AmtoOnkec Aedopevwyv Ka
E¢opuén Nvwonc

Naive Bayes — Aiktua Bayes



Baoikeg ‘Evvoiec: ['eyovoTta, AvecapTtnaoia Kal
[1IBavoTNTEC

« [‘eyovoTa (Events)
— T1.X. «€va email gival spam»
— avarrapioTartal cav pia yetapAntn (1.x. A, B)
— gM@avideTal ye pia Tuxaia moavortnTa, 1.X. P(A)

e 2uvepgavion Twv A kai B (joint distribution)
— H mBavornta 1a A kai B va epgavifovral Tautoxpova
— P(A”B) 4 P(A,B)

« Avecaptnoia Twv A kal B (conditional
Independence)

— H gppavion £vog yeyovoTog O€v ETTNPEACE TNV
EUPAVION TOU AAAOU

— Tote: P(A,B)=P(A)*P(B)



To Bewpnua Tou Bayes

H TIBavoTnTa TOU YeyovoTog A, OEOOUEVOU
Tou B: P(A|B)

P(A). N €K TWV TTPOTEPWYV (a priori)
molavoTnTa Tou A

Av 10 A Kal B gival avecaptnra:
P(A|B)=P(A)

['evika: P(A|B)=P(A,B)/P(B)

O@ewpnua Tou Bayes:
P(A|B)=P(B|A)*P(A)/P(B)



Table 1.2 The weather data.

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 cool normal false yes
rainy cool normal true no
overcast cool 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



Naive Bayes (OAa Ta XpOKTNPLOTLKA Elval
aveéaptnta pLeToy TouC)

"® O © Weka Classifier Graph Visualizer: 09:18:53 - bayes.BayesNet
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Taéwvounon pe Naive Bayes

P(C|attl, att2, att3, ...attn)=P(att1|C)* P(att2|C)
*..*P(attn| C)*P(C)/P(attl, att2, att3, ...attn)

Mua pepa pe Bpoxn, kpuo, uPnAn vypaocia Kol agpo Ba
TOWLEEL TEVLC O TTAKTNG, N OXL;

P(PLAY | RAINY, COOL, HIGH, TRUE) =

P(RAINY | PLAY)*P(COOL | PLAY)*P(HIGH | PLAY)*

P(TRUE | PLAY)*P(PLAY)/P(RAINY, COOL, HIGH, TRUE) = (3/9 *
3/9 *3/9 * 3/9 * 9/14) / P(RAINY, COOL, HIGH, TRUE)

P(NOPLAY | RAINY, COOL, HIGH, TRUE) =

P(RAINY | NOPLAY)*P(COOL | NOPLAY)*P(HIGH | NOPLAY)*
P(TRUE | NOPLAY)*P(NOPLAY) /P(RAINY, COOL, HIGH, TRUE) =
(2/5* 1/5 * 4/5 * 3/5 * 5/14) / P(RAINY, COOL, HIGH, TRUE)



Naive Bayes pe aplOuntika

XOLPOLKTN PLOTLKAL
Weather | Temperature | Humidity | Wind | Play
Rainy 71 01 Yes No
Sunny 69 70 No Yes
Sunny 80 90 Yes No
Overcast 83 86 No Yes
Rainy 70 06 No Yes
Rainy 65 70 Yes No
Overcast 64 65 Yes Yes
Overcast 72 90 Yes Yes
Sunny 75 70 Yes Yes
Rainy 68 80 No Yes
Overcast 81 75 No Yes
Sunny 85 85 No No
Sunny 72 05 No No
Rainy 75 80 No Yes




Weather Temperature Humidity Wind
Yes No Yes No Yes No Yes No
Sunny 2/9 3/5 | Mean 73 746 | Mean 79.1 86.2 | False 6/9 2/b
Overcast 4/9 0/5 | SD 62 79 | SD 102 93 | True 3/9 3/5
Rainy 3/9 2/5
L LEOTN TLUA TWV TLHWV TNEG LETABANTAG
K= (Tyunl+tpn2+tpn3+...+tipunN)/N
{ (}'{_'H)g O: TUTILKNA QTTOKALON TWV TLLWV TNEG LETAPBANTAG
N(X) T V"JQTTG' o 20 \/(rl,w]l—,u)z+(rzy772—,u)2+(z'z,u?73—,u)2+...+(n,u77N—,u)2
0= N-1
1 (80—73)2
*R 92
P(temp=80| PLAY) = e 22
N2 *6.2
1 (80—74.6)>
P(temp =80| NOPLAY ) = g 279

N2 *17.9




Alktuo Bayes

* QOPUAALOUOC TTOU HOVTEAOTIOLEL E€OPTAOELC
QLTLOTOTNTAC LLE YpOdLK ovVOopaoToon

e Eilvol evac kateuBuvopevocg akuKALKOC ypadocC e

— Eva oUvoAo KOpBwv, kKaBe KOUBOC avarmapLoTa pLa
netapfAntn
— Mo deopevpevn katavoun yia kabe koppo, dedopevwy
TWV MNTPLKWV ToU KOPBwWV (YovEWV)
e P(Xi| yoveic(Xi))
— Evav niivaka deopevpevwy ritBavotntwy (Conditional

probability Table - CPT) mou &ilvel Tnv KaTtovour we mpog To
Xi kadBg cuvduaACHOU TILWV TWV KNTPLKWV KOUBWV



Aiktua Bayes: Yriapxouv aAAnAeéaptnoeLg avapeoa
OTO XOPOKTNPLOTKA - Eva amAo napadetypa

SPRINKLER RAIM

F 04 06 02 0a
T 0.01 0.99

GRASS WET
SPRINKLER RAIM| T F
F F 0.0 1.0
F T 0.8 0.2
T F 0.9 0.1
T T 099  0.01




AANO TtapadELYIA

* |I'm at work, neighbor John calls to say my alarm is ringing, but
neighbor Mary doesn't call. Sometimes it's set off by minor
earthquakes. Is there a burglar?

 MetaBAntec
— Burglary, Earthquake, Alarm, JohnCalls, MaryCalls

* H tomnoAoyia Tou SIKTUOU avanoPLOTA TV YVWO QTLOTNTOG
(tL ouvdEeTan e TUL):

— A burglar can set the alarm off

— An earthquake can set the alarm off
— The alarm can cause Mary to call

— The alarm can cause John to call



MNapadeypa Tov OLKTUOU
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OALKN Qo KOowvoU KATAVOuN (Full
Joint Distribution)

* H oAlkn amo KowvouU Katavoun opiletal oav To
VLWWOUEVO TWV TOTUKWV OECEVUEVWV
katavouwvV (local conditional distributions)

* P(X,..,X )=m P(X | yoveig¢(X))
* Aappavovtat untoPnv HOVo oL AECOL YOVELC.



MNapadeypa UTTOAOYLOLLOU

Mo pepa rtailpvel TNAEGWVO 0 John kat n Mary, xtumdet
1o alarm, 6ev €xeL yivel Anotela. Exel yivel oelopoc;

P(E,J,M,A~B) P(E,J,M, A~ B)
P(J,M,A~B) P(E,J,M,A~B)+P(~E,J,M,A~B)

P(E|J, M, A, ~B) =

P(EI ‘JIMIAI_IB)z
P(E) - PU[A) - P(M|A) - P(A|-B,E) - P(-B)
=0,002-0,9-0,7-0,29-0,999
P(_'EIJIMIA/_'B)z
P(-E) - PU[A) - P(M]A) - P(A[-B, —E) - P(-B)
=0,998-0,9-0,7-0,001 - 0,999



MaBnon Awktuou Bayes amno 6edopeva
AAlyoplOpuoc k2

e JXTOXOG: OeSOUEVOU EVOC OET TMAPASELYUATWV N EVPECN TNC TILO TILOAVAC
douncg diktuou Bayes

e Jav apyxLKN KaTAoTaon EloAystal pla apykn doun ypadou (katatoén
KOUBwWV).

* KaBopiletal po HEYLOTN TIUA MNTPLKWV KOUPBWV yLa Evav KO po.

e TNV Katataén Twv KOUBwv, kOpBoL mou gudavilovral KATW Ao Evov
KOUBoO 6ev pumopouv va eival untpLkoi tou kKoot

* Apxtka TO O€T PA, TwV UNTPLKWV KOPPBWV Tou KOpPOU i Elval KEVO.

* Ymnoloyiletal To okop Tou SLKTUOU

* OLkOuBoL otnv Katataén eAEyxovTal OELPLAKA

e [la kaBe kOpPo urmoAoyiletal N avénon Tou oKop TOoU SIKTUOU av aUTOC
npootebel oto PA,

* O KOpBOG TTOU LEYLOTOTIOLEL TO OKOP TOU SLkTUOU TpootiBetat oto PA,
* HmnpooBrkn yovewv oto PA, cuveyiletal

— Mé&xpLva ptaoouv Tov PEYLOTO aplOUod YOVEWV yLa Tov KOUPOo

— MEg&xpLva pnv urdpyxouv aAAol KopBot yla tpocOnkn

— MExpL n tpooBnKn yovea vo. NV alUEAVEL TO OKOP TOU SIKTUOU

* O aAyoplBuocg teppatilel 0tav oot oL KOpBoL otnv katdtaén Exouv dextel
eniokePn pla popa



To 2kop tou AlktUou

f

p(B,.D)=P(B)[ ] ] (N.(.r:r_l)—!l)!Nin N,

i1 j=1 k=1

D - dataset, it has m cases(records)
Z - a set of n discrete variables: (X4, ..., X;,)
r,- avariable x; in Z has r, possible value assignments: (Vi,...V; )

B, - a bayes network structure containing just the variables in Z

m; - each variable x; in B has a set of parents which we represent with a
list of variables

g; - there are unique instantiations of ©; (T0 KapPTECIAVO YIVOUEVO OAWV
TWV TIJWYV TWV YOVEWV TOU X;)

Wj; - TTO0EG QOPEG OTA OEOOMEVA Ol YOVEIG eppavifovTtal Ye Tov jth
ouvOUaOo MO TIHWV (unique instantiation of w;, relative to D).

N, —2€ TTOOEG OTTO TIG POPEG TTOU Ol YOVEIG £XOUV OTA OEDOUEVA
OUVOUOOMO TIWV W Kal N METABANTA X; EXEI TIMA V;

Ni= Ny =2 Ny,
k=1



AAyoplOpoc TAN (Tree-augmented Naive Bayes)

* MpooBetel akpeg o eva diktuo Naive Bayes
* JUYKEKPLUEVA, EAEYXETAL N TtPOCORKN evog SeUTEPOU YOVEQ (EKTOC
NG KAAong taévounong) oe kaBe koupo.
*H kAdon &ev €xeL YOVELC
*OL KOpPBoL EMITPETETAL VA TTAPOUV Ovo doun 6€vdpou
*To Bapoc pLag akpng sivol n apotlaia mAnpodopia twv dvo
KOUBwWV NG
*Bplokel To OEVTPO UE TO LEYLOTO PAPOC
*AAyOpLOuOC
*ApXLKA oxnuatiletol £vag MANPNC ypadoc avapeSO 0TOUC
KOUBOoUC eKTOC TNC KAAONG
*YrtoAoyiletol 1o SEVTPO UE TO HEYLOTO BAPOC TTOU EKTELVETOL
otov ypado
sAtaA€yel pila yLa 1o S€vtpo kat divel katevBuvon OTLC AKUEC TOU
*[1p60Be0e TIC AKUEC aTtO TO HEVTPO OTO SiKTUO



Figure 4.2 A Tree Augmented Network (TAN) with class variable C and three
attributes nodes 4;, 42 and A43. C is connected to all the attributes. There are also

directed edges from 4; to A2 and 4 to A43.



Table 4.1: The Construct-tree procedure of CL [Chow and Liu, 1968]

1. Compute Ip(X; ; Xj) between each pair of variables, 7 is not equal to j

2. Build a complete undirected graph in which the vertices are the variables in X.

Annotate the weight of an edge connecting X7 to Xj by Ip(X; ; Xj)

Lad

Build a maximum weighted spanning tree

4. Transform the resulting undirected tree to a directed tree one by choosing a root

variable and setting the direction of all edges to be outward from it

I.(X:Y)= P(x,y)log—>21:
d IEXZ;‘.E}- ' P(x)Pl(y) (4.1)



[MAcovekTnuato twv SIKTUwV Bayes

* MapExouv pa puolkn avamopaoTocn yLo
OUOXETLOELC AULTLOTNTOC

* Emutpemnouv tnv avanopaoctocn apeBatwv
nopaATNPNOEWV

* H tomoAoyla kat ot mivakec CPTs ammoteAoUv

CUUTTOYN QVOITOPAoTAoN TS OALKNC Ao Kolvou
KOTOVO NG

* Eilvow ouvnBwc eUKOAO VOl KATALOKELAOTOUV OO
el01lKkoUC TNC Bepatikng meploxne (domain experts)



