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BCTYII

Jlis po3yMiHHSL TIPOIECY MPUMHATTA pPIllIEHh B YMOBaX HEBH3HAUYEHOCTI
pO3MIISIHEMO 3ajjadyy, Ha3BaHy Ha YECTb BEIy4Or0 aMEpPUKaHCHKOI TeJerpu
"Let’s Make a Deal" Monrti Xoiuta (Monty Hall, 1921-2017).

VY SBiTb, 1110 BU CTaJIH yYaCHUKOM IpH, B SIKiif BaM HEOOX1THO BUOPATH OJHY
3 TpbOX JIBEpei. 3a OAHIEIO 3 IBepe 3HAXOIUTHCA aBTOMOOLIb, 32 IBOMA 1HIIIUMHU
nBepuMa — Ko3u. Bu Bubupaere oHy 3 IBepeid, HapuKIIaa, HoMep 1, mcis mporo
BEIyUUil, KU 3HA€, 1€ 3HAXOJUTHCSI aBTOMOOLIIb, a /1€ — KO3U, BIAKPUBAE OJIHY 3
pelITy ABepei, HaNpuKiaa, HoMep 3, 3a sIKOK 3HaXOAUThCs Ko3a. Ilicis uporo
BIH 3alHUTY€ Bac — 4d HE OakaeTe BU 3MIHUTH CB1M BUOIp 1 BUOpATH ABEP1 HOMEP
2? Yu 30uUThIIATHCS Ballll IIAHCH BUTPATH aBTOMOO1Ib, SKIIO BU NpHUIMETE
MPOTIO3HUIII0 BEy4Oro 1 3MIHUTE CB1i BUOIP?

YyacHuky Tpu 3a3jajieriib BIJJOMI HACTYIHI IIpaBWja: aBTOMOOLIb
PIBHOMMOBIPHO PO3MIIICHUI 32 OYyJb-SKOIO 3 TPbOX JBEpEH; Beayduil B Oy/b-
SKOMY BHITQJIKy 3000B'I3aHUI BIAKPUTH JIBEPI1 3 KO3010 (ajie HE Ty, SIKy BUOpaB
rpaBellb) 1 3aMpPONOHYBATH T'PaBIEBl 3MIHUTHU CBIA BHOIp; SIKIIO Y BEAY4YOTO €
BUOIp, SIKY 3 ABOX JBEpEH BIIKPUTH, BIH 00upae Oyab-sKy 3 HUX 3 OJIHAKOBOIO
HMOBIPHICTIO.

BBenemo no3nauenHs: H; — aBToM0oO11b 3HAXOAUTHCA 3a JBEpHUMa HOMep 1,
H, — aBTOMOOWIb 3HAXOAUTKCA 3a JBepuMa HOMep 2, H; — aBTOMOO1UIb 3HAXO-
nuThes 3a aAepuma Homep 3. [loxii Hy, H,, H; yTBOPIOIOTH IOBHY TPYITY MOIIH.
AnpiopHi IMOBiIpHOCTI o1 H; TOPIBHIOIOTH

P(H,) = P(Hy) = P(H3) = 1/3.
[Toxist A — yuacHuk oOupae nBepi Homep 1, Beayuuil BikpuBae 1Bepi Homep 3.
O6uucaMMoO anocTepiopHi WMoBIpHOCTI oAl H;, i = 1,2,3, 3a yMOB, 110 MO/Tis
A Binoynacs: P(H;|A), P(H,|A), P(Hs|A).

Benyunii BiakpuBae nBepi Homep 2 abo naBepi HOMEpP 3 3 OJHAKOBOIO
HMOBIPHICTIO, SIKIIO aBTOMOOUTb 3HAXOAWTHCS 3a ABEpHUMa HOMep 1, Tomy

P(A|H;) = 0,5. Benyuwnii BinkpuBae nBepi Homep 3 3 IMOBIpHICTIO 1, SIKIIO
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aBTOMOOILIb 3HAXOAMTHCS 3a ABepuMa Homep 2, tomy P(A|H,) = 1. Bemyunii
HE BIJIKpUBAE JIBEp1 HOMEP 3, SKIIO aBTOMOOLTb 3HAXOUTHCS 3a IBEpUMA HOMED
3, Tomy P(A|H3) = 0.
ArnoctepiopHi iMoBipHOCTI ol H;, i = 1,2,3, 10piBHIOIOTH
P(A|H;)P(H;)
P(A|H,)P(H,) + P(A|H,)P(H) + P(A|H3)P(H3)'

P(H;|A) =

1 2
PHIA) =5,  PHIA) =3,  PH|A)=0.

[Ilancu BUrpaTH aBTOMOOLIE 301IBIIATHCS, SIKIIO MPUAHATH MPOTIO3UIIII0
BEAy4Oro i 3minuTe BHOIp, ockinbku P(H,|A) > P(H,|A).

ImoBipHicHOIO TpadiuHo0 MoaeUT0 3a1a4ul MoHTi Xoiia € OalieciBCcbKa
MeperKa MojilaHa OpIEHTOBAHUM allMKJITYHUM TpadoM 3 BepimHamu Contestant,
Prize, Host, pebpa sIKOoro XxapakTepu3yloTh TPUUMHHO-HACTIAKOBI 3B SI3KU MK
BepmrHamu. IMoBipHicHI po3noainu BepmmH Contestant, Prize Ta yMOBHHIA

IMOBIPHICHUHM PO3MO1T BepIIMHA HOoSt HaBeIeHO Ha PUCYHKY 1.

Contestant Prize

Doorl 0,3333... Doorl 0,3333...

Door2 0,3333... Door2 0,3333...

Door3 0,3333... Door3 0,3333...
Host

Contestant Door1 Door2 Door3
Prize Doorl Door2 Door3 Doorl Door2 Door3 Doorl Door2 Door3

Doar 1 0,0 0,0 0,0 0,0 0,5 1,0 0,0 1,0 0,5
Doaor2 0,5 0,0 1,0 0,0 0,0 0,0 1,0 0,0 0,5
Door3 0,5 1,0 0,0 1,0 0,5 0,0 0,0 0,0 0,0

Puc. 1. BaiieciBchka mepexka Monty Hall

BuxopuctoBytoun 06aileciBCbKy Mepexy MOXHa MOJEIIOBATH PI3HOMAHIT-
HI cuTyarllli, ToOTO 3aJaBaTh BEpPIIMHAM MEpEeXkl JesKi 3HAYEHHS CTaHIB 1

OTPUMYBATH HANOUIBII IMOBIpHI 3HaYEHHsI CTAHIB JUISI IHIITUX BEPIIMH MEPEXKI.



VYyacHuk oOupae oOJIHY 3 JABEpei, Hampukiaa, HoMep 1, micis UbOro
BEIy4Hi, SIKHI 3HAE, 1€ 3HAXOIUTHCS aBTOMOO1JIb, a JIe — KO3H, BIAKPUBAE OJTHY 3
pellTy ABEepeH, HalpHUKiIaa, HOMep 3, 3a SIKOI0 3HaXOoAuThcs Ko3a. Ilicis mporo
BiH 3aIIUTy€ — YU HE OakaeTe BM 3MIHUTHU CBIM BUOIp 1 BUOpatu ABepi Homep 27
[[lancu BUrpaTH aBTOMOOLIL 30UIBIIATHCS, SKIIO MPUUHATH MPOIO3UILIIO

BEy4Oro i 3MiHUTE BUOIp (IUB. puUC. 2).

Contestant

Prize
I i00% - Doord B | 33.33% - Doorl
T o%-poor2pP B &657% - Door2

[ ] 0% -Door3 |:| 0,00% - Door3

Host
[ ] 0% -Doorl
[ ] 0% - Door2

Il i00% - Door3

Puc. 2. AnocrepiopHuii po3noaut BepiiuHu Prize

VYyacHuk oOupae oAHy 3 JABEpeH, Hampukiaad, HoMep 1, MiCHs OO
BEIy4YUH, IKUI 3HAE, 1€ 3HAXOAUTHCS aBTOMOO1JIb, a JIe — KO3U, BIIKPUBAE OJHY 3
pemTH IBeper, HampuKiIaa, HOMEp 2, 3a KO 3HaXOAuThes ko3a. [licis 1poro
BIH 3alIUTy€ — Y HE Oa)kacTe BU 3MIHUTHU CBid BUOIp 1 BUOpaTH ABepi Homep 37
[[Tancu BurpaTd aBTOMOOLIL 30UTHIIATHCS, SAKIIO TPUUHATH MPOTO3UIIIIO

BEIy4Oro i 3MiHuTe BUOIp (IUB. puc. 3).

Contestant

Prize
Il i00% - Doord B ] 33.33% - Doorl
I:|:| 0% - Door2 [P [ ] 0.00% - Door2

[ ] 0% - Door3 -:| 66,67% - Doord

Host
<|:| 0% - Doorl
Il i00% - Door2
[ ] 0% -Door3

Puc. 3. AnocrepiopHuii po3noaius BepiuHu Prize

[Tonanns GaiteciBChKOi Mepexi, popMyBaHHS WMOBIPHICHOTO BUCHOBKY Ta
noOy0Ba MOJieie MipKyBaHb B 0ali€CIBChKIM Mepexki pO3TIISIHYTO B YacTHHI 1
nocioHuka. TouHi Ta HaOMMKEHI anroputMu (QOpMYBaHHS WMOBIPHICHOTO
BHCHOBKY B 0ail€CIBChKIM MEpeki, BUOIP CTPYKTYPH MEPEXi PO3TIISAATUMYThCS

B HACTYITHMX YaCTHHAX HaBYAJIBHOTO MociOHuKa “IMoBipHICHI rpadiuHi Moaemi”.
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1. OCHOBHI MOHATTS Teopii KMOBiIpHOCTEMH

1.1. YMoBHA HMOBIPHICTH

Osznauennsi. Tpiiiky {Q,F,P}, ne Q — mpocTip eIeMeHTapHHUX MO/Iii;
F — o-anrebpa miAMHOXKHUH TIpocTopy (; P — iMoOBipHicTh Ha F, Ha3UBAaTUMEMO
IMOBIPDHICHUM NPOCMOPOM.

ImoBipHicHuii mpoctip {Q,F, P} € MaTeMaTHYHOK MOJEJIII0 CTOXACTHY-
HOTO €KCIIEPUMEHTY, MpU oMY () — MPOCTip eIeMEHTApHUX IO — MaTeMa-
TUYHA MOJIENb HACIIJIKIB CTOXAaCTUYHOI'O eKCIlepuMeHTy; F — o-anrebpa Iij-
MHOXXHH TpocTopy {1 — MaTeMaTH4YHa MOJIEIh aJIreOpH MO CTOXaCTUIHOTO
eKCTIEpUMEHTY (MHOXXHUHU 3 F 111e Ha3UBarOTh MO1IMH); P — IMOBIpHICTb Ha F —
MaTeMaTHIHa MOJCIh YaCTOTH IMO/I1i B TIOCIIIOBHOCTI €KCIIEPUMEHTIB.

O3nauennsi. Hexaii {Q, F, P} — imoBipHicuuii nmpocrip, B € F, P(B) > 0.
Ymoenorw timosipnicmio P(A|B) monii A BigHOCHO mojili B HazuBaTUMEMO

BITHOILICHHS
P(A|B) = P(ANB)
P(B)
Teopema (popmynia mHoxkeHHs ). [ Oyab-sikux nofiit A ta B € F Ttakux,
mo P(A) > 0,P(B) > 0,
P(ANnB) = P(A|B)P(B) = P(B|A)P(A).
Teopema nonmyckae y3arajJbHEHHS.

Hexaii A4, A,, ..., A, — Taki noxii, mio P(A; N A, N ...NA,_;) > 0, Toxi
P(A,NA,_iN..NA,NA;) =
=P(A,|A,-1N..NA, NA)DP(A_1|Ap_o N...NA, NA;)...P(A,|A1)P(A;)

Osnavenns. [lonii H, H,, ..., H,, yTBOPIOIOTh n0O8HY epyny TOJIIN, SKIIO
1) UL H; = Q (xoua 6 ogHa Moisi B €KCIIEPUMEHTI BiOyacs),
2) H; N H; = @, # j (noxii monapHo HecyMicHi).
Axiio noxist A Moxe BiIOYTHCS B €KCIEPUMEHTI 3 OJIHIEIO 3 MO
Hy, Hy, ..., H,, SKi yTBOPIOIOTH MOBHY I'PyIy MOAIM, TO KIMOBIPHICTH moAii A

00UYHCITIOETHCS 32 (OPMYJIIOIO ITOBHOT HMOBIPHOCTI.
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Teopema (¢popmysia moBHoiI MMoBipHocTi). Hexaih Hq, ..., H, — noBHa

rpyna nojuii, mpu nbomy P(H;) > 0,i = 1,2, ...,n. Toxi mis Oyas-saxoi momii A

P(A) = ) P(AIH)P(H).

Hosenenns. Cropucraemocs Tum, mo Uj—, H; = (), mpeacTaBuMo

noJiro A y BUTTISIII

A=A09=Aﬂ<OHi>=O(AﬂHi)-

i=
Ockisibku nojili H; monapHO HECYMICHI (Hl- NH =0,i+ j), To nofli A N Hj,
[ = 1,2,...,n, TaKOX MOMapHO HECYMICHI:
ANHY)N(ANH)=0,i #].

Tomy

P(A) =P (O(A n Hi)> = i P(ANH) = i P(A| H,)P(H)).

Sxmo B pe3ynbTaTli €KCIepUMEHTy mnofiss A BigOynaca W HEoOXigHO
nepeoiHuT imMoBipHOCcTI noali Hy, Hy, ..., H,, Kl yTBOPIOIOTH MOBHY TPyIy
NoMi, 3 ypaxyBaHHSM pE3yJbTATIB €KCHEPUMEHTY, TO HWMOBIPHOCTI MO
H;,i = 1,2, ...,n, obuucmoroTbes 3a hopmynamu baiieca.

Teopema (popmysin baiieca). Hexaii Hy, ..., H,, — moBHa rpyna noiu,
npu 1somy P(H;) > 0,i = 1,2, ..., n. Toxi mis 6yae-sxoi moaii A (P(A) > 0)

P(A|[H)P(H})

P(H;|A) = ,i=1,2,...,n.
(Hil4) k=1 P(A| H)P(Hy)
JIoBe1ICHHS.
panlay < PENA __ PAHPGY
‘ P(A) k=1 P(AlH)P(H)' B

AnpiopHi iimoBipHocTi P(H;) moniii H;, i = 1,2, ..., n BiioMi 10 TPOBEACHHS
excrepuMenTy. Anocrepiopsi iimosipHocti P(H;|A) noxiit H;,i = 1,2, ...,n

OOYHMCITIOFOTHCS ITICTIS IMPOBCACHHSA CKCIICPUMCHTY.
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1.2. He3aqaexHi moaii

Osunauvennsi. Hexait {Q, F, P} — imoBipHicuuii mpoctip. IToxaii A, B € F
HA3UBATUMEMO HEe3AIEeHCHUMU, SKIIO
P(A N B) = P(A)P(B).
Teopema. IToxii A ta B uesanexsi (P(B) > 0) Toxai il TIABKH TOI1, KOJIU
P(A|B) = P(A4).
JloBeaenns. Skmo noxii A Ta B He3anexHi, TO

P(AnB) P(A)P(B) _
P(B)  P(B) P(A).

P(A|B) =

Sxmo P(A|B) = P(A) , to
P(ANnB) = P(A|B)P(B) = P(A)P(B).
OcranHe o3Hayae, 1m0 noali A Ta B He3aJIeKHI.

O3nauennsi. Hexaii {Q, F, P} — imoBipHicuuii nmpocrip. [loxaii A, B € F
Ha3UBAaTUMEMO YMOBHO HE3ANEHCHUMU, AKULO0 8i00MO0, wo nodisa Ce F siobynacs,
SIKIIO

P(ANB|C) = P(A|C)P(B|C).

Teopema. [Toaii A Ta B yMOBHO HE3aJI€XKH], SIKILIO B1IOMO, 1110 mofis €

BigOymnacs (P(C) > 0,P(B|C) > 0) Toxi i TITbKH TOI1, KOJIH
P(A|B N C) = P(A|C).
JoBenenHus. Po3rinsiHeMO yMOBHY HMOBIPHICTb

P(ANBNC) P(ANB|C)P(C) P(ANB|C)

PABNO) =—pB a0 = PGBIOPC) . PBIO)

ko oxii A, B yMOBHO He3ajexH1, SKII0 BiAoMo, 1o noais C BigOynacs, To

P(A|C)P(B|C
P(A|IBNC) = (;(élé)l )=P(AIC)-

Sxmo P(A|B N C) = P(A|C), To
P(ANB|C) =P(AIBNnC)P(B|C) = P(A|C)P(B|C).
OcraHHe 03Hayae, 110 oail A Ta B He3alexHi, sKkio noais C BigOysacs.
3a3HauMMO, 110 3 HE3AJIEKHOCTI MO HE BUIUIMBAE YMOBHA HE3aJIEK-

HICTh MOJIH, 1 HABITAKH.



1.3. JIuckpeTHa BUNAAKOBAa BeJIMUYMHA Ta i po3moaia

BunankoBa BennunHa — 11€ BEJIMYMHA, sIKa HA0yBa€ TUX YM 1HIIUX 3HAYEHb
3aJIE’KHO B1JI HACIIKY CTOXaCTHYHOTO €KCTIEpUMEHTY. Hacmiiki cCTOXaCTHIHOTO
EKCIIEPUMEHTY OMHCYIOThCS TOYKAMH () MHOXHHHU HACHIAKIB {1 TUCKPETHOTO
fimoBipHicHOTO mpocTopy {0, P}, TOMYy BHUIaAKOBY BEJIHUYHHY O3HAYAEMO SIK
¢ynkito X = X(w) Ha MHOXHHI ().

Bunaokosoro eenuuunoro Ha JUCKpETHOMY iMOBipHiCHOMY mIpocTopi {Q, P}
HA3HMBATHMEMO dyukmito X = X(w) = (X1 (w), X, (w),.. .,Xn(a))) 31
3HAYCHHSAMH B R", 3a71aHy Ha IPOCTOPI eIeMEHTapHUX MOIiH (.

Axmo n > 1, To BUMaAKOBY BEIMYHHY X HA3UBAIOTh 0OA2amosUMIpHONO
ab0o 6unaokosolo 3i snauennsimu 6 R™ (sunaokosum eexmopom), 30KpeMa, SKIIO0
n = 2 — 0606umipHoto, Ko n = 1 — 00HoguMipHOO a00 MPOCTO BUIAKOBOIO
BEJTUYMHOIO.

O3navennsi. Bunaakosa BennunHa, sika HaOyBae He OUIBII HIK 371TYECHHE
YHUCJIO 3HAYCHD, HA3UBAETHCS OUCKPEMHOIO BUTIAJKOBOIO BETUIHHOIO.

Bunankosa BennunHa, 3a/1aHa Ha JUCKPETHOMY WMOBIPHICHOMY MPOCTOPI,
3aBXKJIA TUCKPETHA.

O3nauenns. Hexait X — BunajKoBa BeJTMUMHA 31 3HAUCHHSAMHU B R1, 3a1aHa
Ha TpocTopi eneMenTapHux noxii (. Touky x € R! masupaTumemo moociueum
3HauenHsM BATIAAKOBOI BenuunHu X, ko P(X = x) > 0; MHOKHUHY MOKIHBUX
3HadyeHb X Oymemo mosHauatu uepes Val(X).

O3naveHHst. Po3noodinom TUCKPETHOT BUTIAKOBOT BeTUYHHY X 31 3HAUYCH-
Ham B R! nasusarumemo QyHkiiro

Py:x » P(X = x),x € Val(X),
o3HaueHy Ha MHOKHUHI Val (X) pi3HUX MOKIMBUX 3HAYCHD BUIIAIKOBOI BETUIHHI
X, 10 CTaBUTH Yy BiJMOBIJHICTh KO)KHOMY MOXJIMBOMY 3HaueHHIO x € Val(X)
imoBipHicTh P(X = x), 3 sskoro X HaOyBae 1€ 3HaYECHHS.

Po3nozin nuckpeTHoi BUMTaIKOBOI BeMYuHU X 31 3HaYEHHSM B R T gacro

3aMUCYIOTh Y BUTJISI TaOIUIll, Y BEPXHBOMY PAJIKY SIKOi BKa3yHOTh Pi3HI
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MO>KJIMB1 3HAYEHHS BUIAJIKOBOI BETMYMHU, a B HI)KHbOMY — WUMOBIPHOCTI, 3
SKUMHU 111l 3HaYE€HHS Ha0yBalOThHCA.

O3nauenns. CninoHum po3nooiiom BUNIAJKOBUX BeIU4UH X, Y
HA3MBAIOTh PO3IOJILT BEKTOPHOI BUIAIKOBOI BeanuuHu (X,Y)

P:(x,y) > P(X =x,Y =y),xeVal(X),yeVal(Y).

Teopema. Hexaii P(x,y) CIIbHHIA pO3ITO/IIT BUITAIKOBUX BeJn4yuH X, Y.

Tom
P(X =x) =Xy P(x,y), P(Y =y) = X P(x,¥),
O3naveHHs. YMo8HUM po3n0dinom BUTIAIKOBOT BETUYUHH X, SIKIIO

BIJIOMO, 110 BUNIQJKOBA Beau4rHa ¥ HaOyBae 3HaUYEHHS Y HA3UBATHMEMO

PX=xY=y)
P(Y =y)

PX=x|Y =y)= ,xeVal(X),yeVal(Y).

3BiJIcH CMIUIBHUHN PO3MO/1LT BUTIAIKOBUX BEIUMYUH X, Y TOpIBHIOE
PX=xY=y)= P(Y =y)P(X =x|Y =y).

Teopema baiteca njist BunagkoBux BeauduH X, Y HaOyBae BUTTISATY:

P(Y = y|X = x)P(X =
POX = x|y = y) = L yIL(Y:xi])( *) _

B P(Y =y|X =x)P(X = x)
- Yzeva PO =yIX =2)P(X = z)

Teopema (popmysia MHOKEHHS).

P(Xy, ..., Xn) = P(Xy = x1)P(Xy; = x3]X; = x1)P(X3 = x31X1 = %1, X5 = x3)
o P(Xi = 23| X1 = x4, 000, Xpem1 = Xp—1),

x1€Val(Xy), x,eVal(Xy), ..., xeVal(Xy,).
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1.4. He3ajie:kHi BUNIAAKOBI BeJINYUHHA

Bunaakosi Benmnuunu X, Y mezanedcui TOM1 ¥ TUIBKH TOJ1, KOJIU IS BCIX

MOJKITMBUX 3HAYEHb X;, ¥; BUIIAKOBHUX BEJIUYUH X, ¥
P(X=x,Y =y;) =P(X =x)P(Y =y;), x; € Val(X),y; € Val(Y).
Bunankosi Benmuunau X, Y ymoeHo nezanedxcHi 3a ymosu 3a0anoi

6UNaokoeoi eenuyuny Z Toal ¥ TIABKH TOJI1, KOJIH IS BCIX MOXKJIMBUX 3HA4Y€Hb
Xi, Yj, Zx BUMAIKOBUX BequunH X, Y, Z

P(X=x,Y =y;|Z =2) =P(X =x1Z = z)P(Y = y,|Z = z),

x; € Val(X),y; € Val(Y),z, € Val(Z).
YMOBHY HE3aJ€KHICTh BUMIQAKOBUX BEITMYMH CKOPOUYCHO MTO3HAYATUMEMO TaK
P(X,Y|Z) = P(X|Z)P(Y|2),
a0o,
X 1Y|Z2).

3100y1eMOo eKBIBAJICHTHE O3HAUYCHHS YMOBHOT He3alexkHocTi. Po3ainiumo

npasy i By yactunu piBaocti P(X,Y|Z) = P(X|Z)P(Y|Z) na P(Y|Z):

P& viz) _ P(X|2).
P(Y|Z)
JIOMHOKMMO YHCEJIbHUK 1 3HAMEHHUK JIIBOi YACTUHU OCTaHHbOI PIBHOCTI
Ha P(Z):
P(X,Y|Z)P(Z)
P(Y|Z)P(Z)

= P(X|2).

3actocyemo (popmysTy MHOKEHHS JI0 YUCETbHUKA Ta 3HAMEHHHUKA B JIiB1i

YaCTUHI PIBHOCTI:
P(X,Y,Z) B
CxopucTaeMocsi 03HaUCHHSIM YMOBHOI UMOBIPHOCTI ¥ 3/100y1eMO
CKBIBaJICHTHE O3HAYCHHS YMOBHOI HE3AJIKHOCTI BUTIAJKOBUX BeIWYMH X, ¥ 3a
YMOBH 3a7[aHO1 BUITAIKOBO1 BEJIMUYNHHU Z

P(X|Y,Z) = P(X|Z).
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2. [lonanns GaiieciBcbKOI Mepeski

2.1. ®opMyJia MHOKeHHSsI 1J151 OaleciBcbKoOl Mepexi

BuBuatiMemMo CHUIBHUN pO3MOJIT BHUIAJKOBUX BEIHMYMH Xi,...,X,.
HagiTh y HallipOCTIIIIOMY BUIAKY, KOJIM KOKHA BHITQJIKOBA BEIMYMHA HAOyBae
JIBa 3HA4YCHHs, criapHui po3moxin P(X,...,X,) Bumarae BusHaueHus 2" — 1
IMOBIPHOCTEH JIJIs1 pI3HUX KOMO1HAIlIM MOYKJIMBHUX 3HAYEHb BUMAJIKOBUX BEJIMUNH
Xi,..,X,. JlOCUTB CKIJIAIHO TIPOBOAUTH OOYMCICHHS 3 TaKOK BEIUKOIO
KUIBKICTIO 3HAa4€Hb, a TaKOX 30epiratu ix B mam'sTi komm torepa. [Ipaktuuno
HEMOXJIUBO 3000yTH €KCHEPTHI OILIHKKA WMOBIPHOCTEH BCiX KOMOIHAILIMI
MOXXJIMBUX 3HA4YeHb BHUITAIKOBUX BeNWYWH. [l OIIHIOBaHHS HEBITOMUX
napameTpiB CHUIBHOTO PO3MOALTY HEOOXiAHI BEIMKI OOCITU peabHUX JaHUX.
Came 1i mpoOiemMu BUABWIHCS OCHOBHMMH TPYIHOIIAMH MPU 3aCTOCYBaHHI
WMOBIPHICHUX METO/IIB JI0 MOOYJIOBH €KCHEPTHUX CHUCTEM J0 TUX TIip, MOKHU HE
OyB 3ampoNoOHOBaHUM MiaAXia, BUKIaaeHUA B poboTi [1]. KommakTHe momaHHs
CIJIBHOTO PO3MOJAUTY BUIMAIKOBUX BEIUYMH Xq,...,X, 0a3yeTbcsi Ha ABOX
KITFOUOBUX 1/1€51X — BUKOPUCTAHHI YMOGHUX IMOGIPHICHUX PO3NOOLNIE BUTIATKOBUX
BEJTUYMH Ta YMOBHOI He3aNeHCHOCMI BUTIATKOBUX BETUYHH.

Osnauenns. baiieciecvbkoro mepedicero HazuBatumemo napy B = (G, P),
ne G — opleHTOBaHUM anukmuHuii rpad, P — CHOUIBHUA PO3MOJILN, IO
baxTopuzyethcst Ha rpadi G.

Osnauenns. ['pad G 3a0ae MmHOdMCUHY YMOBHUX He3ANEHCHOCHEL,

no8’a3anux 31 CHIIbHUM po3nodinom P, dxmo koxHa BepuiMHa X; YMOBHO

HE 3aJICKUTh BiJl BEPIIUH, SIKI HE € ii HallaJKamMu (NonDescendantin) pu
3aJlaHuX OATHKIBCHKUX BEPIIUHAX JJI1 BEPLUIUHU X; (Parentsxi):

P(X;|X1, Xy, ..., Xi—1) = P(X;|Parentsy,),i = 1,...,n,
Jie BEpIIUHU X1, ..., X, PO3TalllOBaHI B TOMOJIOTTYHOMY MOPSAIKY BITHOCHO

rpada G.

12



dopmyJia MHOKEHHS 1J15 DalieciBecbkoi Mepeski. Hexaii G — OailieciBcbka
Mepexa, mooymoBana Ha Xj,...,X,. CoimsHmii posmomin P(X,,...,X,)
dakTopusyeThcs Ha Tpadi G, SKIO0 HOTO MOXKHA MOJATH SIK JOOYTOK YMOBHHX

IMOBIPHICHUX PO3MO/ILIIB P(X i |ParentSXl.):

n
P(Xy,....X,) = 1_[ P(X;|Parentsy,).
i=1

Teopema. Hexait G — GalieciBchka Mepeka, moOyj0BaHa Ha BUIIAJKOBHUX
BeJIMYMHAX X1,...,X,, P — CUIbHUI pO3MOALNT BUMAAKOBUX BEIUYHH X1, ..., X,,.
Axmo rpadp G 3amae MHOXKHHY YMOBHUX HE3aJEKHOCTEH, IMOB’A3aHUX 31
CHUIBHUM po3nojiioM P, To P daktopusyerhes Ha rpadi G.

JloBenenHs. 3rigHo 3 GOPMYI0I0 MHOXKEHHSI CHUTBHUNA PO3IMOI1LIT
X4,..., X, IOpiBHIOE

P(Xy, X3, -, Xn) = P(X)P(X2|X1)P(X5|X1, X3) -
W PXi | X, o Xi2q) oo P(X )X, ey X p)-

Posrnsaemo oaun MHOXHHMK P(X;|Xy, ..., X;_1). Ockingbku rpad G 3amae
MHO>XMHY YMOBHHMX HE3aJIe)KHOCTEU, MOB’SI3aHUX 31 CHUIBHUM PO3MOJAUIOM P,
TO JU1s1 KOKHOI BEPIIMHHU X!

(X; L NonDescendantsy,|Parentsy,),i = 1,...,n.

Bci GaTpkiBChKI BepimmHU i1 X; MICTAThCS B MHOXKHUHI {Xi,...,X;_1},

a JKOJICH 3 HalaIKiB BepIIUHHU X; He HaICKUTh MHOXKHHI {X, ..., X;_1}. OTxe,

{X1,...,X;_1} = Parentsy, U Z,
ne Z © NonDescendantsy,. Toni
(Xi 1 Z|Parentsxi).
Otxe,
P(X;|X1, ..., Xi—1) = P(X;|Parentsy, U Z) = P(X;|Parentsy,).
Toni cnibHUNA PO3IOILT JOPIBHIOE
P(Xy, X5, .., X)) = P(X1|ParentsX1)P(X2|ParentsX2) P(Xn|Parentan),

T00TO P (pakTOopusyerbes Ha Tpadi G. Teopema noBeneHa.
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Teopema. Hexait G — GalieciBchka Mepeka, moOyJ0BaHa Ha BUIAJKOBUX
BEJIMYMHAX X7,...,X,, P — CIUIBHHUI PO3MOIi] BUMAAKOBUX BEIUYHH X1, ..., X,,.
Sxmo P dakropusyerbest Ha rpadi G, To rpad G 3ama€ MHOKHMHY YMOBHUX
HEe3aJICKHOCTEH, MOB’ I3aHUX 31 CIIUJIBHUM PO3MOALIOM P.

Hosenenns. CoinpHul po3noain P ¢pakropusyerhes Ha Tpadi G, ToOTO
crpaBeiyiiBa opMyJia MHOXKEHHS 11 0ali€CiBCHKOT Mepexki

P(X,X,,....X,) = P(X1|ParentSX1)P(X2|ParentSX2) P(Xn|Parentan).
Tokaxemo, mo (X; L Z|Parentsy,),Z S NonDescendantsy,, 30kpema,
P(X;|X1, X2, ..., Xi—1) = P(X;|Parentsy,).
JiticHo,
P(Xy, X3, o, Xi)
P(Xy, X5, o Xii1)

_ P(X1|ParentsX1)...P(Xi|Parentin)
- P(X1|ParentSX1) P(Xi_1|Parentin_1)

P(Xile,Xz, ""Xi—l) -

= P(Xl- |Pa'rentle.).

Teopema noBeneHa.

2.2. baiieciBcbka Mepeska Insurance

BaiteciBcrka Mepeska Insurance mpeacTaBieHa OpiIEHTOBAHUM AllUKITYHUM
rpadoM, B BEpIIMHAX SIKOTO 3HAXOMSTHhCS XapaKTEPUCTUKHU KIIEHTIB Ta iX
aBTOMOOWTIB, a Opi€HTOBaHI pedpa MPEeACTABISIOTh BIUIUB OJIHIET XapaKTepuc-
TUKHU Ha 1HmYy. CTpyKTypa Mepexi Ta YMOBHI MMOBIPHICHI PO3MOIIM BEPIIUH
nojgani B [2]. Tak koHueHTpamis yBarum kiieHta Focused Tta ioro Bik Age
BIUTMBAIOTh HA YCHIIMIHICTh KIIIE€HTA B aBTOMIKOM Good Student; KOHIIEHTpaIis
yBaru kiieHta Focused, ioro Bik Age Ta MPOXOKEHHS KYPCYy €KCTPEMAJIbHOTO
BoAiHHs  Extra Training  BrmBaioTh Ha  KBami(iKOBAHICTH  BOJIA
Driver Quality;  xBamidikoBaHicTs Boaiss Driver Quality BmiuBae Ha
KUIbKICTh aBapiil Driving History; koHueHTpallisi yBaru kiieHta Focused
BIUIMBAaE Ha  po3Mip  aBTomoOins  Vehicle Size;  xBamidikoBaHICTh

Bojisa Driver Quality, po3mip aBtomoOuis Vehicle Size, pik BuUIyCKY
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aBTOMOO11s1 Vehicle Year, HasBHICTh IOAYIIKK Oe3Meku B apTomoOuT Airbag
Ta HasIBHICTh aHTHOJIOKYBaJbHOI cucTteMu B aBTomoOum Antilock Brakes
BIUTUBA€ Ha CTYIIHb TSKKOCTI aBapii Accident; pik BHUITYCKY aBTOMOOUIS
Vehicle Year Ta crymiHb TSHKKOCTI aBapii Accident BIUIMBaIOTH Ha BHUTPATH

cTpaxoBoi komnaHii Cost.

Cood Student (£3)

Extra Training ¢<4)

Driver Quality (£5)

Wehicle Year xX8)

Driving History {<a)

Airbag (=)

Antilock Brakes (£10)

s

Puc. 2.2.1. BaiteciBcbka Mepexxa Insurance [2]

PosrisitHeMo yMOBHI He3aJIeKHOCTI B OaileciBChKilt Mepesxki Insurance. Maemo:
(X2 LX),
Xy L X3, X5, X1),
(Xs L X3]X4, X3, X1),
(Xe L X4, X3, X3, X1|X5),
(X7 L Xe, X5, X4, X3, X, |X1),
(Xs L X7, X6, X5, X4, X3, X2, X1),
(Xo L X7, X6, X5, X4, X3, X2, X11Xp),

(X10 L Xo, X7, X6, X5, X4, X3, X2, X11Xp),
(X11 L Xe, X4, X3, X2, X1|X10, Xo, X5, X7, X5),
(X12 L X10,Xo, X7, X6, X5, X4, X3, X2, X11X11, Xg).
15



CrinpHu#t po3noain BepmuH Xq, Xy, ..., X1, 3a7a€THCA 3a JOMOMOT0I0 (popMyu
MHOYKEHHS:
P(X1, X3, o, X12) = P(X121X1, X, oo, X11) P (X111X1, X3, v, X10) -
- P(X101X1, Xg, ooy Xg)P(Xgl X1, Xy, oo, Xg)P(Xg| X1, X3, o, X7) -
- P(X7|X1, X2, ., X)P (X6 | X1, X2, -, X5 )P (X5 | X1, X2, X3, X4) -
" P(X41X1, Xz, X3)P(X3| X1, X2) P(Xo | X1) P (X1)
13 ypaxyBaHHSIM MHOXHUHU YMOBHHUX HE3aJIEKHOCTEH MEPENUILIETHCS Y BUTIISIII
P(Xy, X3, .., X12) = P(X12|X11, Xg) P(X11|X10, Xo, Xg, X7, X5) P (X10(Xs) -
* P(Xo|Xg) P(Xg) P (X7|X1)P (X6|X5)P(X5|X1, X2, X4 )P(X,) -
- P(X3]X3, X1)P(X2) P(Xy).
[TepeBara momanHs crnuibHOTO posnonainy P(Xq, Xy, ...,X12) AK 100yTKy

YMOBHUX IMOBIPHICHUX PO3IO/1JIIB P(X i|Parentin) MOJIAITAa€ B TOMY, IO HAM
HEOOX1THO 3HAaTU B 95 pa3iB MEHIIE OL[IHOK IMOBIPHOCTEN MOKJIMBHX 3HAYCHb

CTaH1B BEPUINH, HI’K MPU O€3M0CEPEeTHBOMY 3aJaHH1 CIIIBHOTO PO3MOALTY.
2.3. BaiieciBcbka mepeska Credit

baiieciBcbka mepexxa Credit npencraBieHa Opi€eHTOBAaHMM AlUKIITYHUM
rpa¢oM, B BEpUIMHAX SKOTO 3HAXOASATHCS XapPaKTEPUCTHUKH KIIIEHTIB, a
OpIEHTOBaH1 pedpa MPEICTaBIAIOTh BIUIMB OJIHIET XapaKTEPUCTHUKUA Ha 1HIIY.
CtpykTypa Mepexi Ta yMOBHI HMOBIpHICH1 PO3MOALIHM BEPIIHH nojiaxi B [2]. Tak
Bik KiieHTa Age Ta BifHOIIeHHs Oopry mo moxoay Ratio of Debts to Income
BIUTMBAIOTH Ha icTopito 1uiatexxiB Payment History, Bik kiienta Age ta ictopis
miarexis Payment History smrBaroTs Ha HadiiHicTh KinieHTa Reliability, moxin
Income ta aktuBm ASSetlS BrumBarOTH Ha MaiOyTHIM moxim Future Income,
MaiOyTHIN qoxin Future Income, BigHomeHHs 6opry o moxoxy Ratio of Debts
to Income Ta Hamidimicte  kmienta  Reliability  BrumBaroTh  Ha

KkpeaurocnpomMoxkHicTh KiaieraTa Credit Worthiness.
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Debts To Income Ra.. Age (2]

@ Payrment History (£3)

Puc. 2.3.1. BaiieciBchka mepexa Credit [2]

Income G50

Feliability <4

Cradit Warthiness {8

PosrnsiHeMO yMOBHI He3ase:KHOCTI B OakieciBebkiilt mepexki Credit. Maemo:
Xz L X1),
(X4 L X11X2,X3),
(X5 L X1, X2, X3, X4),
(Xo L X1, X5, X3, X4|X5),
(X7 L X1, X3, X3, X4|Xs5, Xe),
(Xg L X3, X3, X5, X6| X1, X4, X7).

CnuibHUN po3noaut BepunH X1, X5, ..., Xg 3a1a€ThCs 32 JOMOMOTOI0 (POPMYJIH
MHOKEHHS:

P(Xy,...,Xg) = P(Xgl X1, X, oo, X7)P (X7 | X1, Xo, o, Xg)P(Xg | X1, Xg, oon, X5) -

* P(X5|X1, X2, X3, X4 )P (X4| X1, X5, X3) P (X3|X1, X2) P (X2 |X1)P(X1)

13 ypaxyBaHHSIM MHOKHHU YMOBHHUX HE3QJICKHOCTEH MEPENUIIETbCS Yy BUTIISIIL:
P(Xy, ..., Xg) = P(X1)P(X2)P(X3|X1, X2)P(X4|X2, X3)P(Xs) -
* P(X6|X5)P(X71Xs5, X6) P (Xg| X1, X4, X7).

[TepeBara momanHs croinbHOro posmoniny P(Xy,X,,..,Xg) gk 100yTKy
YMOBHUX IMOBIPHICHUX PO3MO/1JIIB P(X i|Parentin) MOJISITa€E B TOMY, IO HaM
HEO0OX1THO 3HaTHU B 25 pa3iB MEHIIE OI[IHOK IMOBIPHOCTEH MOKJIMBUX 3HAYCHb
CTaHIB BEPIINH, HK MpU 0€3MocepeIHbOMY 3a/IaHHI CHIIBHOTO PO3MOALTY.
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3. IMoBipHicHMIi BUCHOBOK

3.1. AnpiopHuii Ta anocTepiopHuii po3noaijain

[ToOymyBaBIM CTPYKTYPY MEPEXKi CAMOCTIHHO a00 3aTy4UBIIN EKCIIEPTIB
11 11 moOyA0BH, JOCHITHUK OTPUMY€E MEPEXY MEBHOI TOIoJoT1i. BUKopucToBy-
I0YH 1i, MO’KHAa MOJICITIOBATH PI3HOMAaHITHI CUTYyaIlli, TOOTO 3aJaBaTH BEpIINHAM
Mepexki JesKi 3HAYeHHsI CTaHIB 1 OTPUMYBATH HAWOUIbII IMOBIpHI 3HAYEHHS
CTaHIB JJs I1HIIUX BepIIUH Mepexi. [Ipormec oOUYMCIEHHS amocTepiOpHUX
IMOBIPDHOCTEH CTaHIB BEpPIIMHU X; MpPU 3aJlaHUX CTaHAX CIOCTEPEKYBAHUX
BEPIIMH Ha3UBATUMEMO UMOBIPHICHUM BUCHOBKOM.

ArnipiopHuUii po3MoaiLT Oy 1b-9K01 BEpPIIMHUA X; 00UUCIIOETHCS 32 CIUTBHUM
posnoaiiom P(Xy, Xy, ..., Xy,) Bepiun Xy, Xy, ..., Xy

PO)= ) P Xy,
X1,Xio1,Xi41,0Xn

ne criabHuid po3noain P(Xy, ..., X;,) 00UHCTIOETHCS 33 (OPMYIIOI0 MHOKCHHS

1151 OaleciBChKOI MEpeKi:

n
P(Xy,....X,) = 1_[ P(X;|Parentsy,).
i=1

AniocTepiopHUH pO3MMO/LT BEPIIUHU X; 32 YMOBH 33/IaHOTO CTaHy BEPILIUHU
Xj 00umcCIoeThCs 33 (POPMYIIOI YMOBHOT HMOBIPHOCTI:
_P(Xx,X;)
PUIN) =50
(%)

P(XL,X]) = Z P(Xlr""Xn):

Xl:---'Xi—l:Xi+1:---:Xj—l'Xj+1'---'Xn

P(X;) = z P(Xy, ) Xp).

X1,...,Xj_1,Xj+1,...,Xn
ne criapauit po3noain P(Xy, ..., X;,) 00UHCIIOETHCS 33 (OPMYIIOI0 MHOKCHHS

17151 0aleCiBChKOI MEPEexKi:

n
P(Xy,....X,) = 1_[ P(X;|Parentsy,).
i=1
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3.2. Aaroput™m Variable Elimination

PosrnsHemMo HaMmpoCTIMIUI aJrOPUTM TOYHOTO IMOBIPHICHOTO BHCHOBKY
Variable Elimination ayist oGurcieHHs poO3MONITIB CTaHIB BEPIIUHA. AJITOPUTM
BUKJIIOUCHHS 3MIHHOI IIOJISITA€ B IOCIITOBHOMY OOYMCIIEHHI CyM J00YTKiB

MHO>KHHKIB 3a BCIMa CTaHaMU BCPIIHH, SIK1 BUKJTFOYAIOThCS.

Algorithm 1. Sum-product variable elimination algorithm [1, p. 298]

Procedure Sum-Product-VE (
®, // Habip MHOXKHHKIB
Z, Il MHOXXHMHA BepIIIMH, SIKI BUKITIOUAIOTHCS
)
1 Hexait Z3, ..., Z} TOPSAOK BUKITFOUEHHS BEPILIMH 3HAXOAUTHCS 3TIAHO 3
anroputMoM Greedy-Ordering [1, p. 314]
fori=1,..,k
® « Sum — Product — Eliminate — Var(®, Z;)
¢« quecb ¢

return ¢*

o B~ W DN

Procedure Sum-Product-Eliminate-Var (
®, // Habip MHOXKHHKIB

Z, /] BepiuHa, sika BUKIIOYAE€THCS

)
®' « {¢ € P:Z € Scope[¢]}

CD” (_CD_CD,
1/J<—H¢ecb’ ¢
T XY

return ®” v {z}

g B~ W N -
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3.3. ImoBipHicHMII BHCHOBOK B OaiieciBcbKiil Mepexi Insurance

Posnoain BuTpaT cTpaxoBoi kommnaHii X;, Ma€e BUTJIA

P(Xyp) = z P(Xy,...,X12) =

Xp,0X11
Z P(X121X11, Xe) P(X11|X10, Xo, Xg, X7, X5) P (X101 Xs) P (X5 X5) P (Xs) -
Xq,0X11
* P(X71X1)P (X6 X5)P(Xs5| X4, X2, X1 )P (X4)P(X3|X2, X1)P(X5) P (X1).

[Ipu oOuMcieHHI pO3MOALTY BUTpAT CTPAXOBOI KOMIMAHII Oe3mocepeaHe
3acTOCYBaHHs (POPMyIM MHOKEHHS JuIs OaiieciBcbkoi Mepexi Bumarae 110 590
apupmernynux omepaiiii (101 376 mHoxkenb, 9214 nonaBanp). 3acToCy€eEMO
amroput™ Variable Elimination. Tak My 3Ha4HO 3MEHIIMMO YKCIIO OTIEpaIliid Ta
yac o0uncieHHs po3noainy P(X;,).

P(X12) = ) > P(XialXi1, Xa)P(Xs) ) P(KiolXe) Z P(Xs|Xs)

X11 X8 X10

D P IX10, X, Ko, X7, Xs) z PCXOP(X1X)

X7 Xs X1
D PO IX, X)P(X) z P(Xs1Xs) Z P(Xs X, Xz, X)P(X,).
X3 X,
[Topsimok BUKITIOUEHHS BEpIITMH HAOyBa€ BUTITISIY:
Z = {Xy, Xe, X2, X3, X1, X5, X7, X9, X10, Xg, X11}-
Buxkitouaemo Bepuinny X,. 3100yBaeMo

¢1(X1;X2;X4,X5) = P(X5|X1;X2;X4)P(X4),

71(X1, X5, X5) = z Y1 (X1, X2, X4, Xs),

X4

P(X12) = ) > P(XialXi1, Xa)P(Xe) ) P(KiolXe) Z P(XolXs)

X11 X8 X10

> D PAualXio, Xo, Xo, X7, Xs) D PGP 1K)

X; Xs X1

> z P(Xs X, X )P ()T (K, X, Xs) Z P(Xs|Xs).

X3 X
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Bukintouaemo Bepminny Xg. OTpuMaemo

1/’z(Xs'Xs) = P(X6|X5);

7 (Xs) = z b2 (X, Xs),

P(i2) = D ) Pzl Xo)P(Xe) ) P(KiolXe) Z P(XolXs)

X11 Xs X10

ZZP(X11|X10'X9'X8»X7»X5)T2(X5)ZP(X1)P(X7|X1)
7 5

22P(Xg|X2,X1)P(Xz)r1(xl,xz,xs).

X3 X,
Bukntouaemo Bepmimny X,. OTpuMaemo

Y3(Xs, X3, X5, X1) = P(X31X1, X5) P(X3) 71 (X4, X2, X5),

73(Xs5, X3, X1) = z Y3 (X5, X3, X5, X1),

X2
P(X12) = ) > P(XialXin, Xa)P(Xs) ) P(KiolXe) Z P(XolXs)
X11 Xg X10
Z Z P(X11|X10, X9, X5, X7, X5)T2(Xs5) z P(X,)P(X7]X1) Z 73(Xs, X3, X1).

X7 Xs
Bukntouaemo Bepmimny X5. OTpuMaemo

Y4 (X5, X3, X1) = 13(X5, X3, X4),

7,(Xs,X;) = z Y, (X5, X3, X1),
X3

P(X12) = ) Y P(XialXin, Xe)P(Xe) ) P(HiyolXe) Z P(XolXs)

X11 Xs X10
zzP(X11|X10;X9;X8'X7'X5)T2(X5)zP(X1)P(X7|X1) 74 (Xs, X1).
X; Xs X1

Bukintouaemo Bepuinny X;. Otprmaemo

Ys(X7, X5, X1) = P(X)P(X7[X1)T4 (X5, X1),

75(X7, Xs5) = Z Ys(X7, X5, X1),
X4
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P(X12) = ) > P(XialXi0, Xa)P(Xe) ) P(KiolXe) Z P(Xo1Xy)

X11 Xg X10
z z P(X111X10, X9, Xg, X7, X5) T2 (X5) T5(X7, X5).
X7 Xs

Buxkirouaemo BepmnHy Xs. OTprMaemMo
Ve (X11, X10, Xo, X5, X7, X5) = P(X111X10, Xo, X5, X7, X5) 72 (X5)75(X7, Xs),

T6(X11, X10, X0, Xg, X7) = z Y6 (X11,X10, X9, X5, X7, X5),
Xs

P(X12) = ) > P(XialX11, Xa)P(Xs) ) P(KiolXe) Z P(Xs|Xs)

X11 X8 X10
Z T6(X11, X10, X0, X5, X7).
X7
Buxkitouaemo BepmnHy X,. OTpuMaemMo
Y7 (X11, X10, X0, X5, X7) = T6(X11, X10, Xo, X3, X7),
T7(X11, X10, X0, Xg) = z V7 (X11, X10, X0, X3),
X7
P(Xy3) =
=) ) Pyl X PG) D P(XaglXe) Z 7 (X1, X1, Koy X5)P(Xo | Xs)
X11 Xg X10
Buxkitouaemo BepuinHy Xq. OTpuMaemo
Vs (X11, X10, X0, Xg) = T7(X11, X10, Xo, Xg) P (Xo| X)),
Tg(X11, X10, Xg) = Z Vg(X11, X10, X0, X)),

X9
P(Xy2) = zzP(X12|X11;X8)P(X8)zTS(X117X107X8)P(X10|X8)-
X11 Xg X10
Buxkiouaemo BepuinHy X . OTpuMaeMo
VYo (X11, X10, Xg) = Tg(X11, X10, Xg) P(X101Xs),
Tg(X11, Xg) = Z Yo(X11, X10, X3),

X10

P(Xyp) = ZZT9(X11JX8)P(X12|X11'X8)P(X8)-

X11 Xg
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Bukintouaemo Bepminny Xg. OTpuMaemo
Y10(X12, X11, Xg) = To(X11, Xg) P(X121X11, Xg) P(Xg),

T10(X12,X11) = z Y10(X12, X11, X3),

Xg

P(X12) = Z Ty0(X12, X11)-

X11

Buxkiouaemo BepmnHy X;4. OTpuMaeMo
Y11 (X12, X11) = T10(X12, X11),

711 (X12) = z P11 (X712, X11),

X11

P(X12) = 711 (X12).

Tabmuns 3.3.1. Anropurm Variable Elimination

K Brkrio Buxopucrani Buxopucrani Hogwuii
pOK ‘-I?Ha MHOXHHUKH 3M1HH1 MHO>XHHUK
3M1HHA
1 X4 P(Xs|X1, X2, X4), P(Xy) X1, X0, X4, Xs | 11Xy, X5, X5)
2 X6 P(XslX5) Xs, Xg 7,(Xs)
71(X4, X5, Xc), P(X21X4,X5),
3 XZ 1( bz Png)( 3| 1 2) X1'X2'X3'X5 T3(X5rX3'X1)
2
4 X3 73(X5, X3, X1) X1,X3,Xs 7, (X5, X1)
5 X1 P(X;1X1), t4(X5, X1), P(X1) X1, Xs, X7 75(X7, X5)
6 X P(X111X10, X9, X5, X7, X5), | X11,X10, X0, Xg T (X11,X10'X9'
> 7,(X5), 75 (X7, X5) X7, X5 6 Xg, X7
X111, X190, Xo, X11, X10)
7 X7 T6(X11, X10, Xo, Xg, X7) 11)(8’1)%7 ? T7< )1(;)(1:)
T,(X11, X10, X9, Xg) Xga, Xo, X
8 X 7 11,410,429, 228y 8,419,410, To(X ,X ,X
9 P(X9|X8) X11 8( 11 10 8)
9 X10 Tg(X11,X10, X8), P(X101Xs) | Xg, X10,X11 T9(X11,Xs)
P(X,5|X11,Xg)
10 ¢ 121411, <2870 Xs, X1, X T10(Xq5, X
8 T9(X11:X8):P(X8) 8 11 12 10( 12 11)
11 X11 T10(X12,X11) X11,X12 711 (X12)

Peamizanis anroputmy Variable Elimination anst oGuncieHHs po3MoAilTy BUTpAT

KOMIaHii HaBeleHa B JonaTky 2 (BukoHaHo 444 apudmeTuuHi omepari:

316 mHOXeHb, 128 mogaBanb, yac ooumncneHHs cknas 0,0625 cek).
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Age (X2}

Focused (X1}
pill ] 70.00% - Yes)- b ]zs00% -Y{:\ung)
Il ] 75.00% - Old

B ] 30.00% - No
Good Student (X3)
] =7 -YEEB/
‘L <[] 25.25% - Mo
Extra Training (¥4}

=] 10,009 - Yes
~{ ] 50.00% - No

L=

Vehicle Size (X7}
ﬁlj 41,00% - Compact

L] 55.00% - SUV

Driver Quality (X5)
] 4.37% - Good

= Bl ] 53.63% - Bad

Drriving History (X6}
B | £0.00% - After2000 [l 32.51% - No_accidents
] 43.05% - One_sccident

] 40.00% - Befor=2000
Accident (X11) I ] 23.05% - Two_plus_accidents

< Airbag (%3) r—\ :E: £,48% - Severe
4

Vehicle Year [X8)

oL -
Bl ] 52.00% - Yes [ ] 16.31% - Mild
B =00% - No
-:| 77.21% - None

Antilock Brakes [X10)
q.j 46,00% - Yes|)
] 54.00% - Mo

Cost [X12)
] 77.55% - Low >
I ] 2242% - High

Puc. 3.3.1. Po3noais BUTpaT cTpaxoBOi KOMMaHii
P(X,, = Low) = 0,7758, P(X;, = High) = 0,2242.

AmnocTepiopHuil po3Moia BUTPAT CTPAXOBOi KOMIaHIi X, Ma€ BUTJISI
P(Xlz,Xlo = YGS)
P(Xi3|X190 =Yes) = =
(X121X10 es) P(X,, = Yes)

1
Z P(X12|X11'X8)'

~ P(X.,0 = Yes
( 10 ) 1,...,X9,X11

* P(X11|X10 = Yes, Xo, Xg, X7, X5)P (X109 = Yes|Xg) P(Xo|Xg) P (Xg) P (X7|X1) -
* P(X|Xs5) P (X51X4, X2, X1 )P (X4)P(X3| X5, X1 )P (X2)P(Xy).

[Ipu o0GuuCieHH] anmoCTEePiOPHOTO PO3MOLITY BUTPAT CTPAXOBOI KOMMAHIT
Oe3mocepeiHe 3acTOCyBaHHA (POPMYJIM MHOXKEHHS Il OalleCiBCHKOI Mepexi
BuMmarae 55 295 omepamiii (50 688 muoxxens, 4606 momaBaHb, OAHE IiJIEHHS).
3acrocyemo anroputm Variable Elimination. Tak Mu 3Ha4YHO 3MEHIIIMMO YHCIIO

apu(METHYHHUX oIepaliii Ta yac obumcaeHus posmoainy P(X,,|X;o = Yes):

1
D) PWialXey, X)P(Xe)P (Ko = Ves|Xy)
X11 X

P(Xl() - YBS)

11 8

D P(6IXe) D) Py IXig = Yes, Xo, Xo, X5, X5) D PXOP(1X,)
X9

X7 Xs X1

DD P(slXo XP(X) ) P(XelXs) )" P(XslX, Xo, XDPX,).

X3 X Xe
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Tabmung 3.3.2. Anropurm Variable Elimination

Buxkiro

K Buxopucrani Buxopucrani Hownii
poK Hena MHOXXHUKH 3MIHHI MHOKHHK
3MiHHA
v X4 P(Xs|X1, X2, X4), P(X4) X1, X2, X4, X5 71 (X1, X2, X5)
2! Xe P(X¢|Xs) X5, Xe 73(Xs)
31 XZ 7'-1()(1')(2')(5)fP()(3|)(1')(2)1 Xl!XZ!X?)'XS Té (XS,X3,X1)
P(X3)
4' X3 73 (Xs, X3, X1) X1, X3, X5 T4 (X5, X1)
5, Xl P(X7|X1)rT4,1-(X5JX1)rP(X1) XliX51X7 Té(X71X5)
Xlo ES YeS,Xg, X11'X9'
6 | x | T (X“ Xg, X7, Xs ) oo Tg< X, X5, >
75 (Xs), 75 (X7, X5) gomes X190 =Yes
7' X ! (Xll’Xlo = Yes,) X11, Xo, ! <X11:X9'X8')
7 6 Xq, Xg, X7 Xg, X5 "\ X,0 =Yes
' 77(X11, X10 = Yes, Xo, Xg), ' ( Xg, X11, )
8 X P(Xo|Xe) Xg, X9, X171 | Tg Xy, = Yes
P(X12|X11'X8)1P(X8)r X., X
10’ Xg Tg(X11, X109 = Yes, Xg), Xe, X11,X12 | T10 (X 12,= llfle;s)
P(X;o = Yes|Xg) 1
! ! ! X )
11 X11 T10(X12, X11, X10 = Yes) X11,X12 T11 <X10 ;2y95>
Focused (X1) Age (X2}
G-] 70,00% - Yeshc b 2s.00% -Y{:\ung)
B ] 20.00% - No ] 75.00% - Oid

Airbag (%3]

Q-] 74,51% - Yes
B ] 25.09% - Mo

[=]

[=]

Good Student (X3)
[ 13.75% - Yes[
] &5.25% - Mo

Vehicle Size (X7)
A 4100% - Compact
] 55.00% - SUV

Vehicle Year (X8)

Driver Guality (X5}
W] #6.37% - Good

S ] 5363% - Bad

~| Extra Training (¥4)
I 10.00% - Yes(=
0| s0.00% - Mo

Driving History (X8}

] E5.70% - After2000
[ 11.30% - Before2000

Accident [(X11)

T

([ | 311% - Severs
>§| 12,41% - Mild
] &4.48% - Nene

Antileck Brakes (210}

N
]

100% - Yes|”
0% - No

Cost (X12)
] &3.02% - Low >
] 15.58% - High

H_] 33.51% - No_accidents
] 43.05% - One_accident
I_] 23.05% - Two_plus_sccidents

Puc. 3.3.2. AnocrepiopHuii po3mo/Iij BUTPAT CTPAXOBOi KOMMaHI1

P(Xlz == Hl’ghIXlO - YeS) == 0,1698, P(X12 == LOWleO - YeS) == 0,8302
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Focused (X1) Age (X2}
F{IL] 70.00% - Yes)c 0] zs00% -Y{:\ung)
0] 3000% - No Il ] 75.00% - Oid

Good Student [X3)
O] 1=.75% - vesf"
] 56.25% - Mo

Driver Guality (X5}
] 46.37% - Good

Bl ] 5353% - Bad

[=]

Vehicle Size (X7)
tlj 41,00% - Compact

~| Extra Training (X4}
A w00 'Tﬁi
] 58.00% - SUV

- 30.00% - No

Vehicle Year (X&)
] 35.56% - After2000
I ] 5444% - Befor=2000

Drriving History (X6}
] 33.51% - No_accidents
] 43.05% - One_accident

Airbag (X9) 4 EELElL I:' 23,05% - Two_plus_accidents
I N (] 9.35% - Severs
B ] +2.00% - i [ ] 13:53% - Mild
r o - D
Il ] 7102% - None
Antilock Brakes [X10)
1 0% - Yes|
Bl 100% - No

Cast (¥12)
] 7255% - Low >
I ] z7.05% - High

Puc. 3.3.3. AnocrepiopHuii po3noIiJl BUTpAT CTPAXxOBOi KOMMaHi1

P(X,, = High|X,, = No) = 0,2705, P(Xy, = Low|X;, = No) = 0,7295

Peaunizanis anroputmy Variable Elimination anst oGurcieHHs po3MoALTy BUTpAT
KOMMaHii HaBeAeHa B M0AaTKy 2 (BuUKOHaHOo 241 apudmernyna omneparis:

160 muoxeHb, 80 momaBaHb, oHE AieHHS, yac obduncieHHs ckiaaB 0,0938 cek).

AmnocTepiopHuil po3Moia BUTPAT CTPaXxoBOi KOMIaHii X, Ma€ BUTJISI
P(Xlz,Xlo = Y€S,X9 = YeS)
P(X,, = Yes,Xg = Yes)

Z P(X121X11, Xg) -
Xl,...,Xg,Xll
- P(X11|X10 = Y€S,X9 = YeS,Xs,X7,X5)P(X10 = YeS|X8)P(X9 = YeS|X8)
- P(Xg) P(X7|X1)P (X6 |X5)P (Xs5|X4, X2, X1)P(X4) P(X3] X2, X1)P(X2) P(X1).

[Tpu oGumCIIeHH] amOCTEPIOPHOTO PO3MOLITY BUTPAT CTPAXOBOI KOMMAHIT

P(X12|X10 ES YeS, Xg - YGS) -

1
"~ P(X4, = Yes, X, = Yes)

oesnocepeHe 3acTocyBaHHS (OPMYJIM MHOXKEHHS Ji1 0ale€CiBCbKOT Mepexi
BuMarae 27 647 onepariii (25 344 muoxenns, 2 302 nogaBaHHs, OJHE TIJICHHS).
3acrocyemo anroput™M Variable Elimination. Tak My 3Ha4HO 3MEHIIUMO YHUCIIO

omepaiiiii Ta yac oburcaenus posmonainy P(X,,|X;o = Yes, Xy = Yes).
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P(X12|X10 - Y€S,X9 - YeS) ==

1

~ P(Xy = Yes, Xy = Yes)

X11 Xs

D) Py, X)P(Xe)P (g = Ves|Xs)

P(Xg - YeleS)zzP(anXlO = YeS,Xg = YeS,Xg,X7,X5)ZP(Xl)P(X7|X1)

X7

zz P(X3|X2,X1)P(Xz)z

X3 X

X5

X6

X4

P(XlXs) D P(XsXa Xo, X)P(X,)
X4

Tabmuns 3.3.3. Anropurm Variable Elimination

K Buinio Buxopucrani Buxopucrani Hogwuii
POK HeHa MHOXHHUKHA 3MIHHI MHOYKHHK
3MIHHA
1, X4- P(X5|X1)X2)X4)'P(X4) X11X21X41X5 Ti(XliXZJXS)
2! Xe P(X|Xs) X5, Xe 75 (Xs)
Ti(XSJXZJxl)'
3, XZ P(X3|X1)X2)) X11X21X31X5 Té(X51X31X1)
P(X3)
4 X3 73(Xs, X3, X1) X1, X3, X5 74 (X5, X;)
P(X,1X),t.(Xs, X1),
5' X 7L 4 S X, Xs, X 16(X,, X
1 P(Xl) 1 5 7 5( 7 5)
p (X Xlo = YeS,Xg = Yes,) Xll'
11 Xg, X7, X X0 =Yes
[} 8y 47,45 ! 10 ’
o 75 (Xs), Haw Xe X7, X5 76|y, = Ye&)
T'!')(X7)X5) X8;X7
X11,
, , (( X11, X10 = Yes, , | X10 =Yes,
7K T (X9 = Yes, X8,X7) X1 X X7 T2\ X, = ves,
X
P(X1)2(|X1)1(;X8);5(X8); vy
1 (11,410 = Y €S, 12, 411,
10/ X8 7( X9 — YeS,XS ); X8;X11;X12 T{O <X10 e Yes})
P(Xg - Y€S|X8), Xg == YeS
P(Xyo = Yes|Xg)
X
Xi5,X11,X190 = Yes, 12
11 X1 T10 ( . )}1 =113es eS) X11,X12 T11 <X9 = Yes,)
9 XlO = YeS

Peamizamist anroputmy Variable Elimination ans oGuucnenust po3noiny

BUTpAT KOMIIaHI1 HaBeJIeHa B TOAATKy 2 (BUKoHaHO 217 omepartiii: 160 MHOXEHB,

56 nmomaBanp, 1 gineHus, yac oouncienns ckiaas 0,078 cek).

27




Focused (X1} Age (2]
£ ] 70.00% - Yes) . b ] zs00% -Yﬂung>
B ] 30.00% - Mo Il ] 75.00% - Old
Good Student (X3}
[ ] 13.75% - ves[
] &5.25% - No
Vehicle Size (%7} -] Extra TI?E;:E [)E;t;
klj 41,00% - Compact [ A

] 55.00% - SUV Driver Quality (X5} ] 20.00% - No
W] 4.37% - Good

A ] 53.63% - Bad

L= =]

Vehicle Year (X8) Drriving History (X&)
I 54.72% - After2000 ] 33.91% - No_sccidents

[] 525% - Before2000 ] 43.05% - One_sccident

Rirbag (X3}

Accident [X11) .
4 73,05% - Two_plus_sccidents
r—\ [ ] 247% - Severs ]

I i I 11,45% - Mild

] &5.07% - Mone
Antilock Brakes (X10)

Bl i00% - Yes
] 0% - No

I 100% - Yes
[] m%-nNo

A

Cost (%12}
] 5422% - Low >
] 15.78% - High

Puc. 3.3.4. AnoctepiopHuii po3noAi BUTpAT CTPaXxoBOi KOMIaHIi
P(X,, = High|X,, = Yes, Xq = Yes) = 0,1578
P(X;, = Low|X;o = Yes, Xy = Yes) = 0,8422

Focused (X1) Age (X2}
p{l ] 70.00% - Yesh o ] =0 -‘l’{:\ung)
] 30.00% - No Il ] 75.00% - Old

[=]

Good Student (x3)
[ ] 13.75% - Yes[~
O\ 6.25% - No

- Extra Training (X4}

Vehick Sze (X7) M7 10,009 - ves[=
L‘I:l bt esee ol e
'.:l 552, 00%e - SUV ik

[
kd

Vehicle Yaar (X8)
[ ] 14.51% - After2000

] &5.45% - Befor=2000

Driving History (X&)
] 33.51% - No_accidents
] 43.05% - One_accident

- - Accident (X11) 33,089 - Two,_plus, sccidants
|:m|rbagg£:9}Y ...<’ I——'\ [ ] 12.57% - Severs L] _Plus_
o - TES)I~y .
o0 - v -E/ i ] 23.00% - Mild
Yo - No
-:l &4, 41% - None

1 0% - Yes
Bl i00% - No

ﬁ Antilock Brakes (X10)

Cost (%12}
] 58.45% - Low >
] 31.54% - High

Puc. 3.3.5. AnoctepiopHuii po3noAii BUTpAT CTPaxoBOi KOMIaHIi
P(X12 = ngthlO = NO,Xg = NO) = 0,3154‘
P(Xlz - LOW|X10 == NO,XQ == NO) - 0,684‘6
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Airbag (¥9)
A 100% - Yes
[] o%-no

Focused (X1}

I ] 22.35% -No

G-] 77,75% - Yesho

Age (X2}
[ ] 1z3% -Yﬂung)
] &7.64% - Old

L= =]

Good Student (X3)
[ &32% - ves[
] #1.65% - Mo

Vehicle Size (X7)

] 51.32% - sUv

tlj 38,66% - Compact

Extra Training (X4}

] 125 "I’Eé
] &7.15% - ho

Drriver Quality (X5}

L]

Vehicle Year (X8}
] 34.72% - After2000

L,.25% - Before2000

I 100% - Good

[] 0% -Ead

Drriving History (X6}
] 50.00% - No_asccidents
W] 35.00% - One_accident

[] 1.0%% - Severs

Accident (X11) ] 15.00% - Two_plus_sccidents

WA

Antilock Brakes (X10)
[ |
]

[ 10,26% - Mild
] 55.65% - None

100% - Yes
0% - No

Cost (X12)
] &5.67% - Low >
[] 14.33% - High

Puc. 3.3.6. AnoctepiopHuii po3MoIia BUTPAT CTPAXOBOi KOMMAaHil

P(X1, = High|Xq
P(Xlz = LOW|X10

#irbag (X9)

G.j £3,30% - Yes| -

Focused (%1)

] 3670% - No

=Yes, Xqg = Yes, X5
YeS,Xg == YeS,Xs

Good)
Good)

Good Student (X3)
I ] 1845% - Yes&
] &1.55% - No

0,1433,
0,8567

Age (32}
] 35.93% - Young >
B ] 54.07% - Old

L= =]

Vehicle Size (X7)
] 43.01% - Compact
Bl ] 56.95% - suv

~| Extra Training (X4}
[ ] 7.53% - Yes
] 5247% - No

Drriver Quality [X5)

Vehicle Year (X8}
[ ] 14.51% - After2000
] &5.45%: - Befor=2000

[] 0% -Good
I 100% - Bad

Drriving History (X&)
I ] 20.00% - No_accidents

G%-YE] ;

(=ESRD,

Antilock Brakes (210}

[
I

A [ ] 1538% - Severs
’ﬁ B ] 27.51% - Mild
] 56.50% - None

] 50.00% - One_zccident

Accident (X11) ] 30.00% - Two_plus_accidents

0% - Yes
100% - No

Bl ] 5475% - Low >
W] 35.25% - High

Cost (X12)

Puc. 3.3.7. AnoctepiopHuid po3Ioiia BUTPAT CTPAXOBOi KOMITaHi1

P(Xlz == ngthlO - NO,X9 == NO,X5 == Bad)
P(Xlz = LOW|X10 = NO,XQ = NO,XS = Bad)

0,3525,
0,6475
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Focused (X1} Age [X2)
pill ] 6433% - Yes []i.7% -Y{:\ung)
W ]3557% - No ] &&21% - Od

Good Student (X3}
[] 71%% - Yes[
] 5251% - No

L= =]

Vehicle Size (X7) { %Yi:gﬂg [:'E;l =
B o0%: - mmpad) : ] &7.05% - Mo
|:| 0% - SUV Drriver Quality (X5}
Hl i00% - Good
[ ] 0% - Ead
Vehicle Year (X8) Drriving History (X&)
] 3+72% - After2000 ] 50.00% - No_accidents
[] 528% - Before2000 ] 35.00% - One_sccident
Airbag (X3} { r—\ 4 ADCHE“: [D(ll}l I:l 15,00% - Two_plus_accidents
R M e
[] 0%-No -/ i ] 34.52% - Nene
Antilock Brakes (X10)
Bl 100% - ves
] 0% - No
Cost (X12)
] &8.08% - Low >
[] 11.52% - High

Puc. 3.3.8. AnoctepiopHuii po3noIiJl BUTpAT CTPAXOBOi KOMMaHi1
P(X,, = High|X,, = Yes,Xq = Yes, Xz = Good, X, = Compact) = 0,1192
P(X,, = Low|X;, = Yes, Xy = Yes, Xs = Good, X; = Compact) = 0,8808

Focused (X1} Age (X2}
p(I] 7751% - Yes)o B 3181% - Y{:\ung)
I ]223%% - No ] 58.15% - Old

(=] =]

Good Student (X3}
[ ] 18.85% - Yes[®
] &1.14% - No

|

- Extra Training %4}
Vehicle Size (X7) M eame - vesf
05 -
L1 o Cﬂmpad) —— ] 51.55% - Mo
- 100% - SUV Driver Quality (¥5)

PN 19.46% - Good

] 50.54% - Bad

Vehicle Year (X8}
] 52.50% - Aft=r2000

[] 7.20% - Before2000

Airbag (X3) ~< I'_—\
Q- 100% - Yes :S/

[] o%-nNo

Drriviing History (X6}

] 25.84% - No_sccidents
] 47.08% - One_zaccident
] #7.08% - Two_plus_accidents

Accident (X11)
I 100% - Severs
] 0% - Mid >
[] 0% -None

Bl 100% - Yes
1 0% - Mo

ﬁ Antilock Brakes [(X10)

Cost (X12)
I ] 2154% - Low >
Il ] 75.05% - High

Puc. 3.3.9. AnocrepiopHuii po3IoAia BUTpAT CTPaXOBOi KOMIIaHii
P(X,, = High|X,, = Yes,Xq = Yes, X, = SUV,X;; = Severe) = 0,7806,
P(X,, = Low|X;, = Yes,Xg = Yes, X, = SUV,X;, = Severe) = 0,2194
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3.4. ImoBipHicHHIT BUCHOBOK B OaiieciBebKiil Mepexi Credit

Po3mozin kpemuTocpoMOKHOCTI KITiEHTa Xg Ma€ BUTIISIT

P(Xg) - P(Xl, ...,Xg) =
X1,.Xg

- z P(X)P(X2)P(X31X1, Xo)P(X41X2, X3)P(X5) P(X61X5) -
Xq1,.0X7

- P(X71Xs, X6 ) P(Xg| X1, X4, X7).

Hnst  oOuucieHHsT ~ pO3NOAUTY  KPEAUTOCIPOMOXKHOCTI  KIII€HTa
OesnocepeHe 3acToCyBaHHS (OPMYJIM MHOXKEHHS Ji1 0ail€eCiBCbKOT MeEpexi
Bumarae 10366 apudmernunux omepariii (9072 muHOXkeHb, 1294 nomaBaHb).
3acrocyemo ainroputM Variable Elimination. Tak Mu 3HaYHO 3MEHIIIMMO YHCJIO
omepariiif Ta yac odunciieHns posnoiny P(Xg).

Pe) =) > ) POXSPMIXS)P(X, X5, Xo)

X7 X¢ Xs
DY) PORDPMIN X5 ) POG)P X, X)P(KalXy, X, Xo)
X, X3 X, X1
[TopsiioK BUKJTIOUCHHS BEPIITUH HaOyBa€ BUTIISATY:
/= {Xl,Xz,Xg, X4_,X5,X6,X7}.
Bukntouaemo Bepmimny X;. Otprimaemo

¢1(X1;X2»X3:X4;X7;X8) = P(X1)P(X3|X1rX2)P(X8|X1'X4’X7)'

(51 (XZ,X3,X4_,X7, X8) = Z lpl (Xl'XZ'X3rX4'X7'X8)'

PO =D Y PP (Kl P (KX, Xo)
z z z P(X)P (X4 X0 X3)T1 (X, Xz, Xa) X, Xg)-

Xy X3 X3
Buxkitouaemo BepumnnHy X,. OTpumMaemMo

Yo (X3, X3, X4, X7, Xg) = P(X)P(X4| X2, X3)711 (X2, X3, X4, X7, Xs),
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75 (X3, X4, X7, Xg) = z Yo (X3, X3, X4, X7, X3),

X2
P = D ) D PUDPKIXP X5, Xe) D) 7 (Xa, X X7, Xe).

X7 Xe Xs Xy X3
Buxkitouaemo BepunnHy X3. OTpuMaemMo
V3 (X3, Xy, X7, Xg) = 12(X3, X4, X7, Xs),

13(X4, X7, Xg) = z Y3 (X3, X4, X7, Xg),
X3

P(e) = D > > PXP(XlXs)P(H X5, Xe) D 73K, X7, Xo),
X; X¢ Xs X4
Buxkiouaemo Bepmnny X,. OTpuMaemMo

Y4 (X4, X7, Xg) = 13(X4, X7, Xs),

T (X0, Xe) = D 14 (X Xy, Xe),
X4

P(Xe) = ) 14(X5, Xe) D ) POX)P (Xl Xs)P(Xy X5, Xo).

X7 X6 Xs
Bukntouaemo Bepuinny Xg. OTpuMaemo

Y5 (Xs, Xe, X7) = P(Xs)P(X6|X5)P(X7|Xs5, X6),

75 (Ko Xy) = ) (X5, X, Xo),
X5

P(Xg) = Z 74(X7, Xg) z 75 (X6, X7).
X6

X7

Bukntouaemo Bepuinny Xg. OTpuMaemo

Y6 (X6, X7) = 15(Xe, X7),

76(X7) = z Yo (X6, X7),

P(Xg) = Z T4 (X7, Xg) 16 (X7).

X7
Buxkiouaemo BepunnHy X,. OTpumMaemMo

Y7 (X7) = 14(X7, Xg)T6(X7),
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5 () = )y (Xy), P(Xg) = 77(Xo).

Tabmuus 3.4.1. Anroputm Variable Elimination

Buxiro
K Bukopucrani Bukopucrani Hoguit
e
POk q.Ha MHOXHUKA 3MIHHI MHOKHUK
3MIHHA
P(Xl),P(X3|X1,X2), Xl'X21X3JX4-'
1 X1 Tl(XZ'XS;X4:X7:X8)
P(Xg|X1, X4, X7) X7, Xg
71 (X2, X3, X4, X7, Xg) X2, X3, X4,
2 X T2 (X3, X4, X7, X3)
P(Xz),P(X4|X2,X3) X7IX8
3 X3 T2 (X3, X4, X7, X3) X3, X4, X7, Xg 73(X4, X7, Xg)
4 X4 73(X4, X7, X3) X4, X7, Xg 74(X7, Xg)
P(Xs), P(XslXs),
S Xs X5, X6 X7 75(X6, X7)
P(X7|X5JX6)
6 X6 75(X6, X7) Xe» X7 76(X7)
7 X7 74(X7, Xg), 76(X7) X7 7,(Xsg)

Peanizaris anroputmy Variable Elimination mis oGurcnenHs po3mnomaiiis

BepiuH OaiteciBebkoi mepesxi Credit HaBeeHa B 101aTKy 3.

Age (X2}

Income (X5}

] 33.33% - High

] 33.33% - Medium

B ]3333%- Low

] 33.33% - BetweenifandZi
] 33.33% - BetweeniZandéd
] 33.33% - Owverss

Debts To Income Ratio (X1)
] 50,00% - Low
] 50,00% - High
Assets (XE) Payment History (%3}

] 53.33% - High

[ ] 18.33% - Medium

B ] 233% - Low

] 3833% - Excellent
B ] 30.00% - Acceptabls
B ] 31.67% - Unacceptable

Future Income (X7}

Reliability [%4)

] 54.33% - Promising

] 45.67% - Mot_promising

B ] 7514% - Reliable

D] 2455% - Unrelizble

#_,,.r”"

Credit Worthiness [X8)
B | 5344% - Positive

] 35.55% - Negative

Puc. 3.4.1. Po3noais KpeauTOCIIPOMOKHOCTI KIIIEHTa
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4. Mopaesi MipKyBaHb

4.1. Moaeai mipkyBaHb B 0alieciBebKiil Mepe:xi Insurance

PosrnsHemo npuuunno-nacnioxosi mooeni mipkysarns B MEpexi Insurance.
Bci anpiopHi Ta anocTepiopHi pO3MOIUTH BEPIIMH OOUUCTIOIOTHCS 32 TOTIOMOT 010
anmroputMy Variable Elimination, nmpu 1ipoMy moOpsiiok BHKITIOYEHHS BEPIIUH
3HAXOAUThCA 3rifHo 3 anropurmom Greedy-Ordering.

Anoctepiopauii posnoxain Bepumnu Driver Quality (X5) 3a ymoB
3aJaHoro cTany Bepinuu Extra Training (X,) nopiBHIOE:

P(Xs,X,)

P(X5|X4) = P(X,) )

Jie CIUTBHUM po31oiut BepiiuH X5, X, OOUYUCTIOETHCS 32 POpMYIIOIO

P(Xs, X,) = > P(Xy, o) X12).
X1,X2,X3,X6,X7,X8,X9,X10,X11,X12
1. ImoBipHICTH BUCOKOT KBamidiKaIlii BOIIS 3¢ YMOSU, 10 BOJINA MPOKUIIOB
KyPC €KCTPEMAIBHOTO BOJIIHHS JIOPIBHIOE
P(Xs = Good, X, = Yes)

P(X5 = Good|X, =Yes) = = 0,5959.
(X5 ood|X, es) P(X, = Yes)
Focused (X1) Age (X2}
A ] 70.00% - Yes I ] 25.00% - Young
B ] 30.00% - No ] 7.0r% - 0d

Good Student [X3)
[ ] 1375% - Yes
]  &6.25% - No

|

- Extra Training x4
Vehick Size (X7) ; i r::;;:f-'wrﬁ} .
W] #1.00% - Compact ] . i
.:l £9,00% - SV Driver Quality (X5) I:l 0% - Mo
e —

Bl ] 55.55% - Good

] #0.41% - Bad

Wehicle Year (X&) Driving History (X6)

B | 50.00% - After2000 ] 37.88% - No_sccidents
W] 40.00% - Befor=2000 . ' ] 41.06% - One_sccident
Airbag (X9) h r—\ T :'Accif:‘;';:’:q:léeuere I:l 21,06% - Two_plus_accidents
<E o0t 1o 3 >:‘§|_| 15,76% - id
Bl] 7&75% - None
Antilock Brakes (X10)
Q W] 45.00% - Yes >
] 5400% - No i
Cost (X12)
] 7&15% - Low >
I 2155% - High

Puc. 4.1.1. Jlo Buznauenus P(Xs = Good|X, = Yes)
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IMoOBIpHICTh BHMCOKOI KBasiikailii BOJIS 3a ymo6u, 1Mo BOAINA MPOMIIOB
KypC €eKCTpeMalbHOro BOMiHHS 36impmunace 3 P(Xz = Good) = 0,4637
(muB. puc. 3.3.1) no 0,5959.

2. IMOBipHICTh BUCOKOT KBaTihiKaIlli BOMIS 3a yMO8u, 110 BOIIN

HE MPOMIIIOB KypC €KCTPEMAILHOTO BOJIHHS JOPIBHIOE
P(Xs = Good, X, = No)

P(Xs = Good|X, = No) = = 0,449.
(Xs = Good|X, = No) X = o)
Focused (X1} Age (X2}
G-] 70,00% - Yes| b ] 25.00% - Young
B ] 30.00% - Mo B 75.00% - Oid

Good Student (X3)
[ 13.75% - Yes
] 5525% - No

|

Vehicle Size (X7)
] #L00% - Compact
] 55.00% - SWV

Extra Training (X4} [*

[ ] 0% -ves! =
Driver Quality [X5) - 100% - Mo
| #4.30% - Good o
L] 55.10% - Bad
]
B
L]

Drriving History (X&)

33.47% - No_accidents
43,27% - One_accident
23,27% - Two_plus_accidents

Vehicle Year (X8}
B ] &0.00% - After200D

Bl ] #0.00% - Before2000 .
Accident (X11)

- . i et
F-lrb;g;hﬁ} . r—\ [ ] &04% - Severs
. Ao - Tes
] 36.00% - N ’§|:| 16,55% - Mild
Ao - MO
] 77.41% - Nene
>

Antilock Brakes [X10)
é ] 4600% - Yes|/
B ] 5400% - No

Cost (X12)
] 747% - Low >
I ] 2253% - High

Puc. 4.1.2. Jlo Busnauenus P (X = Good|X, = No)

ImoBipHICTH BUCOKOT KBamiiKaiii BOIIS 3a yM08u, IO BOAIN HE MPOKUIIIOB KypC
EKCTpEMAaIIbHOrO BOAIHHS 3MeHImiack 3 P(Xs = Good) = 0,4637 no 0,449.
Anocrepiopuuii  posmomin Bepimuu Driver Quality(Xs) 3a ymoB
3ajanux ctaHiB BepiumH Age (X;) ta Extra Trainig (X,) nopiBHioe
P (X5, X4, X3)
P(X4,X2)

P(X5|X4, X3) =
Jie CIUTBHI PO3TOIIN BEPIIUH OOUHCITIOITHCS 3a (hopMyiaMu

P(Xs,X4_,X2) = z P(Xl, ...,Xlz),

X1,X3,X6,X7,X8,X9,X10,X11,X12
P(X4,X2) = P(X4)P(X2)-
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1. ImoBipHICTh BUCOKOI KBasiikallii BoIis 3a ymo8, 0 BOMAIN MOXUIIOTO
BiKYy Ta IIPOMIIIOB KYPC €KCTPEMAIBHOTO BOJIIHHS JIOPIBHIOE
P(Xs = Good|X, = Yes, X, = 0ld) =

P(Xs = Good, X, =Yes, X, = 0ld)

= 0,696.
P(X, =Yes, X, = 0ld)
Focused (X1} Age (X2}
Q-] 70,00% - Yes|; (|:| G".-’n-‘l’{:iung>
B ] 30.00% - No 1000 - Old

Good Student (X3)
] 1.00% - Yes
I ss.00% - No

)

Vehicle Size (X7}
] #1.00% - Compact
B ] 55.00% - SUV

Drriver Cuality (X5}
Bl ] 55.63% - Good

] 30.37% - Bad

e ——

Extra Training (X4}
B io0v: - ves|) =
[] m%-No

Vehicle Year [X8)

B 50.00% - After2000
] #0.00% - Before2000 .

Accident (X11)

- . i et
W - [\ s
ANSe - Tes
B 800% - N‘” 15,21% - Mild
A - MO
] 7557 - None

Driving History (X&)
40,85% - No_accidents

]
] 3%55% - One_accident
L]

18,55% - Two_plus_accidents

Antilock Brakes [X10)
] 46.00% - Yes
] 5400% - No

Cast (¥12)
] 7&51% - Low >
I ] 21395% - High

Puc. 4.1.3. Jlo BuzHauenus P(Xs = Good|X, = Yes, X, = 0ld)

IMOBIpHICTE BUCOKOT KBaTi(hiKaIlli BOAIS 3a yMO8, 1110 BOJIIM TOXUIIOTO BIKY
Ta TMPOWIIIOB KypC eKCTpeMalibHOro BoAiHHS 3pocia 3 P(Xs = Good) = 0,4637
1o 0,6963.

2. IMOBIpHICTh BUCOKO1 KBauTihiKallii BOJIis 3a M08, 1110 BOIINA MOJIOIHIMA

Ta HE MPOMIIOB KYPC €KCTPEMAaIBHOTO BOIIHHS
P(X: = Good|X, = No,X, = Young) =

_ P(X5 = Good, X, = No,X, = Young)
a P(X, = No,X, = Young)

= 0,2219.
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I

Focused (X1} Age (X2}
gl ] 70.00% - Yes| Il 100% - Young|g
] % -od

] 30.00% - No

]

Vehicle Size (X7}
] #L00% - Compact
W] s5s.00% -sUv

Good Student (X3)
] 52.00% - Yes
W] 48.00% - No

Extra Training (=4) *

[ ] o%-Yes)) =
Drriver Quality [X5) - 100% - Mo
e ——
I ] 221%% - Good
N 77.81% - Bad
L]
B
L]

Vehicle Year (X58)
B ] 50.00% - AfterZ000
] 40.00% - Before2000

Airbag (73) -] |
-:l 62,00% - Yes ”_—\ |:| 6,BE% - Severs
] =800% - N i >’:p|:| 17,75% - Mild

y . - o

Bl 75.33% - None
Antilock Brakes [X10)

Q.j 45,00% - ‘r5>
] 54.00% - No

Drriving History (X&)

26,56% - Mo_accidents
46,67% - One_accident
26,67% - Two_plus_accidents

Accident (X11)

Cost (X12)
] 7643% - Low >
] 2.5 - High

Puc. 4.1.4. Jlo BusHauenus P(Xgs = Good|X, = Yes, X, = Young)

IMOBIpHICTh BUCOKOT KBam(ikalii BOAIS 3a yM08, O BOJIA MOJOIUN Ta
HE NMPOMIIOB KypC €KCTpEeMaIbHOTO BOAIHHSA 3MeHImiacs 3 0,4637 no 0,2219.
PosrnsHemo nacniokoso-npuuunni mooeni MipKysans B Mepexki Insurance.
Bci anpiopHi Ta anocTepiopHi po3MoAiId BEPIIMH 00UUCITIOIOTHCS 3 JOTIOMOTOF0
anmroputmy Variable Elimination, npu 11soMy moOpsiioK BHKITIOYEHHS BEPIIUH
3HAXOAMTHCH 3rimHO 3 anroputmom Greedy-Ordering.
AnocrepiopHuil po3noain Bepmnnu Extra Trainig (X,) 3a ymMoB
3agaHoro crany Bepmman Driver Quality (X5) mopiBHOE
P(Xs5, X,)
P(X41Xs5) = P
Jie CTIUTBHUM pO3M0IUT BepIIUH Xg, X, 00UUCITIOETHCS 32 HOPMYJIIOH0
P(Xs, X,) = > P(Xy, o X12).
X1,X2,X3,X6,X7,Xg,X0,X10,X11,X12
1. IMOBIpHICTh MPOXOKEHHS BOAIEM KYpCY €KCTPEMATBHOTO BOJIIHHS 3d
YyMo8u, MO BOJIIA € BUCOKOKBaTI(hikOBaHUM (haxiBIIEM JOPIBHIOE
P(Xs = Good, X, = Yes)
P(X5 = Good)

P(X, =Yes|Xs = Good) = = 0,1285.
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Focused (X1} Age (X2}
] 77.75% - Yes [ ] 1236% - Y{:\ung)
I ] 2225%-No ] &.54% - Old

Good Student (X3}
[] 7.88% - Yes
I 5212% - No

Driver Quality (X5}
- 100% - Good
[] ©% -E=d

|

Vehicle Size (X7)
] 38.56% - Compact
] 5132%-sWv

Extra Training (34}
AL ] 12.85% - Yes
1] 57.15% - No

n

Vehicle Year (X8)
] 50.00% - After2000

B ]| 40.00% - Before200D .
Accident [X11)

- ~ ' ]
W ooy NI
r s = TES
B o -n N‘” 13,76% - Mild
A - O
] &2.24% - None
>

Driving History (X&)
B ] 50.00% - No_accidents
W] 35.00% - One_accident

15,00% - Two_plus_accidents

Antilock Brakes (X10)
Q W] 4600% - Yes|/
] 5+.00% - Mo

Cost (X12)
] =51% - low >
] 20.09% - High

Puc. 4.1.5. Jlo Buznauenus P(X, = Yes|Xs = Good)

IMOBIpHICT, TPOXO/KEHHSI BOJIIEM KYypCy €KCTPEMaJbHOTO BOIIHHS
3a ymoseu, 1O BOJIA € BUCOKOKBaNi(piKOBaHUM (axiBIeM 30UIBIIMIACH 3
P(X, =Yes) = 0,1 (aus. puc. 3.3.1) no P(X, = Yes|Xs = Good) = 0,1285.

2. IMOBIpHICTh TIPOXOJKEHHS BOJIEM KYpCY €KCTPEMaIbHOTO BOJIHHS 3a

YMO8U, IO BOJIIA HE € BUCOKOKBaTI(PIKOBAaHUM (PaxiBIEM JOPIBHIOE

(X, = Yes|X. = Bad) = N3 =BadXs =Ves) e
« T Sl = BA) = T e X = Bad) Y

IMOBIpPHICTP TPOXOMKEHHSA BOJIIEM KYypCy €KCTPEMajJbHOTrO BOAIHHS
3a ymoeu, WO BOJIA HE € BUCOKOKBaNi(iKOBaHMM (haxiBLEM 3MEHIIWIACH 3
P(X, =Yes) =0,1 no P(X, = Yes|Xs = Bad) = 0,0753.

PosrnsHemo suiwani mooeni mipkysans B Mepexi Insurance.

Anoctepiopuauii  posmoain BepmuHu  Extra Trainig (X,) 3a ymoB
3amaHux ctaHiB BepmH Driver Quality (Xs), Age(X,) nopiBHIOE

P(XS'X4'X2)
P(Xs,X3) ’

P(X4Xs, X3) =
i€ CIUIbHI PO3MOALIN BEPIIUH O0UYUCIIIOIOTHCS 32 PopMyIaMu

P(Xs,X4_,X2) = z P(Xl, ...,Xlz).

X1,X3,X6,X7,X8,X9,X10,X11,X12
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P(Xs, X,) = z P(X,, ... X1y).

X1,X3,X4,X6,X7,X8,X9,X10,X11,X12
1. IMOBipHICTHP TPOXOHKEHHSI BOJIEM KypCy €KCTPEMalbHOTO BOJIIHHSA
3a yMOo8u, 10 BOAIN MOJIOJIUNA Ta BUCOKOKBaTI(hiKOBaHHH (haxiBelb JOPIBHIOE

P(X, = Yes|Xs = Good, X, = Young) =

P(X, =Yes,Xs = Good, X, = Young) 01285
B P(Xs = Good, X, = Young) 7 '
Focused (X1} Age [X2)
Q-] 83,68% - Yes|; (- 100% - Young D
[ ] i1832%-No [] t%-od
Good Student (X3}
] 0.21% - Yes
B ] »75%-No
Extra Training (34}

n

Vehicle Size (X7}
W] 3%£&%% - Compact

] s3ii% - SUv

EA ] 12.85% - Yes
Y] 5750 - Ne

/

Drriver Quality (X5}
I i00% - Good
[] 0% -Ead

Drriving History (X6}
B ] 50.00% - No_accidents
B ] 3500% - One_accident

15,00% - Two_plus_accidents

Vehicle Year [X8)
B ] 50.00% - AfterZ000

] #0.00% - Before2000 .
Accident (X11)

- . i et
Alriig;hﬁ} . r—\ [ ] #01% - Severs
- r 7o - TES
B 38.00% - N‘” 13,91% - Mild
r o - MO
] 52.09% - None
>

Antilock Brakes [X10)
Q W] 45.00% - Yes|)
] 54.00% - No

Cost (¥12)
] 75.85% - Low >
I ] 20.15% - High

Puc. 4.1.6. Jlo BusHauenus P(X, = Yes|Xs = Good, X, = Young)

IMOBIpHICTh TPOXOJKEHHSI BOJIEM KypCy €KCTPEMAaJbHOTO BOJAIHHS 3a
YMOo8u, O BOIM MOJIOJUI Ta BUCOKOKBaTI(piKOBaHMM (haxiBellh 301IbIINIIACS 3
P(X, =Yes) =0,1 o P(X, = Yes|Xs = Good, X, = Young) = 0,1285.

2. IMOBIpHICTh TIPOXOJKEHHS BOJIEM KYpCY €KCTPEMaIbHOTO BOJIHHS 3a
YMOo8u, IO BOJIIA MOJIOJIUH Ta HE € BUCOKOKBaTI(hiKOBaHUM (haxiBIIEM:

P(X, =Yes|Xs = Bad, X, = Young) =

P(X, =Yes,X- = Bad,X, = Youn
_ (X4 5 2 g) — 0,0915.
P(X5 = Bad, X, = Young)
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Focused (X1) Age (X2}
G Bl 5553% - Yes| ( I 100% - Young|
B ] 3407% - Ne ] o%-od

|

Vehicle Size (¥7)
] 42.22% - Compact

W] 5.7%-suv

Good Student (X3)
U] 4o56% - ves
B ] 5044% - No

Extra Training (X4}
P ] 545%e - Yes| =
W] s0.55% - Mo

Drriver Quality (X5}
|:| 0% - Good
S 100 - Bad

Drriving History (X6}
I ] 20.00% - No_accidents
B ] 50.00% - One_accident

30,00% - Two_plus_accidents

Vehicle Year (X8)
B ] &0.00% - After2000
] 40.00% - Before2000

Accident [(X11)

Airbag (3) r—\ 7] [] 7.71% - Severe
< ] 52.00% - YED/ i >}f [ sse% - Mid
‘l

B 3800%-No ] 741% - None
Antilock Brakes (X10)
Q.j 45,00% - Yes
B ] 5400% - No
Cost [X12)

] 7545% - Low
B ] 24.55% - High

Puc. 4.1.7. Jlo Busnauyenns P(X, = Yes|Xs = Bad, X, = Young)

IMOBIPHICTH MPOXOKEHHS BOAIEM KypCy €KCTPEMAIbLHOIO BOIHHS 3a YMO8GU,

110 BOJI1M MOJIOAMI Ta HE € BUCOKOKBaTI(hiKOBAaHUM (paxiBI[EM 3MEHIIIHIIACA 3

P(X, =Yes) =0,1 no P(X, = Yes|Xs = Bad, X, = Young) = 0,0915.
Amnocrepiopuuii posnoain Bepmmnu Extra Trainig (X,) 3a ymoB

3amanux ctaHiB BepimnH Driver Quality (Xs), Good Student (X3) nopiBHIO€

P(Xs, X4, X3)
P(X4|Xs, X3) = )
(KelXs, X2) = —p e
JIe CIUTBHI PO3MOIIIN BEPIIUH 0OUMCITIOITHCS 3a (hopMyiaMu
P(Xs,X4_,X3) = z P(Xl, ...,Xlz),
X1,X2,X6,X7,X8,X9,X10,X11,X12
P(Xs,X3) ES z P(Xl, ...,Xlz).

X1,X2,X4,X6,X7,X8,X9,X10,X11,X12
1. IMOBIpHICTh IPOXOJIKEHHS BOJIEM KYPCY €KCTPEMAIbHOTO BOJIHHS 3a YMO8U,
0 BOJI BHCOKOKBami(ikoBaHUH (haxiBellb Ta T0Ope HaBUaBCS B aBTOIIKOJI
36inpmmnace 3 P(X, = Yes) = 0,1 nmo P(X, = Yes|Xs = Good,X; = Yes) =
0,1247.
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Focused (x1) Age 2)
Q-] 95,73% - Yes ] 55.57% -Y{:\ung>
[] 4% -Ne [] 10.03% - Old
Good Student (X3)
B 100 - Yes| =
l [ ] m%-No
Vehicle Size (X7) ] B2 Trainl:g (x4} >
] 33.28% - Compact : c|:| 13.4::. - Yes
] s572% - sy B 57.53% - No

ra
1

Drriver Quality [X5)
I 1007 - Good
[] o%-B=d

Vehicle Year (X8}

] 50.00% - After2000
] 40.00% - Before20DD .

Accident (X11)

- k ]
B ooe-v NN -
Ao - Tes
B 600% - N‘” 14,21% - Mild
Ao - MO
Bl &1.77% - None

Drriving History (X&)
B ] 50.00% - No_accidents
] 3500% - One_accident

15,00% - Two_plus_accidents

Antilock Brakes [X10)
Q W] 46500% - Yes
B ] 5400% - No

Cost (¥12)
] 571% - Low >
I ] 20.25% - High

Puc. 4.1.8. Jlo Buznaueuns P (X, = Yes|Xs = Good, X5 = Yes)

2. IMOBIpHICTh TPOXO/KEHHS BOJIEM KYpCY €KCTPEMaIbHOTO BOIIHHS 3d
yMoseu, MO BOJIM HE € BUCOKOKBaTi(hiKoBaHUM (haxiBIIEM Ta MOraHO HAaBUYaBCS

B aBTOIIKOM 3MeHImiach 3 P(X, = Yes) = 0,1 no 0,073.

Focused (X1} Age (X2}
Al ] 56:69% - Yes I ] z2e8% -Y{:\ung>
W] #31%-No Il ]| 77.32% - Old

Good Student (X3)

(] o%-ves| =

H 100% - No
Vehicle Size (X7}

Bl ] #.5%% - Compact
B ] 5501% - SUv

Extra Training (¥4}
=] 7.30% - Yes
1 52.70% - No

I

Drriver Quality (X5}
|:| 0% - Good
I io0%: - Bad

Vehicle Year [X8)
B ] 50.00% - After2000

] #0.00% - B=fore2000 .
Accident (X11)

- k ]
'“'rt;:go[:ﬁ} v r—\ [ ] 7.71% - Severs
E 3.sloa=.vn NE N‘“ 18,65% - Mild
A - ND
] 73.54% - None

Drriving History (X6}
I ] 20,00% - No_accidents
B ] 50.00% - One_accident

30,00% - Two_plus_accidents

Antilock Brakes [X10)
Q ] 45.00% - Yes
B ] 54.00% - No

Cost [¥12)
Bl 7555% - Low >
D] 2445% - High

Puc. 4.1.9. Jlo Busnauenns P(X, = Yes|Xs = Bad, X3 = No)
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4.2. Mopeai mipkyBanb B 0aleciBebKiil mepe:ki Credit

PosrasineMo npuyunno-nacnioxkosi mooeni mipxkysans B Mepexi Credit.
Bci anpiopHi Ta anocTepiopHi pO3MOILUTH BEPIIUH OOUUCTIOIOTHCS 32 JOMIOMOTOI0
anroputMy Variable Elimination, pu 1mpomMy MOPSI0K BUKJIIOYEHHS BEPIIWH
3HaXOJUThCs 3riHO 3 anroputMoM Greedy-Ordering.

Amnocrepiopuuii po3noain BepmuHu Payment History (X3) 3a ymoB
3aJaHMx cTa”iB BepmuH Ratio of Debts To Income (X;) t1a Age (X,)
JIOP1BHIOE:

P(X3'X11X2)
P(XllXZ) ’

P(X51Xy, X3) =
Jie CIIIIBHI PO3IMOALIN BepIInH X3, X1, X, Ta X1, X, 00uncaoThes 3a hopmyaaMu

P(Xs, X, X,) = Z P(X,, ..., Xq),
X4,X5,X6,X7,Xg

P(XllXZ) == E P(Xl,...,Xg).
X31X4-1X5!X61X71X8
1. IMOBIpHICTh TOTO, 110 KJIIEHT Ma€ HE3aOBUIbHY 1CTOPIIO MJIATEXKIB 3d YMOBU,
110 BiIHOIIEHHS 3a00pTrOBaHOCTI /10 JOXO/Iy BUCOKE Ta BIK KJli€eHTa MDXK 16 Ta

21, 3pocna 3 P{X; = Unacceptable} = 0,3167 (aus. puc. 3.4.1) 10 0,7.

. Age [X2)
Income (X5} Ratio of Debis To Income (XL) Il 1007 - Betweenland2l
B | 33.33% - High ] 0% - Low ] 0%- Bg'tu.ﬂ.'eenllandﬁd-'
W] 33.33% - Medium e 100% - High [ ] 0% - Overés
B ] 3=33%-Low
Azsats (HE) Payment History (33}
] 53.33% - High [] 10.00% - Excellent
[ ] 1&33% - Medium ] 20.00% - Acceptzble
B ] ®33% -Low B ] 70.00% - Unacceptable
Future Income (X7} \Rnliab%,r (x4}
B ] 5433% - Promising ¥ ] #5.47% - Reliable
B ] 45:67% - Not_promising - Credit Worthiness (xg) ] 5453% - Unrelible

B ] 43.60% - Positive
B ] 55.40% - Negstive

Puc. 4.2.1. JIo Bu3BHa4YeHHS

P(X; = Unacceptable|X, = High,X, = Betweenl6and21)
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2. IMOBIpHICTB TOTO, IO KJIIEHT Ma€ HE3aJ0BIIbHY 1CTOPIIO IJIATEXKIB 3a YMOSU, 1110
BIJIHOIIICHHS 3a00pTOBAaHOCTI JI0 JIOXOJy HM3bKe Ta BIK Kii€eHTa Mix 16 Ta 21,

3pocia 3 P{X5; = Unacceptable} = 0,3167 10 0,5.

_ Age (X2}
Inceme (X5) Ratio of Debts To Income (X1) Il 100% - Betweeniéand2l
| L] et e I 100% - Law ] o®%- Between22andé4
B ] 33.33% - Medium ] 0% - High [ ] 0% - Overss
B ] 3:=33%-Llow
Azsets (X6) Payment History (X3}
B ] 53.33% - High I ] 20.00% - Excellent
[ ] 1833% - Medium B ] 30.00% - Acceptsble
b ] #%33% - Low B ] 50.00% - Unacceptabls
Future Income (X7} \‘Rnliab%,r o)
B | 5433% - Promising v B 50 - Reiable
.:l 45,.67% - Not_promising ‘_h———_:' Credit Worthiness [X8) .:l 40,90% - Unrelizble

B ] 0.42% - Positive
] 3%.58% - Negative

Puc. 4.2.2. ]lo Bu3Ha4YCHHS

P(X; = Unacceptable|X; = Low, X, = Betweenl6and21)

3. IMOBIpHICTH TOTO, IO KIIEHT Ma€ HE3aI0OBUIBHY 1CTOPIIO TJIATEKIB 3a yMO8U,
110 BIJTHOIIEHHS 3a00proBaHOCTI JI0 I0XOAY HM3bKE Ta BIK KJIi€HTa Ounblie 65,

smenmmnacs 3 P{X; = Unacceptable} = 0,3167 1m0 0,1.

. Age [X2)
Income (X5} Ratio of Debts To Income (X1) [ ] 0% - Betweenland2l
B ] 33.320% - High [ 100% - Lowe ] o%- Between22andéa}
B ] 33.33% - Medium ] 0% - High I 100% - Overss
B ] 3:=33%-Low
Azsats (ME) Payment History (X3}
] 53.33% - High B ] 50.00% - Exccellent
[ ] 1&.33% - Medium B ] 30.00% - Acceptzhble
B ] ®33%-Llow [] 10.00% - Unacceptable
Future Income (X7} \Rnliab%,r {24}
B ] 5433% - Promising ¥ ] 5150% - Refiable
W] 45:67% - Not_promising | Credit Werthiness (x8) [ ] &40% - Unrelisble

] 7567% - Positive
I ] 23.33% - Negative

Puc. 4.2.3. Jlo Bu3HauCHHS

P(X; = Unacceptable |X; = Low, X, = Over65)
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PosrissHeMo nacniokoso-npuuunni mooeni mipkysans B mepexi Credit.
Bci anpiopHi Ta anmoctepiopHi po3MoILId BEPUIUH O0UHCITIOIOTHCS 32 IOITOMOT OO
anmroputMy Variable Elimination, nmpu oMy mopsiiok BHKITIOYEHHS BEPIIUH
3HAXOAUThCA 3rifHo 3 anropurmom Greedy-Ordering.
Armocrepiopauii po3noain BepmuHu Payment History (X3) 3a ymoB
3amanoro crany Bepmunu Reliability (X,) nopiBHIOE:
P(X3,X,)
PalXy) = 55
Jie CTIUTBHUI pO3MOIUT BEPIIUH X3, X, 00UUCITIOETHCS 32 (OPMYJIIOI0
PUGX) = D P, Xp)
X1,X2,X5,X6,X7,Xg
a pO3MO/ILJI BEPIIUHU X, OOUUCITIOETHCS 32 (POPMYJIIOIO
P(X,) = Z P(Xy, ..., Xs).
X1,X2,X3,X5,X6,X7,Xg
1. IMOBIpHICTh TOTO, 110 KJIIEHT Ma€ HE3aOBUIbHY 1CTOPIIO MJIATEXKIB 3d YMOBU,

1110 KIIEHT € Hamidaum, 3menmmiacs 3 P{X; = Unacceptable} = 0,3167 no

P(X5 = Unacceptable |X, = Reliable) = 0,1484.

: Age (X2}
et Debts To Income Ratie (X1}| | ] 23,15% - Betweenifand2i
[ ] S408% - Low |\ 3,299 - BetweenZZandéd
O - i ] - LWL
l_] 33:33% - Medium I 47,54% - High ] 40.55% - Overes
B ]3333% - low ’——\
Assets (6] Payment History (X3}
] 53.23% - High ] 4513% - Excellent
I ] 1833% - Medium|/ |[l[ ] 37.03% - Acceptsble
B ]2833% - Low [ ] 1484% - Unacceptzble
N v R
Future Income (X7} Relizbility (4]
[ ] 54.33% - Promising Il 100% - Relisble )
] 4557 - Not_promising [ ] 0% - Unrelizble

Credit Worthiness [x8)
Il ] 75.07% - Positive
] 23.53% - Negative

Puc. 4.2.4. Jlo Bu3Ha4YCHHS

P(X; = Unacceptable |X, = Reliable)
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2. IMOBIpHICTb TOTO, IO KJIIEHT MAa€ HE3aI0BUIBHY 1CTOPIIO IUIATEXKIB 30 YMO8U,

1110 KJIIEHT He € HaaiiHuM, 30inbmmaack 3 P{X; = Unacceptable} = 0,3167

1o P(X; = Unacceptable | X, = Unreliable) = 0,8254.

. Age (22}

Income (X5} Debts To Income Ratio (X1} [l ] 53.59% - Betweenl6and2l
[ 33.33% - High B ] 43.75% - Lowr |\ 34,6195 - Batwesn22andés
] 33.33% - Medium ] 56,21% - High [ 11.40% - Qverss
B ]3333% - Low ’——\

Assets (¥E) Payment History (33}

] 53.33% - High [ ] &72% - Exccellent
I ] 1833% - Medium|/|[ | &74% - Acceptzble
B ] 533% - Low Il ] 52.54% - Unacceptzble

. 4
Future Income (X7} Reliability (x4}
] 54.32% - Promising 1 >

0% - Relizble
] 45.67% - Not_promising I 100% - Unrelizble

Credit Waorthiness [XE) T
B ] 25.25% - Positive
] 74.75% - Negative

Puc. 4.2.5. Jlo Busnauenns P(X; = Unacceptable |X, = Unreliable)

Posrnstaemo smiwani modeni mipkysans B Mepexi Credit.
Amnoctepiopuuii posnoain BepmuHu Debts To Income Ratio (X;) 3a
YMOB 3ajlaHuX cTaHiB BepiinH Age (X,) ta Payment History (X3) n0piBHIOE:

P(X1,X5,X3)
P(X21X3)

Jie CTIUTBbHUM po3moAuT BepiiuH X1, X5, X3 00UUCIIOETHCA 32 HOPMYJIIOH0

P(X1|X2, X3) =

P(Xl,Xz,X3) ES Z P(Xl, ...,Xs),

X4,X5,X6,X7,Xg

a CIUJIBHUM po3NoJIuT BepiinH X5, X3 00UUCTIOEThCS 32 POpMYII0H0

P(X,, Xy) = z P(X,, ..., Xg).

X1;X4-1X51X6!X7IX8
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1. IMOBIipHICTH TOTO, IIO KJIIEHT Ma€ BHUCOKE BITHOIIEHHS 3a00pTrOBAaHOCTI J0
JIOXOJTY 3d YMOGBU, TI10 HOTO 1CTOPIs TUIATSK1B HE3aI0BUIbHA Ta BiK KJIIEHTA MIXK

16 ta 21 36imeimnacek 3 P(X; = High) = 0,5 (aus. puc. 3.4.1) mo 0,5833.

i Age (32}
Income (X5} Ratio of Debts To Income (X1) Il i00% - Betweenifand2i
W] 3333% - High I ALE7Y - Low ] oo%- Between22andsa}
W] 3333% - Medium [l 56,339 - High [ ] 0% - Overss
B ] 3333%- Low ——'\
Agsets [XE) Payment History (33)
B ] 53.33% - High [ ] ©% - Excellent
I ] 1533% - Medium [ ] 0% - Acceptable )
B ] 2533% - Low Il i00% - Unacceptzble
Future Income (X7} \‘Rnliabili )
B ] 5433% - Promising v ] 2s.00% _ Rebable
B | 94567% - Not_promising =~ Credit Werthiness (x8) ] 75.00% - Unreliable

] 37.53% - Positive
B ]  5247% - Megstive

Puc. 4.2.6. /o Bu3HaUEeHHS

P(X, = High|X, = Betweenl6and21,X; = Unacceptable )

2. IMOBIipHICTH TOTO, IO KJIIEHT MAa€ BUCOKE BITHOIICHHS 3a00PTOBAHOCTI 0
TOXOJy 3a YMOGU, IO HOTo iCTOpis IJIATEXKIB BiJIMIHHA Ta BIK KIIIEHTA MIXK

16 Ta 21 3menmmunacs 3 0,5 (aus. puc. 3.4.1) 1o 0,3333.

- Age
Income ) e I 100% - Betweenisand21
] 3333% - High B seeme-tow > [ ] - Betweenzzandes}
o - M 33,33% - High o
B 3333% - Medium ] S [ ] 0% -Overss
] 333%-Llow /

Azsets Payment History
] 5333% - High Il 100% - Excellent
[ ] 1833% - Medium| ||| 0% - Acceptable
B ] 2533% - Low [ ] 0% - Unacceptzble

. v

Future Income
B ] 5433% - Promising

B ] 4567% - Not_promising W

Credit Worthiness
] 74.03% - Positive
B ] 3557 - Megative

Refiability
] 53.00% - Relizble
[ ] 700% - Unrelizble

Puc. 4.2.7. 1o Bu3HauYeHHS
P(X, = High|X, = Betweenl6and21,X; = Excellent)
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5. d-BimokpemJieHHsI

5.1. O3HaveHHs1 d-BiTOKpeMJICHHS

Po3srisiHeMo BIIIMB CTaHy BEPIIMHU X HA CTAHU BEPUIMHM Y 32 yMOBU: CTaH
BEPIUVHHU Z 3aJ]aHUM, CTaH BEPIIVHU Z HE 3aJaHHM.

1 sunaoox. Henpsmutl npuuunnuii 36 ’sizox (causal trail).

Puc.5.11. X »>Z-Y

Bepumminau X ta Y ymoeno nesanescni npu 3agaHomy ctadi Bepuiunu Z. JlificHo,
P(X,Y,Z) B P(X)P(Z|X)P(Y|Z)
P(X.Z)  PX)PZIX)

BmuuB crany BepmvHA X Ha CTaHU BEPIIMHU Y OJOKY€ETHCA MPU 33JaHOMY

P(Y|X,Z) = = P(Y|2).

CTaH1 BEPIIUHHU Z .

Diriver Cruality (23}
Il 100% - Good| =

[] 0% -EBad

Vehicle Year (X1} Vehicle Size (X2}
B ] 5274% - After2000 ] &750% - Compact
W] 37.26% - Before2000 ] 3240% - sUv

Accident (X4) Driving History (X5}
[ ] 0% - Severs ] 7500% - No_accidents
] % - Mid [ ] 1500% - One_accident
B 100%: - None [ ] 500% - Two_plus_accidents

Cost (X6}

<-] 95,00% - Low >
[] 5.00% - High

Puc. 5.1.2a. Driver Quality — Accident — Cost

Posrnsnemo umsix Driver Quality — Accident — Cost, npu 1pomy
CTYIIHb TSXKKOCTI aBapii Accident Binoma. Akicts Bominus Driver Quality
HE BIUTMBA€ HAa BUTpPATH CTPaxoBoi KommaHii Cost, SKIOO BiioMa CTYIIHb
TSOKKOCTI aBapii Accident:

P(X, = Low|X, = None,X; = Good) = P(X; = Low|X, = None) = 0,95.
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Wehicle Year (X1} Vehide Sie (X2)
-:l 6£3,10% - ARer2000 -] &7,34% - Compact
l:l 3£,20% - B=fore2000 .:l 32,08% - Sy

Drriver Quality (X3}
[ ] % -Goed|=
I 100% - Bad

Accident (X4) Drriving History (X5}
[ ] 0% - Severs [ ] 1i0.00% - No_accidents
] % - Mid ] 2100% - One_accident
B 100%: - None Bl ] 55.00% - Two_plus_sccidents
Cost (¥8)

<-] 55,00% - Low >
[] 5.00% - High

Puc. 5.1.26. Driver Quality — Accident — Cost

P(X¢ = Low|X, = None, X5 = Bad) = P(X¢ = Low|X, = None) = 0,95.
Bruus crany Bepmman Driver Quality Ha ctanu BepminHy Cost OJIOKYEThCS

npu 3alaHoMy cTaHi BepinHu Accident.

Bepmminu X ta Y 3anescni, sko cTaH BEpIIMHU Z HE 3a1aHuil. Brims

CTaHy BepIIMHU X Ha CTaHU BEPIIMHY Y He OJIOKYEThCS MIPU HE3aJJaHOMY CTaHi

BEPILUVHU Z.

2 eunaook. Henpsimuii nacnioxosuii 36 30k (evidential trail).

Puc.513. Y >7Z->X

MipkyBaHHSI aHAJIOT14HI MIPKYBaHHSM, BUKJIAJIEHUM y BUNIAAKY 1.

3 sunaook. Common cause.

Puc.5.14. X« Z->Y
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Bepummnau X ta Y ymoeno nesanescni npu 3agaHomy ctadi Bepiunu Z. JlificHo,
P(X,Y,Z) B P(X)P(Z|X)P(Y|Z)
P(X,.2)  PX)PEZIX)

BrnuB cTany BepinHu X Ha CTaHU BEpIIUHU Y OJOKYETHCS MPHU 3aJaHOMY

P(Y|X,Z) = = P(Y|2).

CTaHi BEpIINHHU Z .
PosrissHemo msx
Accident < Driver Quality — Driving History,
pu LbOMY SIKICTh BoiHHS Driver Quality Bigoma. CTyIiHb TSDKKOCTI aBapii
Accident He BIIMBa€ Ha KUTbKICTh aBapiii Driving History, B AKi IOTparisiB
BOJI1H, SIKIITO BiAOMa HOTO SKICTh BOAIHHA Driver Quality:

P(Xs = No|X, = None, X5 = Good) = P(Xs = No|X5; = Good) = 0,75.

Drriwer Cruality (X3}
Il i00% - Good| =

[ ] 0% -Bad

Vehicle Year (X1} Vehide Size (X2)
.:l £2,7485 - Afer2000 -:l &7,60% - Compact
l:l 17,268 - Before2000 .:l 32, 40% - SUW

Driving History (X5}

Bl ] 75.00% - No_accidents

[ ] 16009 - One_accident
[ 9,00% - Two_plus_accidents

Accident (X4}

Cost (X}
<-] 55.,00% - Low >
[ ] 5.00% - High

Puc. 5.1.5a. Accident < Driver Quality — Driving History

Diriver Quality (X3}
Il 100% - Good | =

[ ] 0% -E=d

Vehicle Year (X1} Vehicle Size (X2)
.:l 43,600 - After2000 .:l 40,31% - Compact
.:| BE, 400 - Before2D00 .:‘ £O 6905 - SUY

Driving History (X5}

Bl 7500% - No_accidents

I ] 1500% - One accident
[ 9,00% - Two_plus_sccidents

Accidant (¥4}
|:| 0% - Severe
I'- 100% - Mild
[ ] 0% -MNone

l

Cost (X6}
<.:| 40,00% - Low >
Il | ©0.00% - High

Puc. 5.1.56. Accident « Driver Quality — Driving History
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Diriver Cruality (23}
Il 100% - Good| =

[ ] % - Bad

Vehicle Year (X1} Vehicle Size (X2}
I 27.52% - After2000 ] 77.52% - Compact
B[] 7248% - Before2000 [ ] 2248% - suv

Accident (X4) Driving History (X5}
I 1007 - Severs ] 7500% - No_accidents
] % - Mid [ ] 1500% - One_accident
] 0% - MNone 1 9,00% - Two_plus_accidents
Cost (%)

<|:| 10,00% - Low >
] 50.00% - High

Puc. 5.1.58. Accident < Driver Quality — Driving History

P(Xs = No|X, = Mild,X; = Good) = P(Xs = No|X5; = Good) = 0,75.
P(Xs = No|X, = Severe, X5 = Good) = P(Xs = No|X; = Good) = 0,75.
Bruus crany Bepmmau Accident nHa ctanu Bepmmnu Driving History
OJIOKYEThCS TTPH 3a7aHOMY cTaH1 BepinHu Driver Quality.
Bepmnu X ta Y 3aneosicui, AKIIO CTaH BEPIIMHU Z HE 3aaHuil. Bruus
CTaHy BepIIMHU X Ha CTaHU BEpIIHMHU Y HE OJOKYETHCS MPU HE3aJaHOMY CTaHi
BEPILUVHU Z.

4 sunaoox. Common effect (v-structure).

Puc.5.16. X > Z «Y

Bepumnau X 1a Y 3aznedxcni, AKIO CTaH BEPIIMHM Z 3aJaHui. BrumB crany
BEepIIMHU X HA CTaHU BEpIIMHY Y He OJIOKYETHCS MPH 33]aHOMY CTaH1 BEPIIMHU

Z. Bepmnnu X ta Y nezaneosicnui, AKIO CTaH BEPIIMHU Z HE 3aJaHUMN:
P(Y|X) = P(Y).
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BB crany BepuiHM X Ha CTaHU BEpIIMHY Y OJIOKYETHCA IPH HE3aJaHOMY
CTaHi BEpIINHU Z .

Posrnsaemo muisax Vehicle Size - Accident < Driver Quality,

IIpU LIbOMY CTYIIIHb TSKKOCTI aBapii Accident Bimoma.

Vehicle Year [X1) Vehick Size (X2) Driver Cuality (33}
] 6270% - After2000 B oo - (iampact) E-] B1,E0% G:.:.d>

B ] 37.30% - Before2000 ] o%-suv I ] 18.20% - Bad

Accident (X4) Driving History (X5}
[ ] 0% - Severs B ] 5317% - No_accidents
] % - mid [ ] 1591% - One_accident
B 100% - None [ ] 1%52% - Two_plus_accidents
Cost (¥E)

<-] 55,00% - Low >
[] 5.00% - High

Puc. 5.1.7a. Vehicle Size - Accident < Driver Quality
P(X; = Good|X, = None, X, = Compact) = 0,8108.

Vehicle Year (X1) Vehicle Size [X32) Drriver Quality (X3)

B | 53.04% - After2000 ] o%- mmm) E-] £2,03% - Good

B | 36%% - Befor=2000 I i00%: - suv [ ] 1757% - Bad

Accident [X4) Drriving History (X&)
[ ] 0% -Severs B ] 53.32% - Mo_accidents
[ ] % - Mid [] 1550% - One_accident
I i00%: - Mone L] 1578% - Two_plus_accidents
Cost (%6}

<-] 55.00% - Low >
[ ] 5.00% - High

Puc. 5.1.76. Vehicle Size —» Accident « Driver Quality
P(X; = Good|X, = None, X, = SUV) = 0,8203.

BrnuB crany Bepmunu Vehicle Size na cranu Bepummnu Driver Quality

He OJIOKYETHCS TIPH 3a7aHOMY CTaHi BepmuHN Accident.
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[nax X & Z = Y BBa)XaTUMEMO aKTUBHUM, SIKIIIO ICHY€ BIUIMB CTaHY
BEpIIMHU X Ha CTaHM BEpIIMHH Y. 30Kpema,

Causal trail X - Z - Y: nuisax akTuBHHUI TOA1 M TUIBKH TO/1, KOJIH CTaH
BEPIIMHM Z HE 3aJaHUM.

Evidential trail X « Z « Y: numax aktuBH#MA TOMI 1 TIABKH TOAI, KOJIHA
CTaH BEPIIUHU Z HE 3aJIaHUM.

Common cause X « Z — Y: nurgx akTUBHUM TOI1 i TUIBKU TOA1, KOJIU
CTaH BEPIIMHHU Z HE 3aJaHUM.

Common effect X » Z « Y nmuiax akTUBHUN TOII ¥ TUIBKY TOII, KOJIU
CTaH BepIIMHU Z a00 CTaH OJHOTO 3 HAIAJIKIB BEPIIUHU Z 3aJJaHU.

O3navenns. Hexait G — GalieciBcbka Mepexa, Z — MiAMHOKUHA BEPIIHH,
ctaHu saxkux 3anadi. lnax X; & --- & X,, Ha3uBaTUMEMO AKTHBHHMM TpU
3QJIaHUX CTaHaX BEPIIUH Z, SIKIIO JJI OyIb-sIKOi V-CTPYKTYpH X;_1 = X; < Xj4q
BepirHa X; a0o oJMH 3 11 HAIlaJKIB HAJIC)KaTh MHOXKHMHI Z ¥ 1HIIIMX BEPIIHH B
MHOXXHH1 Z HEMAE.

O3nauvenns d-BinoxpemJienns (directed separation). Hexait X,Y,Z —
M1IMHOKUHM BEPIIUH allMKIIYHOTO opieHToBaHoro rpada (X, Y, Z He nepetuna-
10Thes1). Bepmau X ta Y d -BimokpemJieni Bepiimaamu Z TOAi i TUIBKH TO/I,
KOJM BepIIMHU Z OJOKYIOTh BCl aKTHMBHI LUISIXM 3 Oylb-KO1 BEpILUIMHU, IO
HaJeXUTh X B Oy/ib-SKYy BEPILUHY, 1110 HAIEKUTH Y.

Hampuknan, B OaifeciBebkilt  Mepexi mmsix X, = X, « X3 = X;
HeakTuBHUHN mnst Z = @, Tomy 1o V-cTpykrypa X, — X, < X3 He akTHBOBaHa.
Hlsx X, = X, « X3 —» Xo axtuBHuii it Z = {X,}, TOMy 1110 V-CTpyKTypa
X, » X, « X3 aktuBoBaHa. 3 1HIIOI CTOpoHHU, HULIX X, — X, « X3 = X5

HeaktuBHuid 1151 Z = {X,, X5}, ockinpku X5 Oiokye numsix X, < X3 = Xs.
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5.2. AaroputMm d-BigoKkpeMyIeHHS

PosrnsHeMo anropuT™ 3HaXOMKEHHS JOCSKHUX BEPIIUH 13 BEpIIMHA X
IPU 3a/laHUX BEPIIMHAX Z Yyepe3 aKTUBHI HUIIXH.

Algorithm 3.1 Algorithm for finding nodes reachable from X given Z via
active trails [1, p.75]

Procedure Reachable (
G, Il epagh batieciscoroi mepedici
X, Il 6xiona sepwuna
Z Il sepwunu Z, wo cnocmepicaromcsi
Pay Il 6amoxiscoki eepuunu ons eepuunu Y
Chy Il oouipni eepuunu ons éepuunu Y
)
®a3a |: Bubip (BuaijicHHs) B MHOKHHY A BCIiX BEpIINH, SKi 3HAXOIAThCSA B MHOXHHI Z a00
MaIOTh HAIIAKIB B MHOXHHI Z
L = Z || muoosicuna eepwun, saxi mu 6i08ioaemo
A=0
10 THX Tip, moku L # @
obOupaemo BepuuHy Y 3 MHOXKuHHU L
npulupaeMo BepiIMHY Y 3 MHOKUHU L
gkmo Y & A, 1o
L = LU Pay Il 000aemo 6amokie sepuunu Y 6 mnosicuny L
A =AU {Y} Il 0ooaemo eepuuny Y 6 mnooicuny A

®a3za |l nepeMilieHHs aKTUBHUMU HUIAXaMH, TIOYNHAIOYH 3 BEPIIMHU X
L = {(X, D} Il mnoorcuna (eepwuna, nanpsamox), siki mu 6iogioaemo
V = @ Il mnoorcuna (6éepuuna, nanpsamox), saxi mu 8iogioanu
R = @ Il mnosicuna sepuiun, OOCANCHUX AKMUSHUMU ULTIAXAMU
10 TuX mip, noku L # @
obupaemo (Bepiuny, Hanpsamok) (Y, d) 3 maoxuau L
npubupaemo (Bepiuny, Hanpsamok) (Y, d) 3 maoxunu L
axmo (Y,d) € V, 1o // axwo (Y, d) mu we ne siosioanu, mo
R = R U {Y}/l 0o0ooaemo eepuwuny Y 6 mnoocuny R
V=VU{(Y,d)}/l oooaemo (Y,d) 6 muoscuny V
akmo d =TuY & Z, 1o // eucxionuit winsax akmuenuil
JUTS KO>KHOT Bepiuuu Z € Pay Il Pay — 6ameku sepuunu Y
L=LU{(Z ")}/l oooacmo 6amvxis sepuunu Y ¢ L
JUTS KO)KHOT Bepiuuu Z € Chy Il Chy — oimu éepuunu Y
L=LU({(Z 1)}l 00oacmo oimeii éepuunu 'Y ¢ L
inakme sxmo d =1, To
akimo Y & Z, To // HuzXioHutl uisax akmueHutl
111 KookHOT Bepinuuu Z € Chy Il Chy oimu sepuwunu Y
L=LuU{(Z )}l oooacmo oimei éepuunu'Y ¢ L
akmio Y € A, To // V-cmpykmypa akmuena
111 KOkHOT Bepiuuu Z € Pay I/ Pay Oatbku Y
L=LU{(Z ")}/l oooacmo 6amoxis sepuunu Y 6 L
MOBEPHYTH MHOXHMHY BEPIIMH R, TOCSKHUX AKTHBHUMH [UIAXaMH
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JHonatok 1. MopemoBanHs OaiieciBchkoi mepexi Monty Hall

from pgmpy.models import BayesianModel
from pgmpy.factors.discrete import TabularCPD

# Defining the network structure
model = BayesianModel([('Contestant', 'Host'), ('Prize', 'Host')])

# Defining the CPDs
cpd_c = TabularCPD(variable='Contestant', variable_ card=3,
values=[[0.33, 0.33, 0.33]])

cpd_p = TabularCPD(variable='Prize', variable_card=3,
values=[[0.33, 0.33, 0.33]])
cpd_h = TabularCPD(variable='Host', variable card=3,

values=[[0, ©, @, @, 0.5, 1, 0, 1, 0.5],
[e.5, @, 1, @, @0, @, 1, @, 0.5],
[6.5, 1, @, 1, @©.5, @, @, 0, 0]],
evidence=[ 'Contestant’', 'Prize'],
evidence_card=[3, 3])

# Associating the CPDs with the network structure
model.add_cpds(cpd c, cpd _p, cpd_h)

# check_model check for the model structure and the associated CPD and
returns True if everything is correct otherwise throws an exception
model.check_model()

print(model.get cpds('Contestant'))

print(model.get_cpds('Prize'))

print(model.get_cpds('Host'))

# Infering the posterior probability
from pgmpy.inference import VariableElimination

infer = VariableElimination(model)

posterior_p = infer.query(variables=['Prize'],
evidence={"'Contestant': @, 'Host': 2})

print(posterior_p['Prize'])

Fmmm o +
| Prize | phi(Prize) |
+ + +
| Prize_0 | 0.3333 |
o o +
| Prize_1 | 0.6667 |
R T +
| Prize_2 | 0.0000 |
R T +

posterior p = infer.query(variables=['Prize'],
evidence={'Contestant': @, 'Host': 1})
print(posterior_p['Prize'])

ettt fom - +
| Prize | phi(Prize) |
+ + +
| Prize_0 | 0.3333 |
o o +
| Prize_1 | 0.0000 |
4o fom - +
| Prize_2 | 0.6667 |
o o +

54



Honatok 2. MonentoBaHHs 6aiieciBcbkoi Mepexi Insurance

from pgmpy.models import BayesianModel
from pgmpy.factors.discrete import TabularCPD

# Defining the network structure

model = BayesianModel([('Focused', 'Good_student'),('Age', 'Good_student'),
('Age', 'Driver_quality'), ('Extra_training', 'Driver_quality'),
('Focused', 'Driver_quality'),('Driver_quality', 'DrivingHistory'),
('Focused', 'Vehicle_size'),('Vehicle_year', 'Accident'),
('Vehicle_size', 'Accident'), ('Driver_quality', 'Accident'),
('Antilock_brakes', 'Accident'), ('Airbag','Accident'),
('Vehicle_year', 'Airbag'), ('Vehicle_year', 'Antilock_brakes'),
("Accident', 'Cost'), ('Vehicle_year', 'Cost')])

# Defining the CPDs
cpd_focused
cpd_age
cpd_goodstud
cpd_vehiclesize
cpd_extratraining
cpd_driverquality
cpd_drivinghistory
cpd_vehicleyear
cpd_airbag
cpd_antilockbrakes
cpd_accident
cpd_cost

# Associating the CPDs with the network structure
model.add_cpds(cpd_focused, cpd_age, cpd_goodstud, cpd_vehiclesize,
cpd_extratraining, cpd_driverquality, cpd_drivinghistory,cpd_vehicleyear,
cpd_airbag, cpd_antilockbrakes, cpd_accident,cpd cost)

# check_model check for the model structure and the associated CPD and
returns True 1if everything 1is correct otherwise throws an exception
model.check_model()

print(model.get_cpds('Focused'))

print(model.get cpds('Good student'))

print(model.get_cpds('Age'))
print(model.get_cpds('Driver_quality'))

print(model.get cpds('Extra_training'))
print(model.get_cpds('DrivingHistory'))
print(model.get_cpds('Vehicle_size'))

print(model.get cpds('Vehicle year'))
print(model.get_cpds('Antilock_brakes'))
print(model.get_cpds('Airbag'))

print(model.get cpds('Accident'))

print(model.get_cpds('Cost'))

# Infering the posterior probability
from pgmpy.inference import VariableElimination
infer=VariableElimination(model)
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# Distribution for Focused
prior_p=infer.query(variables=["'Focused'])
print(prior_p['Focused'])

e g +
| Focused | phi(Focused) |
4===========4================+
| Focused 0 | 0.7000 |
e g +
| Focused_ 1 | 0.3000 |
e g +

# Distribution for Good Student
prior p=infer.query(variables=[ 'Good student'])
print(prior_p['Good_student'])

Fmmm oo mmmm o +
| Good student | phi(Good_student) |
4==============oofssssssssssososoooooooy
| Good_student 0 | 0.1375 |
e e +
| Good student 1 | 0.8625 |
Fmmm oo mmmm o +

# Distribution for Age
prior_p=infer.query(variables=["'Age'])
print(prior_p['Age'])

omm - R +
| Age | phi(Age) |
4=======f============+
| Age o | 0.2500 |
Fmmm - fmmmm - +
| Age 1 | 0.7500 |
- R +

# Distribution for Driver Quality
prior_p=infer.query(variables=[ 'Driver_quality'])
print(prior_p['Driver_quality'])

Hmmmmm oo T +
| Driver_quality | phi(Driver_quality) |
| Driver_quality @ | 0.4647 |
Hmmmmm oo o mm e +
| Driver quality 1 | 0.5353 |
Hmmmmm oo o mm e +

# Distribution for Extra Training
prior_p=infer.query(variables=['Extra_training'])
print(prior_p['Extra_training'])

oo T +
| Extra_training | phi(Extra_training) |
4=================s4ssssss=ssssssssossosoo=ost
| Extra_training 0 | 0.1000 |
dmmm e dmm e +
| Extra_training 1 | 0.9000 |
o mm e e +
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# Distribution for Driving History
prior_p=infer.query(variables=["'DrivingHistory'])
print(prior_p['DrivingHistory'])

Hmmmmm e Hmmmmmm e +
| DrivingHistory | phi(DrivingHistory) |
4#==================jss=sss=ss=ss=ssossossoosooo
| DrivingHistory @ | 0.3394 |
Hmmmmm e Hmmmmmm e +
| DrivingHistory 1 | 0.4303 |
Hmmmmm e Hmmmmmm e +
| DrivingHistory 2 | 0.2303 |
. $mmmmmmmmmmmeeemeeeaaa- +

# Distribution for Vehicle Size
prior_p=infer.query(variables=['Vehicle _size'])
print(prior_p['Vehicle_size'])

#mmmmmmmmmme—aas Hmmmmmmmmmmmmee—eeea- +
| vehicle size | phi(Vehicle size) |
+================+===============z======+
| Vehicle size @ | 0.4100 |
T R T TP +
| Vehicle size 1 | 0.5900 |
#mmmmmmmmmee—meae Hmmmmmmmmmmmmee—eeea- +

# Distribution for Vehicle Year
prior_p=infer.query(variables=['Vehicle_year'])
print(prior_p['Vehicle year'])

Hmmmmm e dmmm i m e +
| Vehicle_year | phi(Vehicle_year) |
4=========cozoooodoooooooooooozoooomz=od
| Vehicle_year_ 0 | 0.6000 |
Hmmmmm e dmmm i m e +
| Vehicle year 1 | 0.4000 |
Hmmmmm e dmmm i m e +

# Distribution for Antilock Brakes
prior_p=infer.query(variables=["'Antilock_brakes'])
print(prior_p['Antilock_brakes'])

o Fom e +
| Antilock _brakes | phi(Antilock_brakes)

#=================z==4=========z====z====z====+
| Antilock brakes 0 | 0.4600 |
e e +
| Antilock_brakes_1 | 0.5400 |
Hmmmmm e fmmmmmmm e +

# Distribution for Airbag
prior p=infer.query(variables=["'Airbag'])
print(prior_p['Airbag'])

R dmmmmmmmeeeeaaas +
| Airbag | phi(Airbag) |
+=======z===4z=============z=+
| Airbag @ | 0.6200 |
Hmmmmm - Hmmmmmmmm— e +
| Airbag 1 | 0.3800 |
R Hmmmemmmmmmeaaaa- +
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# Distribution for Accident
prior_p=infer.query(variables=["'Accident'])
print(prior_p['Accident'])

Hmmmmmmm e #mmmmmmm e +
| Accident | phi(Accident) |
4#============4zs============oooi
| Accident_ o | 0.0651 |
Hmmmmmmm e #mmmmmmm e +
| Accident_1 | 0.1629 |
Hmmmmmmm e #mmmmmmm e +
| Accident 2 | 0.7720 |
T - +

# Distribution for Cost
prior_p=infer.query(variables=["'Cost'])
print(prior_p['Cost'])

e R L T +
| Cost | phi(Cost) |
+========4=============4
| Cost o | 0.7758 |
F--mm——-- Fommm e +
| Cost 1 | 0.2242 |
e R L T +

import time

# Posterior distribution for Cost (Fig. 3.3.2)

start_time = time.time()

posterior_p=infer.query(variables=["'Cost'],
evidence={"Antilock_brakes': 0})

print(posterior p['Cost'])

print("--- %s seconds ---" % round((time.time() - start_time),4))
e TP +
| Cost | phi(Cost) |
+========+=============+
| Cost_o | 9.8302 |
+---mmm - - e +
| Cost 1 | 0.1698 |
e TP +

--- 0.07813 seconds ---

# Posterior distribution for Cost (Fig. 3.3.3)
start_time = time.time()
posterior_p=infer.query(variables=['Cost'],

evidence={'Antilock_brakes': 1})
print(posterior p['Cost'])

print("--- %s seconds ---" % round((time.time() - start_time),4))
e Fomm - +
| Cost | phi(Cost) |
+========+=============+
| Cost_o@ | 0.7294 |
e e +
| Cost 1 | 0.2706 |
e e +

--- 0.0937 seconds ---
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# Posterior distribution for Cost (Fig. 3.3.4)

start_time = time.time()

posterior_ p=infer.query(variables=['Cost'],
evidence={"'Antilock_brakes': @, 'Airbag': 0})

print(posterior_p['Cost'])

print("--- %s seconds ---" % round((time.time() - start_time),4))
t--mmm - - +
| Cost | phi(Cost) |
+========4=============4
| Cost @ | 0.8423 |
t--mmm - - +
| Cost 1 | 0.1577 |
t--mmm - - +

--- 0.0780 seconds ---

# Posterior distribution for Cost (Fig. 3.3.5)

start_time = time.time()

posterior_p=infer.query(variables=['Cost’'],
evidence={"'Antilock_brakes': 1, 'Airbag': 1})

print(posterior p['Cost'])

print("--- %s seconds ---" % round((time.time() - start_time),4))
o - T +
| Cost | phi(Cost) |
=== === =========+4
| Cost_ @ | 0.6847 |
o - T +
| Cost 1 | 0.3153 |
oo - D T +

--- 0.0781 seconds ---

# Posterior distribution for Cost (Fig. 3.3.6)

start_time = time.time()

posterior_ p=infer.query(variables=['Cost'],evidence={"'Antilock brakes': 0,
"Airbag': @, 'Driver_quality': @})

print(posterior_p['Cost'])

print("--- %s seconds ---" % round((time.time() - start_time),4))
t---mm - dommmmm e +
| Cost | phi(Cost) |
+========+4=============+
| Cost @ | 0.8567 |
t--mmm - Fommmmm e +
| Cost 1 | 0.1433 |
t--mmm - Fommmmm e +

--- 0.0625 seconds ---

# Posterior distribution for Cost (Fig. 3.3.7)

start_time = time.time()

posterior_p=infer.query(variables=['Cost'], evidence={'Antilock_brakes':1,
"Airbag': 1, 'Driver _quality': 1})

print(posterior p['Cost'])

print("--- %s seconds ---" % round((time.time() - start_time),4))
Fommmm oo R ettt +
| Cost | phi(Cost) |
=== =============4
| Cost o | 0.6475 |
Fommmmm - Fommmmm e +
| Cost_1 | 0.3525 |
Fo--mm - Fommmmm - +

--- 0.0937 seconds ---
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Honatok 3. MozemoBanHs OarieciBecbkoi mepexi Credit

from pgmpy.models import BayesianModel
from pgmpy.factors.discrete import TabularCPD

# Defining the network structure
model = BayesianModel([('Income', 'Assets'), ('Assets', 'FutureIncome'),
('FutureIncome', 'CreditWorthiness'), ('Age', 'PaymentHistory'),
('DebtIncomeRatio', 'CreditWorthiness'),('Age','Reliability'),
('DebtIncomeRatio', 'PaymentHistory'), ('Income', 'FutureIncome'),
('Reliability', 'CreditWorthiness'), ('PaymentHistory', 'Reliability')])

# Defining the CPDs
cpd_DebtIncomeRatio
cpd_Age

cpd_Income
cpd_FutureIncome
cpd_PaymentHistory
cpd_Reliability
cpd_CreditWorthiness

# Associating the CPDs with the network structure
model.add_cpds(cpd_DebtIncomeRatio, cpd_Age, cpd_Income, cpd_Assets,
cpd_FutureIncome, cpd_PaymentHistory, cpd_Reliability,
cpd_CreditWorthiness)

# check_model check for the model structure and the associated CPD and
returns True 1if everything 1is correct otherwise throws an exception
model.check_model()

print(model.get_cpds('DebtIncomeRatio'))

print(model.get cpds('Age'))
print(model.get_cpds('PaymentHistory'))
print(model.get_cpds('Reliability'))

print(model.get cpds('Income’))

print(model.get_cpds('Assets'))
print(model.get_cpds('FutureIncome'))

print(model.get cpds('CreditWorthiness'))

# Infering the posterior probability
from pgmpy.inference import VariableElimination
infer = VariableElimination(model)

# Distribution for DebtIncomeRatio
prior_p=infer.query(variables=[ 'DebtIncomeRatio’'])
print(prior_p[ 'DebtIncomeRatio"])

e e R e T T +

| DebtIncomeRatio | phi(DebtIncomeRatio) |

# Distribution for Age
prior p=infer.query(variables=["'Age'])
print(prior_p['Age'])
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+------- R i +
| Age | phi(Age) |
+=======f============4
| Age o | 9.3333 |
+------- R it +
| Age 1 | 9.3333 |
+------- R it +
| Age 2 | 0.3333 |
+------- - +

# Distribution for PaymentHistory
prior_p=infer.query(variables=["'PaymentHistory'])
print(prior_p['PaymentHistory'])

Hmmmmm e Hmmmmmm e +
| PaymentHistory | phi(PaymentHistory) |
+============z=====z=4=====================z==+
| PaymentHistory @ | 9.3833 |
Fmmm e o m e +
| PaymentHistory 1 | 0.3000 |
Hmmmmmmmm e Hmmmmmmmm e +
| PaymentHistory 2 | 0.3167 |
Hmmmmmmmm e Hmmmmmmmm e +

# Distribution for Reliability
prior_p=infer.query(variables=['Reliability'])
print(prior_p['Reliability'])

e S L LT +
| Reliability | phi(Reliability) |
+===============+4====================+4
| Reliability 0 | 0.7514 |
T e +
| Reliability 1 | 0.2486 |
R S e e e e +

# Distribution for Income
prior_p=infer.query(variables=["'Income'])
print(prior_p['Income'])

Hmmmmmmmma- N +
| Income | phi(Income) |
+=======z===4z=============z=+
| Income_0 | 0.3333 |
Hmmmmm - Hmmmmmmm e +
| Income_1 | 0.3333 |
R dmmmmmmmeeeeaaas +
| Income 2 | 0.3333 |
R dmmmmmmmeeeeaaas +

# Distribution for Assets
prior_p=infer.query(variables=['Assets'])
print(prior_p['Assets'])

Hmmmmm - Hmmmmmmm e +
| Assets | phi(Assets) |
4#==========4z==============4
| Assets @ | 0.5333 |
R Hmmmemmmmmmeaaaa- +
| Assets 1 | 0.1833 |
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ommmm o dmmmmm o +
| Assets_2 | 0.2833 |
Fommmmm - dmmmmm e +

# Distribution for Future Income
prior_p=infer.query(variables=['FutureIncome'])
print(prior_p['FutureIncome'])

Hmmmmmmmmm—m e Hmmmmmmmm e +
| FutureIncome | phi(FutureIncome) |
+================+=====================+
| FutureIncome 0 | 0.5433 |
e N +
| FutureIncome 1 | 0.4567 |
Hmmmmmmmmm—m e Hmmmmmmmm e +

# Distribution for CreditWorthiness
prior_p=infer.query(variables=["'CreditWorthiness'])
print(prior_p['CreditWorthiness'])

g e +
| CreditWorthiness | phi(CreditWorthiness) |
t===cc==omoomoooooooodooooooooooooooooooooozmood
| CreditWorthiness @ | 0.6344 |
g e +
| CreditWorthiness 1 | 0.3656 |
g e +

# Reasoning Patterns

# Causal reasoning or prediction

# Posterior distribution for PaymentHistory (Fig. 4.2.1)

posterior p = infer.query(variables=['PaymentHistory'],
evidence={'DebtIncomeRatio’ : 1, 'Age' : 0})

print(posterior_p[ 'PaymentHistory'])

T e +
| PaymentHistory | phi(PaymentHistory) |
+============z=====z=4================z=====z==+
| PaymentHistory 0 | 0.1000 |
T LT T T LT TR +
| PaymentHistory 1 | 0.2000 |
T e +
| PaymentHistory 2 | 0.7000 |
. e +

# Posterior distribution for PaymentHistory (Fig. 4.2.2)

posterior_p = infer.query(variables=['PaymentHistory'],
evidence={'DebtIncomeRatio’' : @, 'Age' : 0})

print(posterior_p[ 'PaymentHistory'])

. e +
| PaymentHistory |  phi(PaymentHistory) |
+============z=====z=4================z=====z==+
| PaymentHistory 0 | 0.2000 |
Hmmmmm e Hmmmm e +
| PaymentHistory 1 | 0.3000 |
T $mmmmmmmmmmeeeemeeaaaa- +
| PaymentHistory 2 | 0.5000 |
T $mmmmmemmemeeeceneeaa- +



# Posterior distribution for PaymentHistory (Fig. 4.2.3)
posterior_p = infer.query(variables=["'PaymentHistory'],

evidence={'DebtIncomeRatio’ : @, 'Age’

print(posterior_p[ 'PaymentHistory'])

o mm e dmmm e +
| PaymentHistory | phi(PaymentHistory) |
4============ssssssjsssssssssssssssssssssmssd
| PaymentHistory @ | 0.6000 |
4o m e dmmm e +
| PaymentHistory 1 | 0.3000 |
o mm e dmmm e +
| PaymentHistory 2 | 0.1000 |
o mm e dmmm e +

# Evidential reasoning or explanation

# Posterior distribution for PaymentHistory (Fig. 4.2.4)

posterior_p = infer.query(variables=["'PaymentHistory'],
evidence={'Reliability' : 0})

print(posterior_p[ 'PaymentHistory'])

Hmmmmmmmm e Hmmmmmmmm e +
| PaymentHistory |  phi(PaymentHistory) |
+=========z=====z====t==================z=====z+
| PaymentHistory @ | 0.4813 |
Fmmm e oo +
| PaymentHistory 1 | 0.3703 |
Hmmmmmmmm e Hmmmmmmmm e +
| PaymentHistory 2 | 0.1484 |
T LT T T LT TR +

# Posterior distribution for PaymentHistory (Fig. 4.2.5)

posterior_p = infer.query(variables=["'PaymentHistory'],
evidence={'Reliability' : 1})

print(posterior p[ 'PaymentHistory'])

T LT T T LT TR +
| PaymentHistory | phi(PaymentHistory) |
+==================4=======================4
| PaymentHistory 0 | 0.0872 |
T LT T T LT TR +
| PaymentHistory 1 | 0.0874 |
. e +
| PaymentHistory 2 | 0.8254 |
Hmmmmm e Hmmmm e +

# Intercausal reasoning
# Posterior distribution for DebtIncomeRatio (Fig. 4.2.6)
posterior_p = infer.query(variables=['DebtIncomeRatio'],

evidence={'PaymentHistory' : 2, 'Age’

print(posterior p[ 'DebtIncomeRatio’])

D T +
| DebtIncomeRatio | phi(DebtIncomeRatio) |
+===================+4========================+
| DebtIncomeRatio_© | 0.4167 |
e oo +
| DebtIncomeRatio 1 | 0.5833 |
e oo +

:e})
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5.1. OsnaueHHs d-BiJOKpEMIICHHS

5.2.  Auroputm d-BiTOKpEMIICHHS
Honatok 1. MopaemtoBanHs OalieciBecbkoi mepexi Monty Hall
Honatok 2. MoaentoBanHs OaiieciBcbkoi Mepexi Insurance
Honarox 3. MoaentoBaHHs OaiieciBcbkoi mepexi Credit
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