypa peyéboug n




' MovTEAO '

[Mw¢ Ba oxedialarte pia ypapurn HEoa aTro Ta ONUEia;

* [lwg TTpoodiopileTe TTOIA YPAMUN «TAIPIACEI KOAUTEQPAY;




' MovTEAO .

I )
// Extiuntég elayiotov tetpaydvev

i /
YA:a_|_b.X — Extipape ta o kot 3
(ue @ kai b avtiotorya)




MovTEAO '

n

LS minimizes » &7 = & +&; + &5+ &,

I=1

Yo =a+ fx; + &

H ypappn trou
TTPOCAPHOETAI NE TA
eAaYIOTO TEPAYWVA
£ival EKEIVN TTOU KAVEI
TO dBpoioua Twyv
TETPAYWVWYV OAWV
QUTWYV TWV OTTOKAITEWV

600 1O dUVATO
MIKPOTEpPO.




MovTEAO

fla,b)=a+ bx,

RE = ZIJ".I’ —f'l:.ﬁ:;,. @]y @2y 0cvy ﬂ.l'l':l.lz

R* (a, b)= ) [y - (a+ bx)
i=]
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MovTEAO
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MovTEAO

a b
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. MovTEAO
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[Tapadelyua

‘;
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[Tapadeiyua
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3 =1 i
=] N < | S
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[Tapadelyua
_ (ZTiLl xi)(2?=1 Yi)

n
i=1XiYi

no .2 _ (Z?ﬂxi)z

i=1%i ”
37 - (19010

(15)
5

=.70

55 —

a=79y —fx=2—-(70)(3) = —-.10

V=—1+.7X




' MovTEAO '

O yevIKOTEPOC TUTTOC YPAUMIKOU JOVTENOU gival :

Y=By+B,Z,+B,Z,+B3Z5+....+B,Z,+€ (1),

OTTOU € €ival N TTPOCAUEZNON MEOW TNG OTToIAC KATTOIA TTapaTienon Y TTEPTEI £€W aTTO TN YPAMMA TNG
TTaAivopounong.

*Av p=1 ka1 Z;=X n (1) yiverai : Y=B,+B,X+€ (1"¢ 10¢NC)
*Av p=2, Z,=X Kal Z,=X? n (1) yivetai :  Y=B+B X+B, X+ (26 TGENC)
*Av p=3, Z,=X, Z,=X? ka1 Z;=X3n (1) yiveral : Y=B,+B, X+, X?*B;X3+¢ (31 10ENC)




MovTEAO

1 akpOTATO

Linear Quadratic Cubic
R
Y SBotBiXtE Y:Bo"'BlX"'Bin\"'g
|

2 akpoTarta

Y=o+ X+, X="BX+e




' MovTEAO '

‘Evac AoyaplOuIKOC HETAOXNMATIOUOGC ETTITPETTEI OTO YPOAMMIKO HOVTEAO VA TTPOCOPPOOTEI O€ KAUTTUAEG
TTOU OIAPOPETIKA ATTAITOUV PN YPOUMIKA MOVTEAQ.

[a TTapadeyua :
Y=a X,;B1 X,B? e
InY =Ina + B,InX; + B,InX,+Ine




' MovTEAO '

To moAAammAaociaoTiko povréAo

Fitted Line Plot
QOutput = 6,099 + 14.06 loglO{Input)

5 0565293
R-5q 98 6%
R-Sqadj) 98.5%




MovTEAO

To €KBeTIKO oVTEAO

Y=(eM(B+B,X))€ <> InY= By+B,X+ne
Eva avriotpo@o uovréAo

Y=1/(Bg+B, X+€) <> 1/Y= BB, X+¢

2.€ QUTIN TNV TTEPITTITWON Ba ¥pnoiJoTtroiNBei n
QVTIOTPOPN TNG ECAPTNHUEVNC METABANTAC WC
QATTOKPITIKA METARBANTA

Eva moAuTTAOKOTEPO UOVTEAD

Y=1/(eNBy+B X+€) < IN(L/Y-1)= B +B, X+¢




MovTEAO

Underfitting

Just right

Overfitting

Regression




MovTEAO '

CURVE-FITTING METHODS
AND THE. MESSAGES THEY SEND

"I \UANTED A CURVED LOOK, IT'S
LINE, 50 T MADE ONE TAPERING OFF!"
ITH MATH®
| LOESS . | LINE .
0. e
- * . o Vo e
"I™M SOPHISTICATED, NOT "M MAKING A
LIKE THOSE BUMBLING SCATTER PLOT BUT

POLYNOIMIAL PEOPLE I DONT WANT TO”




' [Tapadeiyua '

e To TTPWTO TTPAYHA TTOU PTTOPOUUE va DIATTIOTWOOUNE Eival OTI

* 0 ouvteAeoTnG Tou X1 gival apvnTIKOG, onuaivel 0TI N uwnAOTEPN TINA 0dNYEi o€ AMIYOTEPES
TTWANOCEIC,

* 0 ouvTeAeoTAG Tou X2 gival BETIKOG, onuaivel 0TI TO UWPNAOGTEPO £100dNUA CNUAIVEI JEYAAUTEPES
TTWANOEIG.

Y =-2,765-7,738 X, + 12,286 X,




' MovTEAO '

To R? perpd 10 TTOOOCTO TNG ATTOKAIONG TNG £€apTNUEVNGS METABANTAS TO OTToio PTTOPEl Vva €€nynOEi
atrd TNV TTaAIivopounon.
el . > OSSE
H 1ipr Tou R2 kupaivetan Tavia amé 0 éwcl R =] — ———
: SST
AN AN 9
SSE =X u;i =X(Y; -Yi)

SST: ouvoAikA diakUpavon Twv Y amé Y

[Na va e€ival aglomorta Ta armoreAéopara  tnG TToAivopopnong Ba Tpétrel 10 TTARBOC Twv
TTAPATNPACEWYV VA €iVal ONUAVTIKA HEYOAUTEPO ATTO TO TTANBOC TWV CUVTEAECTWY TTOU TTPOCTIOO0UUE
Va EKTIU|OOULE.

‘ETOI, HEPIKEG POPEC CUVIOTATAI O UTTOAOYIOUOC TOU TTPOCAPHOCUEVOU R2:

_(1-R")(n-1)

n—m

(ITpocapurocsuévo)R” =1

n = To TTANB0¢ TTapaTnPnoewy (X, Y;)
M= apIOPOG TWV TTAPAPETPWYV Q



Bayesian Learning

[ <Poia ]|



' Eilcaywyn '

‘Evag oTaTIOTIKOG TALIVOUNTNG: EKTEAET TTIBAvVOAOYIK) TTPORAEWN, ONA. TTPORBAETTEI TTIBAVOTNTEG
OUMMETOXNG OTNV KAGON

« OcuéNio: Baolopévo oto Bewpnua Tou Bayes.

» Amodoaon: ‘Evag atrAdg TagivounTng £XEl OUYKPIOIUN attodoon YE OEVTPO ATTOPATEWY KAl
ETTIAEYUEVOUC TACIVOUNTEG VEUPWVIKWY DIKTUWV

* AU&non: Kabe trapdadeiyua ektraidceuong JTTopei oTadlakd va aucnoel/JEItNoEl TV TTIBAVOTNTA va gival
OwWOoTA MIa UTTOBEC — N TTPONYOUMEVN YVWON UTTOPEI VO OUVOUAOTEI JE TA TTAPATNPOUMEVA
dedopéva

* [lpoTutro: AKOun kai otav ol hEBodol Bayes cival UTTOAOYIOTIKG QUOETTIAUTEG, HTTOPOUV VA TTAPEXOUV
EVA TTPOTUTTO BEATIOTNG ANWNG ATTOQACEWY EVAVTI TOU OTTOIOU JTTOPOUV va PETPNBOUV AAAEC uEBODOI




' MovTEAO '

« Mia KaA oTpaTnyIKN €ival va TTPORAEYETE:

argm}gxP(Y|X1, o, Xp)

(yia TTapadeiyua: Trola ival N moavoTnTa Jia IKOVA va avTITIPOCWTTEUEI TOV apIBUO 5 ue dedopéva Ta
pixel TnG;)




' MovTEAO '

M
«  OeWwpnua GUVOAIKAC TTIBaveTNTAC: P(B)_I le’(B|A)P(A1)
« Oewpnua Bayes: P(H|X)= P(X[H)P(H) _ =P(X|H)xP(H)/P(X)
P(X)

 ‘Eotw X éva dciypa dedouEvwV («atrodeIEn»): N ETIKETA KAAONGS €ival AyvwaoTn

 ‘Eotw H pia uttéBeon ot 10 X avrkel otnv katnyopia C

H kaTtnyopiotroinon €ivai yia tov rpoodiopioud Tou P(H|X), (dnAadr), N €K TwV UOTEPWV
mOavoTtnTa - posteriori probability ): n mBavéTnTa va 1oxvel N uttdBeon dedopévou Tou
TTAPATNPOUMEVOU dEiyUaTOC DEDOUEVWV X

* P(H) (prior probability - Trponyoupevn mOavotTNTa): N apxIkn moavoTnTa
* [a Tapdadelyua, o X Ba ayopdoel UTTOAOYIOTH, aQvECAPTTWS NAIKIAG, E1I000AKATOG,. ..
« P(X): mBavoTtnTa va TraparnenBouv dedouéva deiyuaTog

« P(X|H) (mBavoTtnTa): n mlavotnta Tapartripnong tou dciypaTtog X, dedouévou OTI IoXUEI N
uTTOBEON

* [l.x., 0edopévou Ot 0 X Ba ayopdaacel uttoAoyioTr), n meavoTnta. ot 1o X gival 31..40, yeocaio
£1I000Nua :



' MovTEAO '

o AedopEVWY TWV OEDOUEVWV EKTTAIOEUONG X, N €K TWV UCTEPWYV TTIBavoTnTa piag uttoBeong H, P(H|X),
akoAouBcei To Bewpnua Tou Bayes

P(H |X)= P(XL'&')D(H) — P(X|H)xP(H)/P(X)
« Avetrionua, auTtd PTTopEi va BewpnBei we

posteriori = likelihood x prior/evidence

* [lpoBAEtrel 011 TO X avnkel ato C;, av n mBavornta P(C,|X) ival n upnAdtepn PeTagu OAwv Twv P(C,|X)
Y1a OAEG TIG KAQOEIG K

* [lpakTikry SuoKOAia: ATTaITEI ApPXIKA yVwon TTOAWV TTIBAVOTATWY, TTOU CUVETTAYOVTAI ONUAVTIKO
UTTOAOYIOTIKO KOOTOG




' MovTEAO '

‘EoTw D £va auvoAo TTAEIAdWYV EKTTAIOEUONG KOl TWV CUCXETICOMEVWYV ETIKETWY KAAONG TOUG, Kal KABE
TTAEIA0A AVTITIPOCOWTTEUETAI OTTO £va JIAVUCHA XAPOKTNPIOTIKWY N-D X = (X4, X5, ..., X,,)

* Ag umroBéooupe OTI uTT@pxouv m karnyopieg C,, C,, ..., C..
* Hr1agivounan gival va ecax0ei To HEYIOTO €K TV UCGTEPWY, dnNAadN 10 peyioTo P(Ci|X)
* AUTO uTTOpPEl Va £caxBei atro 1o Bewpnua Tou Bayes

P(X|C,)P(C;)
P(X)

P(C.|X)=

« ETe1dn 1o P(X) gival otaBepd yia OAEC TIC KAACEIG, TTPETTEI VA PEYIOTOTTOINOEI JOVO TO
P(C, [X)=P(X|C/)P(C;)




' MovTEAO '

Mia atrAoTroinuévn UTTO0E0N: TA XAPOAKTNPIOTIKA €ival UTTO Opoug avecaptnTta (dnAadry, dev UTTAPXEI
oxéon €€APTNONG METACU TWV XAPAKTNPIOTIKWV):
n
P(X|Cj)= IT P(x, [Cj)=P(x ICi)xP(x_|Cj)x..xP(x |Cj)
k=1

AUTO MEILVEI ONUAVTIKA TO KOOTOG UTTOAOYIOHOU: MeTpd pdvo Tnv Katavoun KAdong

Edv 10 A, gival katnyopnuaTiko, 1o P(x,|C,) eival To # Twv TTAEIGdWYV 01O C; TTOU £XOUV TIUNA X, VI TO A,
Olaipoupevo pe |C; | (# atro Tig TAeIadeg Tou C; aTo D)

Edv 10 Ak €xel auvexn Tiun, 1o P(x,|C;) uttoAoyiletal ouvrnBwg pe Bacn tnv karavoun Gauss Ye 4ECO

M Kal TUTTIKA attokAion kail P(x,|C;) ivai 1 (x—p)?

g(x, u,0) = \/%Ge 20°

P(X|Ci):g(xk’ﬂcilo-ci)




- [Tapadeiyua '
age

Income studentredit_rating com,

Class:

C1:buys_computer = ‘yes

C2:buys _computer = ‘no’

Data to be classified:
X = (age <=30,
Income = medium,
Student = yes
Credit_rating = Fair)




- [Tapaodeiyua
P(buys_computer = “yes”) =9/14 = 0.643
P(buys_computer = “no”) = 5/14= 0.357

Compute P(X|C;) for each class

P(age = “<=30" | buys_computer = “yes”) =2/9 = 0.222
P(age = “<= 30" | buys_computer = “no”) = 3/5=0.6
P(income = “medium” | buys_computer = “yes”) = 4/9 = 0.444
P(income = “medium” | buys_computer = “no”) = 2/5=0.4
P(student = “yes” | buys_computer = “yes) = 6/9 = 0.667
P(student = “yes” | buys_computer = “no”) = 1/5=0.2
P(credit_rating = “fair” | buys_computer = “yes”) = 6/9 = 0.667
P(credit_rating = “fair” | buys_computer = “no”) = 2/5=0.4

X =(age <= 30, income = medium, student = yes, credit_rating = fair)
P(X|C)) : P(X|buys_computer = “yes”) = 0.222 x 0.444 x 0.667 x 0.667 = 0.044

P(X|buys_computer = “n0”) = 0.6 x 0.4 x0.2x 0.4 =0.019

P(X|C)*P(C)) : P(X|buys_computer = “yes”) * P(buys_computer = “yes”) = 0.028
P(X|buys _computer = “no”) * P(buys_computer = “no”) = 0.007
Therefore, X belongs to class (“buys _computer = yes”)

income [studentredit _rating com|



' YTroAoyiouoi '

* H apeAng ptreudiavn TpoRAswn (Naive Bayesian Classifier) atraitei n kd8e uttd 6poug mlavotnTa va
gival Jn pNOEVIKN.

* AI0@OpPETIKA, N TTPOLRAETTOMEVN TTIBAvVOTNTA Ba gival pndév

* [lapadeiyua: Ag uttoBEcoupe €va ouvoAlo dedouévwy e 1000 tTAeiadeg, income=Ilow (0), income=
medium (990), and income = high (10)

« Xpnon Aatthaciavig d16pbwaonc (N AatTAdciag ektipnong - Laplacian correction)
» [lpooBETovrag 1 o€ KABE TTEPITITWON

* Prob(income =low) = 1/1003

* Prob(income = medium) = 991/1003

 Prob(income = high) = 11/1003

H «d1opBwpévn» mOavoTnTa divel EKTINACEIC TTOU €ival KOVTA OTIC «JN O10pOWHEVES» AVTIOTOIXEC TOUG




' 2. XOAIO '

* [lAeovekTriuara
« EUKOAO oTnV €pappoyn
« KaoAd atroteAéopata TTou AapBavovTal OTIG TTEPICOOTEPES TTEPITITLWOEIG
« MelovekTrjuara
* YT00eon: aveapTnoia JETACU TwV KAACEWYV, ETTOUEVWG OTTWAEIQ aKpiBEIag
* [1paKTIKA, UTTAPXOUV ECAPTAOEIC HETALU TWV METABANTWYV
* [1.X. voookopcgia: aoBeveic: MNpoik: NAIKia, OIKOYEVEIOKO IOTOPIKO K.ATT.
e 2UMTITWMATA: TTUPETOC, BXAC K.ATT.,

» AoB€vela: Kapkivog Tou TTveupova, dIaBATNG K.ATT.

* O1 €€apTAOEIC METAEU aUTWYV OEV PTTOPOUV va PovTeAoTToINBouv atrd Tov Tagivountr Naive Bayes




- KaTtnyopieg '

Gaussian Naive Bayes: Eivail évag atrAd¢ aAyopiBuog Tou
XPNOIUOTTOIEITAI OTAV TA XAPAKTNPIOTIKA €ival ouvexn. Ta
XOPAKTNPIOTIKA TTOU UTTAPXOUV OTA OEQOUEVA TTPETTEI VA

akoAouBouv Tov Kavova TnG kartavoung Gauss. Etmitayuvel e
acloonueiwTta TNV avalntnon kai utTtd ouvBNnKeS, To oPAApa Ba
gival dUo popEc neyaAuTepo atrd 1o Optimal Naive Bayes. \

Optimal Naive Bayes: O Optimal Naive Bayes €TmIAEyel TV TACN R —
TTOU €XEI TN MEYOAUTEPN TTIBAVOTNTA VO CUMBEI. ZUPNPWVa JE TO Classifier
ovoua, gival BEATIOTO. ANAG Ba TTeEpAcel aTTO OAEC TIG OUVATOTNTEG, { K

KATI TTOU €ival TTOAU apyo Kal XpovoBopo.

03 Multinomial i/ )
\—

Naive Bayes

Bernoulli Naive Bayes: O Bernoulli Naive Bayes €ivai €vag
aAYOPIOUOC TTOU gival XPAOINOG yia dedouEva TToU £XOUV duadIka
| OUAdIKA XOPAKTNPIOTIKA.

MoAuwvupiké Naive Bayes: Ta xapakTnpIoTIKA TTOU ATTaITOUVTal
yia autOv ToV TUTTO €ival N ouxvoTNTa TWV AECEWV TTOU
METATPETTOVTAI ATTO TO £YYPAPO.




Outlook Temperature Humidity Windy Play

Yes No Yes Yes No Yes No | Yes No
Sunny 3 | Hot High 3 4 | False 6 2 9 5
Overcast 0 | Mild Normal 6 1 | True
Rainy 2 | Cool
Sunny 2/9 3/5 | Hot 2/5 | High 3/9 4/5 | False 6/9 2/5|9/14 5/14
Overcast 4/9 0/5 | Mild 2/5 | Normal 6/9 1/5 | True 3/9 3/5
Rainy 3/9 2/5 | Cool 1/5

(outlook=sunny), (temperature=cool), (humidity=high) and (windy=true)

P(outlook=sunny | play=yes) = 2/9
P(play=yes) = 9/14

Pi{ ves | E]= Pr[Outlook = Sunny | yes]

el

Probability of
class “yes”

X Pr{Temperature = Cool | ves)
X Pr[ Humidity = High | ves]
X Pt[Windy = True | ves]
Pr{ ves]
Pi[E]

X

2 3 3 3 9
XX XgXy3

Pr[E]

' [Tapadeiyua

[ 4
outlook temperature humidity windy play
sunny hot high false no
sunny hot high true no
overcast hot high false yes
rainy mild high false yes
rainy coo normal false yes
rainy cool normal true no
overcast Co0 normal true yes
sunny mild high false no
sunny cool normal false yes
rainy mild normal false yes
sunny mild normal true yes
overcast mild high true yes
overcast hot normal false yes
rainy mild high true no

Likelihood of the two classes
For “yes” = 2/9 x 3/9 x 3/9 x 3/9 x 9/14 = 0.0053
For “no” = 3/5 x 1/5 x 4/5 x 3/5 x 5/14 = 0.0206

Conversion into a probability by normalization:

P("yes"”) = 0.0053 / (0.0053 + 0.0206) = 0.205

P("no™) = 0.0206 / (0.0053 + 0.0206) = 0.795
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