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HOPIBHAHHA NAIVE BAYES TA TREE-AUGMENTED NAIVE
BAYES /UISA IEPEJABAYEHHA PUBUKY HYKPOBOI'O AIABETY
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AHoTanis

Y pobomi oocnidoceno mosicnugicmos yOOCKOHANCHHS KIACUUHO20 Dalleciécbkozo knacugikamopa Naive Bayes uinsxom
66€0eHHs. 0epesonoOiOHUX 3aedcHocmel Midc o3Hakamu y mooeni Tree-Augmented Naive Bayes (TAN). Excnepumenm
npogedeno Ha 36arancosanii eubipyi BRESS 2015 i3 70 692 cnocmepedicens. besnepepsni npeduxmopu Ouckpemu308ano Ha
K8AHMUIbHI ihmepsanu, a cmpykmypy 3anesicnocmeti TAN no6y0osano memooom MakcuMaibHo2o KiCmaKko8o2o 0epesad Ha
OCHO8I YMOBHOI 83aeMHOI iHhopmayii midxc osnakamu. OOudsi Mooeni HagueHo 3i 321a0xcysantam Jlaniaca ma nopisHaHo 3a
nokasnukamu Accuracy, Precision, Recall, F1-score, AUC-ROC i Brier score, w0 0036801U10 0OHOYACHO OYIHUMU IXHIO
OUCKPpUMIHAYITIHY 30amHicmb 1 AKicme Kaniopyeanus umosipuocmei. Modeno TAN odocaena Accuracy 0.7458, Fl-score
0.7555 ma AUC-ROC 0.8222, wo nepesuwgye 6i0nogioni noxkasnuku 06azoeozo Naive Bayes (Accuracy 0.7325, Fl-score
0.7311, AUC-ROC 0.8123), a maxooc 3abe3neyuna menwuti Brier score (0.1775 npomu 0.2000). [Jooamkoeo npoananizoano
HAUCUTLHIWIT MIDICO3HAKOGI 3anedcHocmi, guseneni y cmpykmypi TAN. Bcmanogeneno, wjo 8paxysanHs yMoGHUX 3AeHCHOCE
MIC KIIHIMHUMU MA  COYIANbHO-NOBCOIHKOBUMU NPEOUKMOpamMu Ni08UWYE SKICMb OAUeECI6CbKol Kaacugikayii pusuxy
diabemy.

KoaiouoBi ciioBa: GaiieciBcbka mepexa, Naive Bayes, Tree-Augmented Naive Bayes, 1iykpoBuii niabeT, mporHo3yBaHHsI
pH3HKY, 30aaHCOBaHI aHi, KaniOpyBaHHs.

Abstract

This paper investigates the improvement of the classical Naive Bayes classifier through the introduction of tree-structured
feature dependencies in Tree-Augmented Naive Bayes (TAN). The experiment was conducted on a balanced BRFSS 2015
sample of 70,692 observations. Continuous predictors were discretized into quantile intervals, and the TAN dependency
structure was built using the maximum spanning tree method based on the conditional mutual information between features.
Both models were trained with Laplace smoothing and compared in terms of Accuracy, Precision, Recall, F1-score, AUC-
ROC, and Brier score, which allowed simultaneous assessment of their discriminative ability and the quality of probability
calibration. The TAN model achieved Accuracy 0.7458, F1-score 0.7555, and AUC-ROC 0.8222, outperforming the baseline
Naive Bayes (Accuracy 0.7325, Fl-score 0.7311, AUC-ROC 0.8123), and also yielded a lower Brier score (0.1775 versus
0.2000). In addition, the strongest inter-feature dependencies identified in the TAN structure were analyzed. The study
demonstrates that modeling conditional dependencies among clinical and socio-behavioral predictors enhances Bayesian
diabetes risk classification.

Keywords: Bayesian network, Naive Bayes, Tree-Augmented Naive Bayes, diabetes, risk prediction, balanced data,
calibration.

Beryn

[Ipobnema paHHBOrO MPOrHO3YBAHHS PH3HMKY IYKPOBOTO Iia0eTy € aKTyaJlbHOI IJISi CY4acHHX CHUCTEM
OXOPOHH 3/10pOB's, OCKIJIBKM CBOEYACHE BHUSBJIICHHS 3aXBOPIOBaHH: 3a0e3euye o0IpyHTOBaHICTh IPEBEHTUBHUX
pillleHb Ta palioHabHe BUKOPUCTAHHS KIIHIYHUX pecypciB [1, 2].

BaifeciBcbki Mojeni y Wil 3aa4i € METOMOJIOTIYHO JOIUIEHUMHU 4Yepe3 iXHIO 3JIaTHICTh NPEACTaBISTH
HEBU3HAUYCHICTh y (opmi HMOBIpHOCTEH 1 BogHOYAC 30epiraTu iHTEPIPETOBAHICTh CTPYKTYPHHUX 3aI€KHOCTEH
MiX MEJUYHUMH MpeuKkTopamu [2]. Bukopucranus 30amaHCOBaHUX JIAHUX JJIsl IOPIBHSHHS MOJIEIIEH JT03BOJISIE
OTpPHMAaTH KOPEKTHI Ta He3MIIlIeHi OIIHKY SKOCTi knacugikarrii [1].

Mertoto poboTH € nopiBHsUIEHE OLiHIOBaHHS KiacuyHoro Naive Bayes ta Tree-Augmented Naive Bayes s
3a/la4yi MPOTHO3YBaHHS PHU3UKY IIYKPOBOro jiabery Ha 30amaHcoBaniii BuOipii BRFSS 2015 i xinbkicHe
BU3HAYEHHS BIUIMBY BPaxyBaHHs MDKO3HAKOBHX 3aJIE)KHOCTEH Ha sKicTh Kiacudikamii Ta KaxiOpyBaHHsS
HMoBipHOCTEH. 151 JOCATHEHHS TIOCTABICHOT METH PO3B'SI3aHO TaKi 3aBAAaHHS: MIATOTOBICHO Ta TUCKPETH30BAHO



JaHi, MO0yIOBaHO CTPYKTYypy 3anexxkHocTted TAN, HaBueHO OOWIBI MOZENI Ta BHKOHAHO iX IOPIBHSIHHS 3a
CYKYITHICTIO METPHUK SKOCTi 1 KaaiOpyBaHHS.

MeTtoaoJoris

Knacuuynnii Naive Bayes rpyHTyeThCS Ha NPUIYIIEHHI YMOBHOI HE3aJeKHOCTI MPEIUKTOPIB 3a BiJOMOTO
KJIacy, IO CIPOIIyE OIIHIOBaHHS MapaMeTpiB, OJHAK MOXe OOMEXyBaTH SKICTh MOJENIOBaHHS B YMOBax
peaThbHUX KIIIHIYHAX B3a€MO3B'SI3KIB MK O3HaKamu [2, 7].

Tree-Augmented Naive Bayes ycyBae 3a3HaueHe OOMEXKEHHS IIUISXOM BBEICHHS JCPEBOINOMIOHUX
3aJIe)KHOCTEH MK O3HaKaMu, 30epiraroud ImpHu IIbOMY IPO30PICTh IMOBIPHICHOI iHTepIpeTalii, Mo BiANOBIIaE
BAMOTaM 10 KIIHIYHUX IHCTPYMEHTIB MATPUMKH pilieHb [6]. YmockonanmeHHs 0a30BOi MOJelni 3a paxyHOK
YCKJIQJHEHHS 11 CTPYKTYPH € MOIIUPEHOI0 CTPATETIEr0 MiABUIIICHHS TPOTHOCTHYHOI TOYHOCTI, SIK 1 B aHCAaMOJIEBUX
METOAax MPOrHO3yBaHHs, 30KkpeMa Oyctunry [3]. [TonepenHi poOOTH MiATBEPAXKYIOTh, 10 OaHECIBCHKI MEPEXi €
MIPaKTUYHUM 1HCTPYMEHTOM JJISI MEAMYHOI JIarHOCTUKH Ta MiATPUMKH KIIIHIYHHAX pitieHs [1, 6].

ATIpiOpHHIA PO3MOALT KITacy MO 3aa€ThCs CIiBBIAHOIICHHM, TogaHuM sIK hopmyina (1):

Py =c¢) =m, ey

IIe Y — KJIacoBa 3MiHHA, C — KOHKPETHHH KJIac, T — anpiopHa HMOBIPHICTH KIacy.
®dyHKIisg mpaBaonoAioHoCTI it Moneii Naive Bayes Bu3HavyaeThes sk hopmyia (2):

Pxly = ) =TI = 1..d) P(xly = ©), 2

Jie X — BEKTOp O3HaK, d — KUIBKICTh O3HaK, Xj — j-Ta o3Haka, P(x;|y = ¢) — ymoBHa HMOBIpHICTb j-TOi
O3HaKH 3a BiJIOMOTO KJIacy.
Huia Tree-Augmented Naive Bayes npaBiaomnoniOHICTh 00UnCITIOETECS SIK hopmyna (3):

P(xly = ¢) = P(xely = ©) - TG # DP(xj[xpa(),y = ©), 3)

Jie X, — KOPEHEBA O3HAKA JIEPEBA, Xpa(j) — OaTbKiBChbKa O3HAKa j-TOI BEPIIMHHM, YMOBHA HMOBIPHICTH
BpPaxOBYE€ KJIaC i Mi’KO3HAKOBY 3aJIC)KHICTb.
AmnoctepiopHa HMOBIpHICTB 3a TeOpeMoto balieca o0uucioeThes sik popmyia (4):

P(y = c[x) = P(y = 0)P(xly = ¢)/Zx P(y = K)P(x]y = k), €]

ne C — mHOXMHa KiaciB, P(y=c|x) — amocrepiopHa HMOBIpHICTb KJ1acy C JJIsl CHOCTEPEKEHHS X, 3HAMCHHUK
BUKOHYE HOpMYBaHHSI 3a BCiMa KJlacaMH.
LlinboBa MeTpHKa y3roKEHHS TOYHOCTI 1 MOBHOTH BU3HAYAETHCS uepe3 popmyy (5):

F1 = 2 - Precision - Recall/(Precision + Recall), %)

ne Precision — TOYHICTh IO3UTHBHUX Kiacudikaiid, Recall — moBHOTa BUSBIIEHHS MO3UTUBHOTO Kiacy, F1
— TapMOHIi{HE cepeiHE 3a3HaueHHX MOKa3HUKIB [3, 9].

Marepiaau Ta MeToau

Excnepument mnpoBemeHo Ha HaOopi diabetes binary 5050split health indicators BRFSS2015.csv i3
o6csirom 70692 criocrepeskensb 1 6anancoM kinacis 50/50 (35 346 3anuciB KOXKHOTO KJIACY), IO JO3BOJISIE YHUKHYTH
CHCTEMAaTUYHOT0 NEPEKOCy Ha KOPHUCTH OJHOTO KiIacy Mij 4ac MOpiBHAHHS Mozene [3, 4].

Besnepepeni o3naku BMI, MentHIth Ta PhysHIth anckpermzoBano Ha 5 KBaHTHIBHHMX iHTEpBaliB. Yci
KaTeropiaJibHi 3MiHHI MPEJCTABICHO MIJOYHUCENILHUMU KOJAMH 3 HEHETaTHBHUMH 3HAYSHHSMU, IO BiJIIOBIIa€e
BumMoram mojen CategoricalNB 3i srimampkysanusam Jlarmiaca (o= 1.0) [7].

[opiBusinHs BukoHaHo i 6a3oBoro Naive Bayes Ta Tree-Augmented Naive Bayes 3a mokazHukamu
Accuracy, Precision, Recall, Fl-score, AUC-ROC 1 Brier score mjisi CyMiCHOI OI[IHKH JAMCKPUMIHAI[HHUX
BJIACTMBOCTEH 1 KayiOpyBaHHs IMOBIpHOCTEHH [9].

Bananc xnaciB y Bubipui npeacTaBieHo Ha PUCYHKY 1.
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Puc. 1. 36amancoBaHuii po3MOIi MITLOBOTO KIaCy

Sk BuaHO 3 pucyHka 1, obuasa kinacu ninboBoi 3MiHHOI Diabetes binary npencTaBiaeHo 0JHAKOBOIO KiJbKICTIO
cnoctepekeHb — 1o 35 346 3anuciB. Taka piBHICTh YaCTOK YCYBa€ anpiopHHUid Haxuil Kiacu(ikaTopa Ha KOPHUCTh
Ma)KOpUTApHOTO KJIAcy i rapaHTye, MO BiAMIHHOCTI y 3HAUEHHSX METPHK BiIOOpa)KaroTh came BIACTHBOCTI
Mozelel, a He aucbananc BuOipku. Lle cTBOproe KOPEeKTHY OCHOBY AJIsl oAasbinoro nopiBHsaHHA Naive Bayes i
TAN.

CrpykTypHi 3anexHocti B Mogeni TAN, oTpuMaHi METOJJOM MaKCHMAJILHOT'O KiCTSIKOBOTO JiepeBa, MOJaHo Ha
PHUCYHKY 2.

[Hepeeo 3anexHocten Tree-Augmented Naive Bayes

Puc. 2. lepeo 3anexnocreit Tree-Augmented Naive Bayes

PucyHnok 2 inmroctpye aepeBonomioOHy CTPYKTYpY, y SIKiH KOXKHa O3HaKa, OKpIM KOPEHEBOI, OTPHUMYE OJHY
0aThKIBCHKY BEpIIMHY, a Bara peOpa BiNOBiae yMOBHIN B3aeMHil iHQopmManii Mixk o3Hakamu. HaiiroBcrimi
3B'A3KH 00'€AHYIOTH MOKa3HWKH 3arajibHOro Ta ¢ismynoro crany 3gopos's (GenHlth, PhysHIth, DiffWalk) i
couianbHo-ekoHOMIuHI mpenukTopu (Education, Income), mo y3romkyerbcss 3 KIIHIYHUMH YSBICHHSAMH PO



B3a€EMO3AJICKHICTD ITUX YNHHUKIB. Came I1i 3aJIeKHOCTI, K1 KiacuaHuid Naive Bayes irHOpye depe3 IpHITyIeHHS
PO HE3AIEKHICTh 03HAK, 1 BUKOPUCTOBYE Moaenb TAN sl yTouHEHHS OI[iIHOK HMOBIPHOCTEH.
Pe3yabTaTu AocaigKeHHs

B tabauri 1 HaBemeHi OCHOBHI METPHKH ITOPIBHSAHHSI MOJIEIICH.

Tabmuus 1. OCHOBHI METPUKH MOPIBHSIHHS MOJICIICH

Augmented
Naive Bayes

Mopaeib Accuracy Precision Recall F1-score AUC-ROC Brier score
Naive Bayes 0.7325 0.7350 0.7273 0.7311 0.8123 0.2000
Tree- 0.7458 0.7277 0.7855 0.7555 0.8222 0.1775

Naive Bayes mocsarma Accuracy 0.7325, Precision 0.7350, Recall 0.7273, F1-score 0.7311, AUC-ROC 0.8123
ta Brier score 0.2000. Tree-Augmented Naive Bayes 3a0e3meunna Accuracy 0.7458, Precision 0.7277, Recall
0.7855, F1-score 0.7555, AUC-ROC 0.8222 i Brier score 0.1775 [4]. B Tabinu1ii 2 HaBe1eHO MOPiBHSIHHS OCHOBHUX
metpuk st TAN Ta 6a3zoBoro Naive Bayes. B Tabmutii 3 HaBeneHI HalicHITbHIII 3a1eKHOCTI y cTpykTypi TAN.

Ta6muns 2. [Nopiusaas TAN Ta 6a3oBoro Naive Bayes

IMoxa3zHuk 3mina
Accuracy +0.0133
Precision -0.0073
Recall +0.0583
F1-score +0.0244
AUC-ROC +0.0099
Brier score -0.0225

Tabmu 3. HadtcumpHimi 3anesxHocTi y cTpykTypi TAN

O3naka 1 O3naka 2 Conditional Mutual Information
GenHlth PhysHIth 0.1531
Education Income 0.1127
GenHIlth DiffWalk 0.0937
GenHlth Income 0.0598
MentHIth PhysHlth 0.0541
HighBP Age 0.0383
Age Income 0.0308
PhysActivity DiffWalk 0.0277

[NopiusaHs ROC-kpuBHX 000X MOJIe/ICH HABEJACHO Ha PUCYHKY 3.




Ha pucynky 3 xpuBa TAN po3sramoBana Buile Big KpuBoi 6azoBoro Naive Bayes maiibke Ha BChOMY JTiana3oHi
3HaueHb False Positive Rate, mo Bignosimae Ounbimiid miomy mig kpusoto (AUC = 0.8222 mpotu 0.8123). Lle
o3Hauae, mo 3a (DIKCOBaHOI YACTKU XWMOHOIMO3UTHBHUX BHCHOBKIB Mojeilb TAN BusBIsf€ OuIbIIe IHCHUX
BHIIAJKIB pU3UKy nmiadery. OOHIBI KpHBi MOMITHO BiJIalieHi BijJ MiaroHasi BHUMAIKOBOTO KiacwudikaTopa, mo
CBIIYUTH NPO MPAKTUYHO 3HAYYIY JUCKPUMIiHAIIIHY 3IaTHICTh 0ail€CiBCHKOTO MIIXOY 3arajioM.
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Puc. 3. [opiBusaus ROC-kpuBux

[NopiBHsHHS KaniOpyBaHHS IMOBIPHOCTEH HaBEIEHO HAa PUCYHKY 4.
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Pucynox 4 mokasye, mo kpuBa kaniopysanHs TAN po3sramosada Oivpkde 0 JTiHIT 11eanbHoi KamiOpoBKH, HIK
kpuBa Naive Bayes, oco01mBo B 001acTi HU3bKHX MPOTHO30BAHUX MMOBIPHOCTEH, Je 0a30Ba MOJENb MOMITHO
3aBHUIIYE OUIHKY pu3uKy. Kparme kaniopyBanus TAN migTBepaxKyeThbes 1 HIDKYUM 3Ha4eHHsM Brier score (0.1775
npotu 0.2000). Lle BaxJIMBO AJ1s1 MEAUYHUX 3aCTOCYBaHb, OCKITBKH PILICHHS PO CKPUHIHT COUPAIOTHCS HE JINIIE
Ha OiHapHy MITKy, a ¥ Ha Y3TO/DKEHICTh CaMOTO 3HAa4YeHHS WMOBIPHOCTI PH3UKY 3 (AKTHYHOIO YACTOTOIO
3aXBOPIOBAHHS.

CyKyIHICTh METPUK CBITYHUTh MPO CTATUCTHYHO cTadinbHy mepeBary TAN y skocti knacudikamii Ta
HAJIMHOCTI IMOBIPHICHMX OIIIHOK, IO BIAIIOBiZa€ OYIKyBaHOMY e(eKTy BpaxyBaHHS 3alIe)KHOCTEH MIXK
npeaukTopamu [6, 10].

BucHoBkH

VY pobGoti BuKOHaHO TOpiBHAHHA KiacuyHoro Naive Bayes i Tree-Augmented Naive Bayes mis 3anmaui
nependadeHHs PU3UKY IyKpoBoro AiadeTy Ha 30amancoBanii BuOipi BRFSS 2015. IlepeBara TAN Hax 6a30B0r0
Naive Bayes miaTBepmkena metpukamu: npupict Accuracy ctanosuts +0.0133, npupict Recall +0.0583, mpupict
F1-score +0.0244, mpupict AUC-ROC +0.0099, Toxi sik Brier score 3menmryetbcst Ha 0.0225. [Toxazauku AUC-
ROC = 0.8222 (TAN) ta AUC-ROC = 0.8123 (Naive Bayes) cBimyatb mpo NpakTUYHO 3HAUYILY
TUCKpHUMiHAIIHHY 3MaTHICTh 000X Mozenel, mpu ikomy TAN 1eMOHCTpYe Kpamly y3romKeHICTh HMOBIpHOCTEH 3
(haKTUYHUMHM HACITITKAMU, 1[0 0COOJIUBO BXKIIMBO JIJII MEIMYHUX CHCTEM IIJATPUMKH PIllICHb.

VY migcyMmky BcraHoBieHo, mo Tree-Augmented Naive Bayes e mominmpHimoro 3a 6a3oBy Naive Bayes mis
3amavi TmependaveHHs] PH3WKY I[yKpOBOTO Jia0eTy Ha OCHiIPKEHOMY Ha0Opi MaHWX, OCKUTBKH IO€THYE
IHTEpPIIPETOBAHICTh 0afl€CiBCbKOI MOJENI 3 JIOJATKOBOK MPOTHOCTUYHOIO TOTYXKHICTIO, SIKA JIOCSTAEThCS 3a
paxyHOK ypaxyBaHHS PEJICBAHTHUX MIKO3HAKOBUX 3ajexkHocTed. HabicunpHimn 3anexHocti Mixk GenHIth ta
PhysHIth (CMI = 0.1531), Education ta Income (CMI = 0.1127) i GenHIth ta DiffWalk (CMI = 0.0937)
MiATBEPIUKYIOTh, IO CTaH 3[0pOB'A, OCBiTa 1 (i3WYHMI CTaH € B3aEMOINOB'SI3AHMMH BUMIpaMH PHU3HUKY,
MOJICJTIOBaHHSI IKHX MTOKPAIIy€ TPOTHOCTHYHY TOYHICTb.
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