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ABSTRACT

Bayesian network model is proposed to capture causal factors for diabetes and
hypertension. These diseases are very common in non-communicable Disease (NCD). The

objectives of this research based on the Bayesian network model are as follows:

1. Prioritise risk factors or key risk indicators and classify risk factors for non-

communicable disease of Thai people from the model.

2. Predict the prevalence of focused non-communicable disease of Thai People by

using the model.

The Bayesian network model is constructed by interviewing experts several times
before determining the structure of the diabetes model, which includes 8 variables. The
structural model of the hypertensive model is composed of 10 variables. The
configuration of the probability and the conditional probability of each variable is based
on the 4" Thai National Health Exarnination Survey; before analysing the model according

to the defined objectives.

The results from the risk prioritisation by comparing the Normalized Likelihood
(NL) and percentage increase of each variable found that the top 3 factors for diabetes
are Familial history (history of their family suffering from diabetes), Obesity and Age (in the
35-59 age group). The top three factors for hypertension are Obesity, Family History
(history of their family suffering from hypertension), and Age in the 35-59 age group. We

found that those variables belong to the same set.

The result of risk classification allows policy makers to set policy guidelines for

managing the risks relevant to developing diabetes/hypertension. Analyses of the Risk

N



Matrix, reveals two main components: the probability of each risk factor and the effect on
the percentage increase of probability of each risk factor when known as positive of
diabetes / high blood pressure. According to two criteria, the metric is divided into 4
groups by using 50% level as Group 1 which is high probability and high impact, Group 2
which is low probability and high impact, Group 3 which is high probability and low
impact and Group 4 which is low probability and low impact. It is found that none of the
factors are classified in Group 1 (high probability and high impact). Group 2 (low
probability and high impact) for diabetes related to Familial history (history of their family
suffering from diabetes) and obesity. For hypertensive models, it is found that none of
those defined risk factors are in this group. Risk transfers, such as the introduction of
health insurance that covers the treatment of diabetes are suggested to manage those
risks. Next Group 3 (high probability and low impact), for diabetes identified age (group
35-59 years), which is in the majority of Thai population, and low consumption of fruits
and vegetables. For hypertension it consists of 4 factors: age (35-59 years), High salt
consumption, Area of Residence, and Gender (female). Reduction / Mitigation is selected
for diabetes, such as encouraging Thai people to consume more fruits and vegetables.
Reduction/Mitigation might be done by campaigning to reduce salty food consumption
especially for female living in urban area, aged 35-59 years and to have screening for
hypertension. The last group, Group 4 (low probability and low impact), for Diabetes
consists of 3 factors: Residence in urban, Socio-Economic Level 4, and low level of
physical activity. For Hypertension, it consists of 5 variables as obesity, history of
hypertension in the family, fruit and vegetable consumption, physical activity, and Socio-
Economic (the g" Quintile level). Retain/Absorption is applied for these risks so that the

decision maker may not have to focus on them.

The results of the predictive model is summarised by the AUC and it shows that
the model is able to predict 76.70% and 77.60% correctly for diabetes from training and
testing dataset, respectively. For the predictive effect of high blood pressure the AUC
values for hypertension model are 77.19%and 73.71% of correct prediction based on the

training and testing dataset respectively.

On comparison of F1 score, the Bayesian network model for diabetes gives the

highest F1 value at threshold of 0.1. The F1 score is 0.2449 (accuracy of 80.50%). When



considering the Bayesian network model for hypertension, the maximum F1 score is set at

the threshold level of 0.2 and the F1 value is 0.4412 (accuracy of 65.65%).

Keywords : Bayesian Network Model, Non-communicable Disease (NCD), Risk Analysis, Risk Prediction
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(Bayesian Network Model) a1u1saanyssgnaldiuiulaymeanuduiussenitelade
Aoy senisiinlsaliifindefidfy wardiaunsosaninanisinsziluddniiods
Bosdduanuddnuesdeduidsaiiofiuussdviammngiaunguedlsalifndouay

Wldnisnausuinnistadeidesvaituegnedivssdnsamsiold

v o [

ARI3EAANITIHANTIATIERNIAAAETIE TR TIEIMIA L TAMENYDINTSARLIALY

faraminanieg1uduszuuluusunveslseinalnediasaiuisanauausInIaun1TITeNIg

1A

nswnmduazansisagulunmsnaununstosUsnulsalifiadenmunzsauivaniiswindauly
Jagiuveavsznalne lnsgadunisuilendumavedlsafiuia sedsasdunmsdanisiuiedy

\deguaalsalaagaliuss NS Anee1Ias

1.2 JnguszasAvadlasenig

n9deluasaliiigausvasdnmalul

1. AenzvdadudsamsoiudnudssidifgyaenisiialsalifaneidAyvesnu
Ingandeyanisdrsiguaimdssvrsulnglaenisnsiasianieaislunainsote
wuuLug (Bayesian Network Model)

2. wensaimsfinlsalifindenddgvesnulngainteyanisdrsraauamysesnvulng
1PgN15M5I9519N8MlUAAASBUNBWUULUE (Bayesian Network Model)

1.3  UBULUAVDINITIANY

'
1 I

Tsalifiada NiwnAnwiaseliusznoume lsaluIvinu (Diabetes) waglsnninuduy
la#ings (Hypertension) lngfiansa1A1UMEE@UY8INT5A10AAINTYANTAITID

guanveasErsulnglaen1snTIasenie
nguUszynsing a1y 15 - 59 Y ity

Payan13d1999gun mUszrvulnelagn1snsaasianie dnsadunisdrsialag
nsguiegaulngluyitenesne Wednwimnuynvesdymaguainvesussyvulnglag

msiiudeyanigisnsdunivaliuasnsiasianeannguiedtlutisengsie e1duet



NNA1AveUsEnAlng nsdrsiasusuasiwsnlul wa. 2534 wagaiun13d15330819

oA = ° & & & A a 1
W@Lua\inﬂ 51 msa’ﬁwﬂiﬂmqmamw 4 U w.A. 2551-2552

1.4 Uselavy

n13AnwAInIzanTaaislselesilaediglvguinisauuleuieansisuge
ansadengimanvevanveslaymnisiinlsalifaneautlugnmsimuauleuiedanis

Taduidsaiiowiouunuleniu amuau duasuguainiasmsinwegiadiusednsam

L T
aradaalunsan 5 uideyaridsegseninssanana



Uil 2 NufuazaulTENieIUas

Tuunilaziiaueuumianisszgndldnguiiaiodisiud (Bayesian  Network
Model) snafuinisiinlsalaifinsaiiods tiethlugnasnnisinmeiniudswoniaia
Tselifnseisessfiaznandeluluund 4 nsdaueluuilazduduionisndnfimges]
TunaieTetsuuuiudiiindemieusogssenouluiade 2.1 anduisldinaueisng
ATRERULazUTsusuleadnlinuasalunisnensalundeeieslalagldnaninan
#1499 Tun1siSeudfisunaannnisneinsaifildanlumanas A fiuriaseluide 2.2 uagly
vhdegavaidunmiauemmummnssunsnlunsdifinsi lueaieietowuuiudunly

AL ITDINVINUITET

= S 1 4
2.1 ‘VIZ]‘U{]Lﬂ'ia"U"IEJLL‘UULUEJ
2.1.1  N1SAUAlASIESIASUeUULUE

o & N v o ! Y 2 v aa
INL@@LM@“U’]EJLLUULUEJ% IllLWEW]LLaﬂﬁﬂquﬂamwuﬁﬁgﬁrJqﬁmeLLUiWﬁ@{]Q"\]UWNﬂﬁqN

va v

Fudau Ingsuwuuanuduiusanunsaimunlavatesuiuy dusgiugideaslinaninasile

kY

Tunismualassastsveslung

A19819 2-1 A8 9LULAALATBUNULUULUEY

5U 2-1 MedralumalaTetngnuuug NUsenaume 4 fwys

oo luudrluwmansatnanuuiudazinnududauunntuilaidulaseasauaasinls

waeinayylisignasdtuinni@edledulieg lnglunuifeiazvessurenisimvuadi
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(% € a

wlsihunllulassasielunaniaiienuuiudlusuanuduiusidaiguasua a1u150

wusngusuwlsidu 3 ngu fadlfie

1. dhulsidusiumnuestiam (Root Cause) Ao Mndsilifidnuusduegiaunti
videluifidsdndnusduradifuusiumg anfogaisiudins w uay z
Dusudssumnvesilym (Root Cause)

2. shudsiduaniug (Cause Variable) Aesudsiidsdandsiuesridlugaiuds
u Geo19MuUsHuMn (Root  Cause)  wieluifld ursadioraiFen Parent
Variable mnfinrwduiuslusuuuula flidnfudeaianuduiudidanguas
wa ndegnaiedu Mudsiluanmaiiduaung Uszneuse W uag Z 1u
amnued X uwa fus X iluanvguesiuys Y

3. fhuusnansgny (Effect Variable) Aafudsiifisdandaudsduadh viaads
9191300 Child  Variable  mnflanuduiusluguuuulag Alddndusesd
aruduiusidavauaske wasnduiuusaninediliffrseenaindaud iy

TuanAdefiazsenin Ausidmune (Focal Variable) 218081991901 AwUs

Y nUsidmiang (Focal Variable) vadlutnaintyluanuide

Tuwarianunsadiausluzuiuuanuduiusseninuvauasaa Jalldnvasiuieiu
a i 1 o v YR v A& v |
amanisiinlsasiieg 1o Tuguwuuvesniitldgnasuansanuduiusandadendusiumveg

Yadendunadnsminliinlsasnge

ANSAINUALATIAS 19PN FUNUTVBINTFAA LS AR LULAALAT DB LUULUE haARIAIE

A9819 9Y1991YAIFIBYNY 2-2

A1a819 2-2 nisguunsiluanvavesnisiialsrialawazvaeaiden  (Cardiovascular)

aunsananalanensn Ay 2-2

NSPUUNI Wlauaznaeniion

(Smoking) (Cardiovascular)

5U 2-2 fegralaseaialunaiasednguuuiug (ag13d1e)



2.1.2  AsnunaIaNkitluean - N15AUAAT LULAALASUIEWUULUE

AUzt (Probability) @sAe leniaveudavaniuy (State) vosfwUs F9U9

vaa

=2 LY [ ' =2 d' 1 1d a X 1
U@ﬂﬂ\‘li%(ﬂﬂ“ﬂ@\‘iﬂ’ﬂllLﬂu‘lﬂ‘lﬂ%mﬂﬁiz‘ifi’ﬂﬂ 0 819 1 euansanuuaziduresnisiindulue

avanIuy (State) dusuwsazsianls

A998 2-3 "N3FUYAS (Smoking)" LufuUsiumsuaatlym (Root Cause) v83 “nMsiin

) Y

Tsamilanaznasaiden (Cardiovascular)” MTunUsNadns (Output) laefinsiuandiies

a =

UNdIUY0IUTEYINTNGUUNST Teauyfdnfifosar 19.9 ¥83UTe¥INT UNUAIY

P(X =x)=P(X =smoking ) uanifansdreilolugy 2-3

[
LY

YoNINLTIENTaLanINanSENUR LU YR IANNALRUS STl uleene iy

= [ v v 6

Lidndunauguuminnaussilulsamilavazraoniion daewmnilseiuanuduiussening

q
(%

Uadeiansanunsaivunldmesyauanuizsiliutedadiuesiiguuviuazidulsamla

LT
LagnandenAeduIEgUUVSIavEa 9nUkuUNaansNlduduLeu (Uncertain  Effect)
anansauandlanenisranunagdunuuiitouly (Conditional Probability) Fadumag
n3le wanwagy 2-2 wunuii Sevay 34.1 veadguuvailulsaiilanasvasnidenuny

U

"8

P(Y=y|X=x)=P(Y= positive | X = smoking)=0.341

LY S
lanasvannidon

NIIFUYAS (Cardiovascular)

(Smoking)

Do ASEUUAS (Smoking)
o . AMUUALUY o - v
NNIFUYHI (Smoking) wlauazviasniaon
_ (Cardiovascular) gu laigu
gu (Smoking) 0.199
, \ulsa (Positive) 0.341 0.079
imqu (Non-smoking) 0.801
T fulsa (Negative) 0.659 0.921

v ¢ &
NHIULUA : NaTIUkUIARaNULUY 1

35U 2-3 fegrnsimunaIninasuveliaaeSeTIBRUUILY AI8RN519A N

11az1du (Probability Table : PT) warmsmutasdusuuiiieuls (Conditional
Probability Table : CPT)



lagyaluudamudsanansnasuiglaaindiudsdumnrestym (Root Cause) wagsa
wUskadns (Effect) Fsaunsainlaainnisismnuiiazidy (Probability Table : PT) way

ms1enuhazifunuuiidouly (Conditional Probability Table : CPT)

12 U

ddusuusaunslifdsiandudsdudiluludiudsiu Jadudaszainiauluns
Anduvesindsnaunin Jakifideuluiududsdu q dmuaruihaziduvesdindsaume

vosleym Negluaniuy x aunsarvuadiavaruiiezdu lugunisianuiendu (PT)

Y Y

funidusnusnansenusinidudusnusges (Child Variable) iiaganniindis

£
= U

wUsvaniwenlesey (Parent Variable) F9aziluuusiintunudiulsdu q vietuegiu
Reulvvesduusnaunt dduanuiiazdureinisiindiudsnaluegivanngeduy
anuaziluresinlsianssnuiegluanusiinvunaiunsonvualag anug (State) 7

Ns1UPRanulaluswlIudn wazuwanirnuunazidulunisienuiagduteuly (CPT)

o ! 1 & IS aa ¥ L3 a 4’{ I 1
lunismnuadiaudiazdy 1 2 nsdifivey duan1salanvaindulsinase
wisnsainansenuludnvauzizfatuldeguwiueu (Anudaziy = 1) wselifnlusgis
| | & = & aX g e a & v A O o=
wuwen (ANNUTY = 0) Tneazisenyia 2 nsalild Wumgnsaliindusieanutoduds

anasauansdierudLRUSLTe Deterministic @uysol

2.1.3  msayuudlglunansatnenuuLug

o/ dy Y 4 =) 1 4
2.1.3.1 Vié?ﬂﬂ75&‘UEN@)U?Ia\m'7591;!1/‘711@7&1[&/&@8!@5@?]75]&!‘1]1/&‘1]8/

diernuamauurazdubitulueaissuiesuds Judelufenisldusslaviain
Luealaen1siaenavadliinansavgkuuiug Inenistdniseyunuainlunameng s

s

bUg

nlassasslunaesenewuuiudiimualinagy 2-2 auyfbi dauds A Wudus
ANVALREILUSAEIRRINUT B 1 908197900 A AD ‘NISEUUST uar B Aip

Tsrlanagvaeniden’ nsiwinlaglingufwd lalay

P(B|4)* P(4)

(2-1)
(B)

P(4|B)=



P(A) Ao aruvziluvesnisiaimgnisal A

P(B|4) Ao avuhazilusvuiioulaveangnisal B oy

vuAdnugnNIsal A LNty

ANMTUIIUALLBEANITATUIULAZNITOULIUIINN B AN 081U LA INLANDIN
Jensen & Nielsen (2007)

sl v v

2.1.4  mseyunlueaniatisuvuudidanududeudreanududaszegieiteuly
Tneldudluaainiernsuuuiudsdauivdownniudedulasiaiiwowiuls
vanefuazvilitlignasuiusnidenloslulung duiliniseyunlaglilunaiedetne
wuuiugiildennty Tnsanigeesdduduneunsmnisuanuasanunduldlésam Uoint
Probability  Distribution) tiietnanfuiafianuuiasuvesusasdudsiaziingu
(Marginal Probability) wagaa1uunagidun1enas (Marginal Posterior Probability) @1
nguiluinataIetisuvuiudfitnemguiaundudaszaiuieuly (Conditional
Independence) wlglumseysnululunainIedigiuuud lngaiunsauananisesuigly

SNUaLRuA LUl

TneThlulunariovneuuuiug fivseneudie n fauds Adeulosfududdudae
anasmaReIvuinueedng (Network) wanedag n3Inseyfiana (Directed  Graphs)
wandldlas X, — X, dwdui=1,2 3, .., n—1 lneildvilAiAnguuvulaseaiis
wuulseiAa (Cycle) Fa9zi38n71 “A Directed Acyclic Graph (DAG)” ﬁaﬁ?umﬂﬂg] Chain
Rule %38 Markov Property vhlsanunsasiuwiamn niswanwasanudululasiuy Uoint
Probability Distribution) ¥83fauds N ﬁaﬁLﬁmmﬂma@mmmmmm%ﬂmwuﬁL‘E"aulmﬁgﬂ

Mrualuluwainseviewuuiud Inelisuiily wanaladsil

P(X,,... X)) =]]PX,|Xss X ) (2-2)

i=1

neg1alasiaislunanIeigiuuugnnvualugy 2-1 wudn fwds Y vJush

wUsildfignAsesnanndiudsfangn Fausendn “Top Variable”  uazgluuulasiasneves

Y

lumaiiinananuduiusvessiwds W, X , zZ 7ldviliidelassasrauuleida (Cycle)

Aatluranges Chain Rule  vinlwanunsaduaaiauiiazdusiu (Joint Probability)

aafnls W, X, Y, Z lanadl



POV, X,Y,7)=P(Y|Ww,X,Z)P(x|W, 2 )P(W|2)P(2)

= P(Ypw, x,z)P(xw,2)P(w)P(2) @

azuladndsmidutauluinainnissiuesnusmdudiuwds Parent Variables
YILUTHU AUAILUS Non-Descendent Variables wintiu saansafiansanlaaingunis

Tassadraveansmiitadranu

nfeeudy nstvuanatiksnvesnuinzdusuuiiieulvann Top Variable: Y
Inglddayanual P(Y|W,X,Z) dlosanduls W, X, Z v 3 @ulu Non-Descendent
Variables  Tngannlassadnsasiiuldinamssuds X Mdusauls Parent wes duds v
Iﬂsﬁ W, Z .Ju Non-Descendent Variables

sauanReulefidmualuauns (2-2) aansadeulugdlnileeuvsleuludu 2

AU hanIRIaung (2-4)

P(X,,..X,)= Ui[ P(X, |PA(X .), Non_Descendent( X, ))J (2-9)

i=1

P(X,,..X,) #e anuthaziBus Uoint Probability Distribution),
PA(X)) A9 LwVveIRaLkUT parent variables vodnUs X,

Non_Descendent(X,) #e 1on vosudsiwun Ty DAG  #ilulldsauysiilalla

PA(X,) uwaz Descendent(X,) voiiuls X,

v '
(% 1 € a o v

JusiolUilunisinauenuandfvedluinaiaietisuuuiud Nd1Agsendn

“Conditional Independence” #adlun1seduesiaiiiesninaunis (2-4) fifavunles X, 19y
Conditionally Independent a1nLwnuasaIkUs Non_Descendent(.X)) Tnefinsudn
PA(X,) fo Parents vasiuls X, . fatfuaunis (2-0) aunsnansuAUTUTaUYBINAU,
wsdeulvas Tnefinnsananty PA(X,) udeulvangdiuys Parents va3us X,
iaunsangUaaviaeauns (2-5)

P(X,,..X,)= ﬁp(xi IPA(X,)) (2-5)

i=1

10



nFrg1991nTATeas1lumantnuaa uIsaniAIANunazidusiy UJoint
Probability) Ingefe “Conditional Independence” Mldmuuanuunazidusudsaunis

(2-5) ladaauns (2-6)

POV, X,Y,7) = P(Y|X)P(x|W, 2)P(W)P(2) (2-6)

YY)

asudaluaenisAunaianusduvewdazmsnisalfiaunsaaiuinlaain
nswanwasANLnazidusin Joint Probability Distribution) HIuaAng (2-6) Fen15A1UIN
AuUnaziuTIn Joint Probability) anunsamwiadlaainanuiasiluvesusaziulsnag

Antu (Marginal Probability)

f19814 2-4 91n@I9819 2-1 WuAuduNuSTaIEILUSUAALAS R B UULUENUTENDUAIE

4 fkUs

5U 2-4 fegalunalAToBkuuE NUTENaUmME 4 Awys

AnunviunendwsiusazfuUsnazinlu (Marginal Posterior Probability) vaefauwus

X Tpervun Awesiuds Y awnsadenald dadu P(X]Y), fvuesaunis (2-2) 16

fail
P(X|Y)= %
il PX,Y)=3 > POV, X,Y,2)

P(Y)=>>>PW,X,Y,2)

X w Z

AINAIDYNINNIRUALALAILUS 4 HIkUT 919A991AENTLUIUNITATUIUN

AoutsnIaliduaninsAialuii dejsruanunsanseazidenlnnmiadeniieg wu
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(Kjaerulff & Madsen, 2008; Lauritzen & Spiegelhalter, 1988) éj’wﬂfgmmiﬁ’lmmﬁsjﬂmﬂ
Fudan N1seuLIUmsluAaAsaUERUULUE 39TNITAILINAIY Algorithm  wazganmwas
fineq asetwitonsinwinieiientsin ieldfulumafidvualvguazinududou
Genie Software gnideniieltlumsafuayulunisairdlunauaznsiinsginadiunis

AATILAULEDS (Risk Analysis)

2.1.5 Normalised likelihood (NL)

NL AadmsgauaadAtiiaziiuilasullaausaziiadeilansusniueaadsia

wilsiilunng  (Adjusted  Probability) uwazaanwitaziiluiifaduluilaqiiu (Current

Probability) dnilszasAananisAuinian NL  tivedasiziadnula (Sensitivity Analysis)

(Kjaerulff & Madsen, 2008) nslvimAnalwga3fiage (Diagnostic Reasoning) 310 Top

Event (Y) Tdsdudsanvusiazsa (&) 9 NL awnsarwaldainauiiaziuniends

YosunaziLUsfiazinty (Marginal Posterior Probabilities): P(3|Y) lanadl

_PGY) _ P(v,e)/P(Y) _ P(v,e)/P(e) _ P(Yle)

M=70 = e PY) - P(Y) D

defionsandulsamaiiosdudsiden (¢), aums (2-7) awisoldiiledana
nsgmuINAUUsEMRUsas A TisldeRIuUs Top Event (v) 1 fwifu NL nst3euiieulugy
Samdauitoiouiuanainasiuiifsduluagiiu (Current Probability) ({lsifdogain
\in Top Event w3ak), P(e) nansenuvadwsazingnisal sia Top Event anunsadalanig
Sasnduszning mnutezluntevdwesudasfudsisiiniy (Marginal Posterior
Probability) (ns1u3nAn Top Event Lﬁ@sﬁu), P(8|Y), kaz Marginal Prior Probability (il

{Yeyadnin Top Event vi3el), P(e) visewaladnegedn NL Wiy §ndiuvesnin

Uavdunasuldveswsardadudionsivinduusitmane (Adjusted Probability) way

pmtnaziiiunifatiuluilaqiiis (Current Probability) 98esauUs6199

“anuinasduiiinduluilagiu” (Current Probability) vs. “A21uunazlui

Wasuluvessazdadodlonsvanuzvessnusiving” (Adjusted Probability)
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2.1.6 anuinazndunendsvauiaziauls (Marginal Posterior Probability)

authazduveudasiiadeasiinsuiudsuluaudouleiidiivun Taldmgud
Twnaiadetisuuuiuslunisenunu dsluiitasdoniiauinasduiiuund (Adjusted
Probability)  fafuanunsatiaunezduiivuudniunldidewssuiisvaaunisal
#1499 (Scenarios)  @saansaivuaaniunsailaenisimualiingnsailifisusyasd
(Adversed Events) wieaniunsainsinniensiummnisallifislszasdliintunsoudu

vanewgN13al MsensiuanuzvasLUsming

fatiuiladnsmwaanuinandunusuuds  (Adjusted Probability)  Wensiu

A01ULVBIAUSITNMUNY VFBLYNVBIALUSITN MUY AATUALASNISAINAUAZAIUANTA

e ¢ Ao vviseyavasvnn1saiiaulaiAntunLanun1TeiN

ANVUA AL

X Ao muwlsaulandesnismainnuunavdy Feenansadiaue
Tuguanuisiluniendwwasusdazaiuls (Marginal Posterior Probability) veiiuls X

anunsaAuladlaeail:

P(xle) = P(X,¢) (2-8)

<

AnuUnluniends  (Posterior  Probability) — aunsadwialasiengufiud

(%
v a

(Bayes’ Theorem) fidndulag Thomas Bayes (1772 - 1761) I@aﬁ'gmwuﬂbﬂﬂvﬁumu

_ P(g|x)P(x) (2-9)

P(Xe) (e

WeasananwagidudoulunismuinmenuiesdmiuinsotieNdudou 15133l
AUNTOLARNINITANUINAIBELANT usianunsaldreniwis Genie Wisatuayun1IATIEn

1 =3 ada L4 o [ = 1 Ao v a a v Y v
2814l5NMNIBTVATIEAUULVEIE M ULAT DU NTUTDUATaS U BLUIAR U TatR LU

Tnevilupnuinazduniends (Posterior Probability) nunefisnanudululdveus
agduysfiegluanuziamizfidinua Wednssyyimauaniug (State) vosiuusi
fatualifiseyly lunAfedlfanumneveseutinasduniends (Posterior Probability)
Fnduruinazduiideuly (Adjusted Probability) vestadeidewieladeldfaussad

waRINNIIUan Uz vestRfLUsivine ehfeduusseyindulsavielitues
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a (8% = 1 ¢
2.2 A15ATHA28UAALATIUIBUUULUE

A ! = 1 aal = = v
IINNITNUNIUITIUNTTUNUIENIINENAsdaTslunswWSsuiieuluma uilides
winAmvuananinaueivseutImslunsidennanmunzailunsuseliuUseansainves
Lumaiesevnenuud uideiveiitolauauas Marcot (2012) Nagunisidenisnislunis

Uszilludsgansnmvedlumaiiuuuiugdanasanainingussasivainisaiisluea logwus

[

mgUszasdrasnsasslumainiotisuuuiud Wy 5 wuu lneduausisdeslunnasngy

[

asragulanmsng 2-1

e

AQUT

ee

d‘ < A ad a = o [
319157199 2-1 Wunseunisidlunisidenisnisussiliulumamvungaudmiy
A X &4 ga . 41' v a o w (Y [ 1
WA 9Afe Influence analysis Walianunsasesanuaduamveldegamunzay win
anuseandadeannglanaziibiaanaiiinandadeanvminaldegrswmnzan uonani
Influence analysis S9lUsglowilunisuseiiiu Scenarios WAEMUUATDUIAYBINITIANTS
\emuAuNansEnuInIwUsNaulandmarmaavisediwusidmang  (Marcot, 2012) o

Y va o o

ANy N15ATEeleIslasivseleviluyguuemdigligiisnuvdndulansudwiauysy

Y

o v P

JusdumswesnisiialsaldfiadefdAgiiefmuauleuiefvanzauiienannisainai s

Usziliumnuldses (Risk Matrix) Tudrsudaly
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M1319 2-1 FeMTiATIeeaelaesetswuulug luinguseasanne

9AUsEAIA/A5 saziden
1. Metrics of model sensitivity and | Model sensitivity is to measure degree of which
influence variation in PPD is explained by other variables,
a. Sensitivity analysis and  essentially depicts the underlying
b. Influence analysis probability structure of a model given prior
probability  distribution. Whereas influence
analysis aim to evaluate effects on PPDs from
selected input variables set to best or worst
case scenario values.
Conducting influence runs can help reveal the
degree to which individual or sets of input
variables could affect outcome probability.
2. Metrics of model complexity Numbers of variables and numbers of links
3. Metrics of BN model prediction | Evaluate performance accuracy of BN model

performance

a. Error rates and confusion tables
Weighted confusion error rates
ROC curves and AUC

K-fold cross validation

Spherical payoff

s 0 a0 T

Schwarz’ Bayesian information
criterion
g. True skill statistic and Cohen’s

kappa

prediction

4. Metrics
probability distribution
a. Bayesian credible intervals

of uncertainty in posterior

b. Posterior probability certainty
index

c. Certainty envelope
Inequality of posterior probability

distribution

Degree of uncertainty in BN model outcomes,

that is, the dispersion of PPD values.

5. Metrics for alternative

posterior probability distributions

comparing

To compare results of running BN models

among alternative scenarios is to directly

compare PPD with existing statistical tests.

fiun: U3uUgaann (Marcot, 2012)
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2.3 ﬂ']'iﬁl'i’)ﬁ]ﬁi)‘l]ﬂ’)’]ﬂgﬂﬁﬁﬁ‘ll@ﬂﬁ’)LL‘UUl‘Uﬂ']'iWEJ']ﬂSﬂj

o

lun1sne1nsain1siialsameRIkuuAIeg AeensiadeualdgnaedlunITneINsal

(%

warANLNASIlngSauisuanaAadfasasaluil

2.3.1 ﬂauwu{l"u wuNN3n (Confusion Matrix)

paundu wunnsnilumisrandnldluniseSuredisssdnsainvesuuudruun
(Classifier) TuynvestoyansnuaIase Aoudy wuvvsnwuud1ee Alditedwunngs 2 nqu

LAAIAINNTI 2-2

M1319 2-2 ABUNTY UUVN3N (Confusion Matrix) Tun1sdnuun 2 nau

D - amensal (Predictive) e A A
A19349 (Actual) ANAUZENSAIN
Positive Negative
Positive HAUINII (TP) 8P T1ANUYNADUTIUIN
(TPR) = Al FNR = 1IN
(Sensitivity) = A1l TP+ FN
s¢an (Recall)
P
R=—
TP+ FN
Negative HaAU dnTANUNABATIAY
239 (TN) (TNR) = FrR=—1T
. o FP+TN

AINNE (Specificity)
=TN/(FP + TN)

Armnualugn | Avhwedieona Accuracy = (TP+TN)/(TP+FN+FP+TN)

(Precision) Juau (NPV)

AMAUSENSN N =TN/ (FN + TN)
P
P=—
TP+ FP

dlo  True Positives (TP): 1uniudeyandwungninlulsawasidulsnas
True Negatives (TN): S1waudayanduwungnithilulsawazlilulsnass
False Positives (FP): 1uiudayaniuuniaindulsaudaies udiliidulsnass

False Negatives (FN): $1uiudeyandiwuniainldidulsaudazen udandulsnass
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NATNABUNTY UINNTN @LNTOUMNIAWINALNBATINABUANLANNTD

Tunmsnennsaliton sduunngulavatena Feluanwided

1. 9mTIAUGNADUTIVIN (True Positive Rate : TPR)

TPR=—12 (2-10)
TP+FN
TPR = aruaudiayannansnignitatinguiaula
o 4 dl Y Aa 1 Qi
Audayanuiasalungunaula
2. 9nTINNUYNADNTIAU (True Negative Rate : TNR)
NR = N (2-11)
FP+TN
TNR = anuwsudiayannennsaigninatngui liauwla
o 4 dl Y a 4 dl 1
nuudiayanuiiasalunguilaianla
3. 8nTINIMAANGINLTIUIA (Fault Positive Rate : FPR)
FP
R=——— (2-12)
FP+TN
FPR = anuaufiayannensniiindietnguinaula
o b4 dl Y a 1 dl 1
Anuudiayanuiiaslungui ldanla
4. dmsIMIUAANAINNTIAU (Fault Negative Rate : FNR)
FN
(2-13)

FNR=———
TP+ FN

FNR = anuwsudiayannennsniindiatinguinliaula
o 4 Adl Y a 1 dl
Anuautayanuiaseungunaula
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5. AIAILLIUEN (Precision)

Precision = L (2-14)
TP+ FP

Precision = Auaudiayannensnignitatnguinaula
nuudiayanniunadnaglungunanla

6. AIMNADY (Accuracy)

TP+TN
Accuracy = (2-15)
TP+TN +FP+FN
o 4 dl L ' 1 ! dl ! ! dl
Accuracy = a1uaudiayanneinsaigndietngunaula viranguau
AuudiayaNTIINA

7. mamla (Sensitivity) 3o m133¢8n (Recall)
TP

Sensitivity = ———— =TPR
TP+ FN
(2-16)
8. AmIWIUNIE (Specificity)
Specificity = _IN TNR 2-17)
” FP+TN i

23.2 A1F1

'
a a

lunsainAanuausatunisdiungesaine 919du Jalidulvlufanafoatu

=~ ° { '

& Ay ) A @ | Ay Yo oa ~ &
TAMUTWIUNABINIAINAF L ALMLTUAN LT AR FUIN LA A AL AIUNEIN5A bUNISNENT B
Ananiu arfdnddnadaudaiufe Araula (Sensitivity) wazausnwig (Specificity) 10u
ATAN1ERANITUsZIIuUSEANS ANURIN IsedauNRaldL 2 ddu (iu LDuulInwazau)

108 wiazAls18azDYnRal

'
! I

Al (Sensitivity) Ao dndiuvoswavinfiiduadsdmsunneiu q (Wu dndruves

n13nTanulsaludvneasa) dedu 9 NlaununguRedIny Wy 8RsIHAUINIII (TPR

=)

True Positive Rate), AaNs¥@an (Recall), Anutaztdulunisnsianuy (Probability of

Detection) @ssinlgumnssnuluaiuimig 9
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https://th.wikipedia.org/wiki/%E0%B8%AA%E0%B8%96%E0%B8%B4%E0%B8%95%E0%B8%B4
https://th.wikipedia.org/wiki/%E0%B8%97%E0%B8%A7%E0%B8%B4%E0%B8%A0%E0%B8%B2%E0%B8%84

'
] )

AU (Specificity) Ao dndruvssnaauiiuaisdmsuniviu 9 (Wu dadau
Y04n130 533 linulsalugnlivae) SA1du 9 59U 895 mWaauase (TNR: True Negative
Rate) Inemnuamngdadiuselovulunistuduneni Inedeeiunisiin 9ns1AnuRanain
Wauqn (False Positive) W5123101510@0U8931Lnwnls Tanianstanauan Wy n1s

1 ) d' 1 & a 1 a [P= @ vV 1 5 (v .{’j v I3 1
wudillse) Nlaiduase (W yaraase « Liflse) Adevaaiintu wasdty d1Audinigey

7 100% TenalanavinUasufetf 0%

Y

AUl (Sensitivity)  Fsfiusglovilunisidadeusniuninuiianaindsau (Fault
Negative) ins1znsnageudslamiils lenmanislanaau (1Wu nswuanlaifilse) Aldiduasa
(AU yaraass 4 ilsa) Ndesasyinty wazaeiu d1auliegn 100% lenialdnaaiu

Aananaideau Negi 0%

F1 A1uwiadanAkede 815ludasenineaainuiuel (Precision) aaaunis (2.14)
arAUTEAN (Recall) faauns (2-16) WieluTeuiisuauaunsalunisudengs uagidn
19 dusnusdvnilunalauizauuinninduiilodanne 2 atsanardludululusianig

WAeaiu uanslaagnsil

(2-18)

Fleo *( Precision* Recall J

Precision + Recall

2.3.3 dulAe ROC way AUC

¥ 6 & [ [ v a = Ql'
anugndesvaansnensaliludadenanlunmsdedulaudenlumaiiunzaululiing
WBNISNEINTA] L8ANNEILSOLUNISYIIUNeE1U1saUsE I UNNLEULAY ROC  TagtdulAg
ROC uansiaanuduiussenitadesidudrnugniondauin (True Positive) uazilasidus

a

YDIAMURANAIATIUIN (Fault Positive) usnanildeldnunlaldulas ROC MSendn AUC
lngldiouansuseansninlaesinlun1sduunusesnn i AUC ag5ening 0 s 1 e1e1 AUC
o | a a a Ny A v oA = <
Wiy 1 wanedrdisednsamialagldiivetianain lunenduiudle AUC dvwiaidnuin
uwagdenlnalfgaiu 0 dauwvudninisaianisalitligndes Wed1 AUC IndlAes 0.5 luiaa

aunsadiauaninsaluudy (Marcot, 2012)
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2.4 2550dN55UNNBIVBY (Literature Review)

2.4.1  msldlueariatiguuuudiudayaninuynnisiialsaluszauuseying

nansdngunUsssulnglasnisnsiiemeaded 1- 4 dinsdarhlusuuuy
518914 Fsa1150 download ldaniulesives ‘Ardnauimunszuuteyatnasguain’
foyaanmsdrsndildhlulilagmhsnuiifsdeaiensmumaihszdisa (eus nes
wy et al, 2556) viesieaulseinl (@dnlsalifinsie nsumivnulsa, 2556) S99s
WaUaluFUUNANMUNIIVINTIEAVUIUINIG (8nAI9Eg1919U Aekplakorn et al,, 2007;

Danaei et al.,, 2011)

INMINUMWITTUNsSudmuindsluaseteuuuiudnetianldifieitesenie
wensainsiinlsasneg angrudeyadtieiidhsunissnululsmeuia Wy mswennsal
audssnsdulsauzidadiug Burnside et al, 2006) naswensainisiinlsalafinans
(Sebastiani et al., 2007) mswmﬂszﬁmilﬁmiﬁﬂmemﬂizm‘mﬁ 2 (Yang Guo, Guohua
Bai, & Yan Hu, 2012) iensusziliunuidesoguaimainuafivnisennie (Liu, Lu, Chen,
& Shen, 2011) FiTewuinmsanmneldgrudeyadihefifinstufinnuaniuneuiaiag

} %4 o

fiTedrAnmsglianunsoeyuuludanuynszaudssansgidulsawaddlinsunselyladn

o w

| [ A e I Ao [ = [ a =
QigUUGUE]\‘iﬂ'ﬁiﬂ‘H'\ QUﬂ@NULUUﬂQMﬂMﬂ’NNﬁ’]ﬂﬁyLWi?%W’JﬂL?J’]EJQl@JﬂJﬂ’]'iUiUWﬁ]Wﬂﬁill 51N

= Y] 1 1 I
L‘Ll@ﬂﬂ’]ﬂﬂﬂiil%i?U’J’]GML’eNL‘U‘Lliiﬂ

ilslanumussunssuemgnigudeyasedulsernsilaannisd udiegen

) - o A ¢ i o i 1 o
91nUszanssziulszmaiionnadslunarsavigkuulugnudn lmananailisiudade
AULEBIINAIULANA1IFUANWAZUTEYINTNEATY 19U N15ANYITDY Fellaji wazany
(2018) w3aliirMUsTaunginssuu1eene wungAnssunsuilaa iWwndudiunisly
nisadrdlutnadu nasadrsluiaadinsuneinsalinisiialsnialanasvaeniden
(Cardiovascular) lag Atoui uagamy (2006) %50 Twardy Wazaug (2005) @e1aliiananse

JEUAINTU39v8IN S ANLIARNY Anandadeanudssmnssnunginssula

uenaniifmuiteyaannsdinagunmesstssrsulnelasnisnsiasienislsl
ngninanlfifioaidunaianinuduiusseuintadodesiiieadestulsalifindeioss
#a 2 Tsadananadieislnaiededisuuuivg nsaguudimaainauidsluaseiasyille
ImmaﬁLLammmé’mﬁuéﬁuaqmm&;w%ﬂa%’mﬁmmaqﬁu’q 2 lsnfinsouaquiladideamadanm

(Biomarker) AIUTAIUNEFANTTU (Behavioural  Marker) wazfaUsta1uanuaeUsevIng
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(Characteristic ~ Marker) 31ng1utayaseauuszvInsvesuseinalng (N15d1599g300

Uszrwulnelaenisnsiasnanie asan 4)

2.4.2 N5EARaRTaYERUULUE lUN1SAASIZINISHALA

NN15E1TIWITeNeInUlInantIslun1sinaulal JanelsanuinlunaLasadng
wuutudiJunilaluisnanunsadunlduazduualisniinunndy (Wagholikar, Sundararajan, &

a o

Naue ULUUNTIATIBRAMSUNTIdeL Ay 3 35 Anan

'
a va o o

Deshpande, 2012) @UnNIv8y

Y

VA

Aelaldieduuniiegnsnuienlaaeyinuiudy uanalannisg 2-3

M1319 2-3 agunuideneteduunmunUsradveinTiinseiniglumainsetiguuug

UTTUNMUATNANTZNUVDINIILNA
Tsadlorvunaarunisalls
anudsmanedaduiatu

w¥aunu

INAAUULHY N1

wensaln1sLinlen aya = . do o
nalnalsalifndedfAsy

wensainsiAnluImIuEEad 2 mmmmﬁm&’ua’mmsﬁmum Ansrgvianmgnisiinlsnlalag
(Yang Guo et al., 2012) Pathway 91nn15tAnlsaiala fmunenvasiladoidsdiintu
uaznaenldon (Long, Naimi, | (Fellaji et al.,, 2014)

Criscitiello, & Larsen, 1989)

nennsainisiialsaiilalayviaen | - Tmsimszianunsaliiie
\den (Atoui et al., 2006) 1ty cost-effective analysis
TnsthurldiiieUszdiunnudes
Augun M (Liu et al., 2011)

NYINTUNSDUTLUIUAIAINNUNRY | - .
& a a
Wulunisiialsaniaszunainelag
gndiag19lsavioatds (Diarrhea)
(Nguefack-Tsague, 2011)

WYINTRIAT Severity score  Liie | - -
asramgfdianzidsanisilulse
sickle cell (Sebastiani et al., 2007)

21



UMM 3 25NISHAZBRUNISANEUIUIRY

luuniazauanuinianisaniiunisideieasislunainia gk uuiugniou
WWININTIATIEATeativayuN I ziadsdunisiinlsalif arelsasadanndney

T dunumslunsiesgilulsndug sely

3.1 NS2ULUIAIUAA

PNMINUNIITIUNTINAIIIngmMsimundadevdniidmaneaniugnegunn
vaamsiinlsaldfinfesess Ingaunsadmuasuiuuamuduiusainanvanan 3 fdaued
oA fuagmunuanuaeUse¥nT (Characteristic marker) AUsi W01 (Biomarker)

wazfUdsungAnssu (Behavioural marker) 3aunldidusiimunnsauwunaufanis

o A

WeiewndunseulumsimunlunapSetnewuuiudimvnyausoll Fuwansldngy 3-1

AIUITAUN AN TN
(Behavioural marker)
FusTinuAMan By

Usens (Characteristic
marker)

AUIYN19Y1NIN
(Biomarker)

nNSLARLSA
(Disease)

U 3-1 nsaunsAnwkanAuduiusvesladunneg fdwmadonisiinlse
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3.2 35andun15ie

nsaunuideiiunisideyaniend

'
a v 1 v

nin1siuswsliannisdrsiaguan

Uszyyulnglagn13nsiasnaniensan 4 wisumedeyalgugiannnisdunivalunng

v o

Y

v
v

AdeIvgluaulsnumnu wazanudulaings (Mlds

ylilureuwanisfine) tielv

wdladlumanasituianugnaesagiinzauauvangunnsinnglaeiidunaulung

A519lULMARINI51Y 3-1

(3

TayafsIusInulaluliasdunoulriiuiAsennnnIvIadfussend Auy

a s

INYIATENT

antumaluladnszasuindndnammsainnseds melusunsuiugiunieaia

Ao ~ o A ft v aM 1A g v
'V|3JE]§JJ LLagi‘UiLLﬂiﬂJLQW’]BWWQLWE]ﬂTNIQJL@ﬁLﬂﬁ@SU’]EJLLUUL“UEJGZNLUUIﬂiLLﬂiﬂJV]VLNLﬁEJﬂqIGUT\]']U

Weandgminisiiidumalaedldiieanieulunisidnfadusunsunaslunandeann

1AsINTITeIaTaAURY

M1919 3-1 asUtumeunsasslumanseviswuulugnteyanisdsiaavnmussrisulng

1AYNIINTIINY

YUABUNITESULAA

35015

1. MrualaseaiweddunainggunIsdIsIIguAINves
Usgwwulnelaen1snsiasianie aseil 4 uazdeyaiifinsdaiv
INNTETIVINANIALIINNTNUNIUITTUNTIY

lnerde

2. asnvaRuAINgNAesvadlunaiuNnEddEIvganzlse
(uwmaaunsadsudsunilulassadremudiiug drvasunme
AGERRLY)

- AU Ty 4 vinu
- dun1wal Decision maker
(Wit 2 ATa)

3. mMnuaAANUIIzureIwiardadunulaseadsluma Tu

1%

U9 2 Angudeyanilaainnisd1sne

Anred1dnarunisdisiaaniie
gunnveslseuvulneg (@an.) e
voldtoyaangudeys

Y

4. dsaviiladeudng genviuasnlddmsvlumainseiguuy
wd

JGEERRE

5. asnasuANLgnaBwaIInleudeya

JGEERRE

6. lflumanloudoyaniuiraviduieviesudnivinnas
AU

JaleRld

7. ATIVAUAIINYNADIANYTAIAINNANTILATIEHTLARIN LIRS
ULNNEL ey

- FUYIUME Ty 4 vinu
- dunnwal Decision maker
(Uit 2 Asa)

8. Usuusawunlvlunaniumuyyivesgidervignoulnaue
$I897UNANTTIAT I U uilie 18y

JaleRld
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allsdunaunisadilunalariumnuiugeuandideiyay vinbisiuiaanuduld
Talunstanszuiunisasialana waz leudinssuiunisaeanantulsludunsunisasialuwa

Va v v

Fuiu wenanlITedelasunuINdeand1lnIUNITEITINEN1LFUNINVBIUTE V1YY

Y

Ing (@am.) Tun1svesuAeveyadngiudeyanisdsIvguamuassevulng

3.3 A1LATIZNANNLULAALASDUNYUULUE

nstdauinazidulunislimgualudagienan (Propasate) vz dunield
wnAnluinalietnuuiug WelrkadwsannnszuiunseyuuveslumalaIetiouuuius
deatuayunsiaszinnudsweslsalifindoiFess iileuansnansenuainsuuuugn
AMUARINANABINTVRELY Iaenudn Sodhi and Tang (2012) Tdlunaiasedngwuuiugd
iioatuayusiunisiiesisinudsaierslfilisuinistadudanisanizdiunas

atvayun1sInasinsnensivanzaniieldlunisusnisanuds wnsiennesdnsd

o
v va

uUsgInaundin dmsuaddeliTeveiausiuininsiianenanlinaive IngUsyan

2 U52N15 MULUINNHAINSNARLlASUINN LA IT

1. AwngitedsiduasosusdianudssidanysenisiinlsalifnmefdAsy
vaanulngnteyan1sdrsirauamuszrrulnglagnisnginsianiean
lumaLAsaveluulug (Bayesian Network Model) Aaenns

o w

a. dnarsutadeidssienanelnnalsnlifndendAgyurazlsanienis
DUNIULUU Diagnostic Inference

9

b. N13IANGNANUASLNRINUAULEUIE MU AUVBIANULF AL
nax
2. wensalanugnveslsakazanugnisialsavesaulngludagduaenis

BULULUY Prognostic inference

Wosndgminisiialsadanveiiadulauinuiedatuiiaiiuiesuislusluuy
ANNduRusSMenTMItealnududoukasisennsnfinaiInasedty (Network) uagds

wsetngvestumalivuavinivg anudesnsldteyanuiiasidugadiduiuiniy
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3.3.1  mIsynuauasduvainsiinleniailineUszasd

nmsadslunairderisuvudidunsimuannuduiusveannnisallifisUszasdn
oraneliAnnadefulsnadnsiiaulaveiiuainamnanss (Direct Effect) uazvnsdon
(ndirect  Effect) InsTuinaazuansdsdionziulsifienuduiusnansaviaty dly
msfnwiafadasfunsuansauduiusiasiaiadannuasna (Cause-Effect Diagram)
mnsuUsiiluiuusanmnges (Child Variable) Tusumeumsfisuadinaninasdugn
Avualagmsng CPT Fslalldmsimuainisniaziduvesusiazaniug (State) vosinuys
Tnemsa dadumndosnismemiuinanduresnisinmgnisallifislsyasdine deglusy
fulsaimngos (Child Variable) wiefuusuansenu (Effect Variable) luluiaailafldsn
wUsAuwmnueatym (Root Cause Variable) fosivgufnisousnumeliaaiAiadighuy

W lglun1sasulenIsaIuIn

o/ ]

A9 3-1 ndegdssunIsimueaIruinasduvesnnseinesiuls  ‘Nnsau
yna’ fiusinglu (Probability Table: PT) usirautasiduvesnisia Tsailauaznasn

o’ laiunsamvusaddululuwalalnensdunists CPT #989901@81ann1sAILINaenn

0.341%0.199 + 0.079%0.801 = 0.131138, Fauansléifiagy 3-2

P(Y = positive Given £

, ¥ PEaUUWS (X) =
= 151U dUUns (X) = vy o = 0.341%0.199
v smoking) = 0.199
smoking) = 0.341
P(savilauasviaen | |
tdom (Y) = positive)
P(Y = positive Given 115U y 4
D I i P(auuns (X) =
= 31 NgUUNS (X) = nonsmoking) R = 0.079*0.801
vy nonsmoking) = 0.801

=0.079

5U 3-2 msawnlemanisiin savlanazviasaiden’ (V)

v

UALLDYALAAINITAIWIUAINIT AR AR IT
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P(Y = positive) = ZP(Y = positive|X)P(X)

= P(Y = positive|X =smoking)*P(X =smoking)
+ P(Y = positive|X = nonsmoking) * P(X = nonsmoking)
=0.341*0.199+0.079*0.801 = 0.067859 + 0.063279 = 0.131138

anuunasduiiagldidulsalauas iaenden fAe:
P(Y = negative) = 1- P(Y = positive) =1-0.131138 = 0.868862

TnavluanuiiasdudiudAgresiands (eanngusenanszyn uduls) Aeadny
uagduresmsifindudwSuusazaniug (State) vesiuUsineianie a5eni1 “Marginal
Prior” Tagluseautiaziiondn “anuiiaslulutagiu” veangnisallufisssasdnaula

! < v ! v a < 1% | = s al a &£ !
AnudRziludinaldiiessuisanululilsvesvgnisallificUsvasinasiintureusay

fnUstulung

oflaamziuustadefifudumamesiiam (Root Cause) Fafusuusduiiioves
nsiAalsaluluna aflanuiiesifusinfuauinesduiiteudoya (Input) Tumsis PT
uid Ul sl sillldfuy séumeg vieiFendy ‘Child Variable’ vionadnsifinasie
mutnasdureusazinUsTivzintu (Marginal Probability) ﬁlﬂﬁdeﬁagaﬁwﬁw (Input)

1R8PT IbazaLlaaNNNSAUIULASENNTT (3-1)

A79814 3-1 uanamuduiusvesiauls 2 fudsdlesuds X Wuauvguesdiuls Y

1Y

33U 33

U 3-3 fegalunalATeY gL UUUETUAAIANNTTUSYRIRMILUT 1 7
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A1SANUIULENNAVBINISHAA Y @1unsasuiadlaainaunis (3-1)

P(Y)=> P(r|x)P(x) (3-1)

3.3.2 daanauladeidesionanaliinlsalifinsafdAy
finnsandeg1aitequasiiulsassiai X Wuauvewes Y uaz Y Juwsnisal
fuuy (3U 3-3) annduenutnazdundinundes X Werdmundn Y IiAaTu a1wse

Mundlalae aunis (3-2)

P(Y|x)P(x)

P(xJy)= A1)

(3-2)

A19819 3-2 9190RE4 2-3 ndinsdunadniigUlelsaiilauazvasniion lananaziin

q‘ @ v A ]
f\]’]ﬂﬁ’]LWﬁ!‘U@\‘m’liVILSEJ’ILUul?l}IEquﬂiLUULVlﬂﬂ

Turuideilagldanudiasilunlasuluvesudazdadeilionsiuinduguae

a

15ALUNMIU (Adjusted Probability) maqﬁauﬂmmiﬂuﬂquw% (X) Lﬁamw’i%wﬂuﬂﬂw

Isailanazvasndan (V) auiadlaain

P(Y = positive|X = smo ker)P( X = smo ker)
P(Y = positive)

P(X :smoker|Y= positive ) =

dlefmuald P(X) wiu Prior  Probability uas P(Y|X) unu  Conditional

Probability Muansnisfmuarludiege 3-2 lugudeyaniegluaisie PT ua CPT Lile
AnuaatAuiviluvesusagdiuusiaziiniu  (Marginal  Probability) 2849

Y = positive uanlan

P(Y = positive|X = smo ker)P( X = smo ker)
P(Y = positive)
_ 0.341*%0.199 _ 0.067859 05
0.341*0.199+0.079*0.801 0.131138

P(X :smoker|Y = positive ) =

27
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<

sudeindunaingiaslsamlauarnaenden anudenindugUeidugauums

9

axUsuilu 0.5175 Fuiinduain 0.199 suiinmualidmsuanudululalutagiu

dnsrdruszninanuiiagifuiiviundrtuanuinesdutegtuuandliiiiuds
nansznuiiAndua g nsallifisissasdneg  lummnnsaifiuuudendt Normalized
Likelihood (NL) sufieBuneliludiui 2.1.5 wanafsaunns (2-5) dfinsimuasauys
snnndmdaaning NL alfifiersuiisuilessyrnundsmdniivinlmanlsaiaulagadusi

wUstmnelunmazlumag

333 nssnansuilaseides (Risk Prioritisation)

£ a L4 . < v v o w o A 1 a
N5lEN15ATILRRUU Influence Analysis \usmdnainutiadefdimanonisiinlse

Hidenld Normalised Likelihood (Kjaerulff & Madsen, 2008) el dusudlunis

(Y

WY
Wisuieunsastlatendmananisiinlse lnedarsanainauutazidunudsuluveusas
UadeilonsuindugUae (Adjusted Probability) ilsuiumnuasduiievulutlagiu
(Current Probability) wanssisn1sA1uad Normalised Likelihood (NL) Tuaunas (3-3)

P(g’ X)

[ =——- 3-3
() (3-3)

P(g’ X) k) mmu'mzLﬁuﬁLﬂﬁauiﬂmaqLmaz{]ﬂ{mﬁamwdwLﬁuﬁﬂw

P(&') fie Wisuiurmuiasduinfatulaevialy (Marginal Prior)

33.4 msdanguiladeides Risk Classification)

Mnnswdanguiadedsduanidenily dnldlusuuvunseussiuannudes (Risk
Matrix)  AldesrUsenovresnnudesdalsenaunloninuiiazidu (Probability)  uway

wansgnuvedwiazlady  (mpact) lunisfiansuudinguiadeideaineingnisiiansan

[

AMUUAULE UL NBIANISUIVELFLNMATY LAgNTUA AT I9UTEIUAINULEES (Risk Matrix)

1Y

pegU 3-4
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Impact/consequence

Hish
Transfer Avoidance
Retain/ Reduction/
Low Absorption Mitigation
Low High

Perceived probability

3U 3-4 M3dugnIsIanisAdsstiuifvesautiasduuagnanseny

lunsAnwassiiazivisanuuiazidy (Probability) vesnmsinausaztadenyueaus
meA1nNUIazdureIufamuUsiazindu (Marginal Probability) ¥esaauy (State) 7
aulaendwmananaiinlsaluImie wazkansgnuvedisaztads  (Impact) 21nA7
Normalised Likelihood (NL) @sfwiadann wWesiduaveadensiulsiiaulaiinainuuiag
[ PR al 1 Id v )= o 1 < Ly | o 1
Juisdudensiwindugilelsaiumnuiisuivaiuiiaziludagduvesdazdiuls A
Anutazdudinging 2 dugnihundudunuvesanudissiluiazianssnuniy

23AUTENBUYRIANUEES (Risk) wanslads U 3-4

% of increase (Normalised Likelihood : NL)

High
Transfer Avoidance
Retain/ Reduction/
Low Absorption Mitigation
Low High

Anuthazdureausazimulsiasiinlu (Marginal probability)

[y

5U 3-5 ms1aussiiiuanudes (Risk Matrix) dwiuawided
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HA1INNITRUINg LTI N WA 1eUTEEUAIESS (Risk Matrix) wgaelut
anunsoudingudadeidsadu 4 ngu Tnerhdnisivusldnagnsnisanaudesiinuain
Tadunneg laegranunzan lnaivuawnunagnslunisdanisaudss 11 4 nqunagns

=

(Vose, 2008) ¢4l Ad

1. Msuanaeannuldes (Risk  Avoidance) LnunzaunuAudsaionannvule

UasAsauazilleintuanvdwmansenugsiunisiinlsanaulalusmuusidmane

2. nMsanelaumuLdss (Risk  Transfer) wnngdimsuminudesnnuliuasednws
o A v & A A Yo waA & ) =~ P
Hansenugs ildnguszasAiiiolldeunansenulidugaulaenisdeuseiunianisang

YAAANIBUBNIALEUNSUNY (Outsource)

3. N15aRANLLESY (Risk Reduction/ Mitigation) LAungauiuAULEEINNUUDWLAL
nansenuliigunss (Mudsduguasnansznus) lnefinnsannsianisingdesilad

6l Yo o v G
naUsglevinaglasuiuauusasAlding

4. M3AIANALEEN (Risk Retention)  tunzauiuadssitlddrdgimsizilonia

wagnansenutegndlaisuiuaunulunisaiuay

3.3.5 A1SWeINsainIsialse

N IUAAATDVIBWUULUE L UL NAFDUAIMUAILITAVBILLAA MUNITNEINTAINITLAR
T5a Lilegaruaiuisalunisituenguesidunazlidulsaiesinldfase lnanaain

Twmaszlidmennsalluguanutiaziduvesnisielsaieliihundnnguvesnisidulsad

(%
a0

aulavsold mnnisdanguveslumaliidinguiigndesuinfilunisusdinlunaninannd

[ a o

ANEENTalUNITNEINTAINTENTTIMUNADUT19EY dnsunuITelITeasiauananis
AAs1eMNslugy Confusion matrix A1 F1 wag Ldulas ROC wag A1 AUC weldisauiiey

AMUAILITAIUNTNENNTAIVBILLAALAS DU BLUULUERD LU
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UNN 4  Wan1s9ey

luunilazhiauenaainmsideilaninnisadislueamietiswuuiudinetlugnis

' 1%
(3 S

AATERLazdnauenan1saseRnuIngUssasanimualidmniuanuided naainnis

[

BAsfana1IeadilldnisiruakImanIsaTuayuNTIATIERnNEseIn1sinla

lufndendAgyaus delulusuinn

| v

1. '3mswﬁﬂﬁaL?%aw%éhﬂﬁ%mmL?im‘ﬁa‘hé’fzyﬁiamiLﬁ@Isﬂlﬁammaﬁﬁmmamu
Ingandeyanisdrsivguamuszvrrulnglagnisnsiasianieanlumaiaiesyig
wuuLug (Bayesian Network Model)

a. fndiutladuidesiionanoliifnlsalifndefid dyudaglsafeniseyuiu
Uy Diagnostic Inference

b. M3danguANdsitemvuaulsuINviingalveInEsLsiaz NGy

2. wensalmaialsalifndendAgyvesrulneandeyanisdrmaguamyssuvulng

1R8N TI9T9NBANTULAALATEUIBRUULUE (Bayesian Network)

4.1 1SAUINIU
4.1.1  fuUswazieny

AU NI UNTTE519 UL ARLAT AU UULUE LB A N®INTTLAALSALUNMITUAAUATY

'
vV 1

Tagn1sduniwal unndndnsinlulasan1s3idulugiugifedrvay (Experts) wagunng
danfiunisiasinismsiudeyanisdrsisguamuszesulnelaenisnginsanig asad 4
(@inaudrsguaindsyrisulng, 2552) iruaiuusamgnsialsauimuiingies

Y

VAU 7 FuUs kagfiudsnseyunsiinlsaunnanunlau1annan1snsaan1eiesd JUanas

(%
LYY o w

AIUUTINAIUTNG 8 AU WIINASANY

31



A1519 4-1 fus e uagnauseaumius (State)

aau fanUsuazszau LR
Age NE"e
15-34 918381319 15-34 U
35-59 918381319 35-59 U
2 | Area of residence ATiineNde
Urban Tuwmmeuna
Rural UBNLUALNAUIE
3 | Diabetes amensidulsaluimanu
N MInsIadoandionemsui 12 Falu (Fasting Plasma Glucose,
Positive FPG) = 126 mg/dl 38 tmglasunisuenindulsaiuivu
MInsIadoandione1msuiy 12 Falu (Fasting Plasma Glucose,
Negative
FPG) < 126 mg/dl
4 Family History DM UsgTansdulsaunmiuvesaseunsa (@ensa)
Yes figRanenssléun ve wl viefidesdiuseiadulsaumiuy
No Lifgnfanensdldun we ul videftosdivsy Tmlulsawunmnu
5 Fruit and Vegetable
consumption %38 Veg | msuilandnuazuald
Less nnualdldilieane < 5 servings/day
Normal to high > 5 servings/day
6 | Obesity azlsroau
Normal 71 BMI wazseuteasninines;
Over BMI BMI = 25 (seUlotiuinedsi)
7 Socio-economic mmﬁummﬁmwgﬁml,azé’qm
Quintilel AuUsAvll Wealth index score Auany aglu Quintile 1
Quintile2 AuUsAvl Wealth index score Auany agllu Quintile 2
Quintile3 AuUsAvE Wealth index score Auany agllu Quintile 3
Quintiled AuUsAvll Wealth index score fuaad aglu Quintile 4
Quintile5 AuUsAvE Wealth index score Auany agllu Quintile 5
8 | Physical activity mapdeulmsaneifnsldndinulusnelaemiadsssu

ANURUNLUIVDINAINTIUNNG

Low

SEAUYBINTITININTTUNINNYAININAUNTEAUUIUNAI AL TEAULNN

Medium

a. inanssumaneldunniesyauinn wag a. dRanssuegantn =
3 Jw/dUai uagtaan = 20 wiiseTu b. Sanssuuiunanarsolau
591 2= 5 U pgetegiuay 30 Wifinedu wag total MET-u1¥ine
#Uanst > 1,500 v58 c. 17aNTTUN9NI8RE1TnLazUIUNag
39 AU 590 2= 5 Tw/dUn uay total MET-un#inedunns = 600

High

fanssumenieagadn = 3 JW/EUAY way total MET-un7isie
#UA9i 2 1,500 58 HNNTTUNNNYBE1RLNYSaUIUNA95IY
> 7 Ju/dUaet wae total MET-un#isiedunnst = 3,000
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SuduINNsAIvUaskUsIIMuNe  (Focal Variable) @4Af® n15iARlsALUIMINY

(Diabetes) lnaUsznausmeiuUsniluanngeinisinlsaluImIuiIinensuas gy

MU 7 fuds Inemnualienuvesusiagdiusansenun1sdsiaaun meesseyvulng

TAENNSATIVTINIG ASIN 4 LARIAINIGIG 4-1

4.1.2 1A59a319lULnaLAT UYL UULUEVDINISHNALSALUININY

nsasalunansevisLuuudanaNAniuwndMidsawlulaseinsidelugiue

AWieaney (Experts) wazwnndganiunislasinisiiudeyanisdrnaauaindszyvulvelag

N13733339N18 AN 4 30 1UAlATIETI U ANALALNANOLAAIANYAVBINITLAN

Isauvnunsluguanivamensaasneded lnarIunsnsiaaeulazUTulanatensy

ldsUuuulassasieveslunainiot g Ul U aay wanaind

v v

]

GAUVDYAIINNTTEAII

advayunsAnnaniieldimuneinnuiiazdu sunsyidlilassadslumnauanslanmalud

) 10-Socio-economic

quantile1 20% (]
Quantile2 20%

quantile3 20% ([
awantie4 20% ([
auantiles 20% ([

Less
MormalToHi... 19%

') 2-Fruit and vegatabl...

a1% [JIE]

[#]

L]

S-Obesity

Normal 65% (R
OwerBMI35% 7]

() 3-Area of residence

Rural 70% (]
Urban 30% ]

0 11-Physical activity

Low 17%[

Medium 24%

High  59% I
] 4-Diabetes
Positive 5%
Negative 95% [

L]

1-Age

W 15t034 33%
351059 67%

=

_3 6-Family History DM

No 75% |
es 25% ™

U 4-1 lassasnlunainiednguuuiuddmiunisiialsaluvny
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nslamanasiunngiderngnuindadenendmasenisiialsalumvnulagnse

v v =~ % 4 ' a [ '
wnandadediiueny n1slinnglsrdiu nswedeulmsiamenidnislondinulusnnelag
Ailsfssziuauniniuivesianssunienieg uwazdsyifnisdulsauimureiaseunss
(@8n39) Turaueianuduamaasugiatazdinl Wwaiinedy o1vdnadongAngsunis
Uslnadnuazualydl uaznisimdeulmsneneniinisldndanulusinelaemdedssiuniig
ninlu1veanaInTsunenie fva 2 Jadeenadanagniziinnelsadiuneddmananisiia

15ALUIMINY

4.1.3  msaasitdadedesrsaniusianudesiidinysiansiialsniuinau

]

MIBATMNETEYMAIUTTEARYTaINsiAnlsAlUImUANLIAaIATEYIBW UL
(Bayesian Network) tdunmsiiaszsiiioinunununisaiiuaiuiiednnisiusumeues

a

Jagnsialsauninuldegiamngan eliaiusamnuanwininislaninensisieg

(%
tY

pg1vINzan (Stephan & Badr, 2007) Faluwuimandiaglunisdanisanuides aely
d1m15un193A 2R lun AN 1RSIz LAY LUINIINITILATIZRAIULABINITLAR
15AWUIMIMUIINTLLAALATOUIBRUULUENET19TUINToYANINTINVRINIUTEINALTia M
a o U U d‘ a U d‘ 1 o

Sesanutadudssnisiinlsaiumauluszauuszeing eglunisimuaulauiglunis
witgimangaudmiudsemelng agldsuussanamniegegeiiaieliiinUssdnsam

GG

M99 4-2 ADTULVDILARLAILUIALTIUNNTIATIZILTAUIAINU

FofauUs (Variable

AUs anuzaula (State)
Name)
naxeNY Age 35-59
Useanmaidulsauivnueeg o
. Family History DM Yes
ATBUATD (A18MT9)
URNINNDFE Area of residence Urban
ANUTUAIMIAATYTAALATHIAY Socio-economic Quintile 4

o o v Fruit and Vegetable )
nsuslaarnuaznald _ Normal to high
consumption

AMElsADIUY Obesity Over BMI

nstedaulmsnanie Physical activity Medium
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lunslesetisudumenisideniiansananiue (State) NaulavesusasinlsUady
a1Lue laea1nn1TiaNsananue  (State) idswananisiialsaiumauluwsiaziiuds lng

AAUALARIATIG 4-2

[ '
v a

Adeihinauen1sdnawutadedss (Risk Prioritisation) AianisiialsAuIniIues
aulne Tngazsadduiadeiidutedodestennialsauviuinnigalutesan Jeas
Wauelurinde 4.1.3.1 uamqué“qﬁmﬁmmjuﬂﬁaL?‘%aa (Risk Classification) fio1adanasie
mMsiAalsaumunMguiiFesiiasgiaundes Tngedungufmaessidunnudss
(Risk Matrix) Litetsaanmslinnevitilimhsnuiisusdifstunsdesiulsalifased
fenslunisianusiunisnausuuleuiefiamnsadunldfunguuszeinsinelusuian
LARIRIITe 4.1.3.2 dmsuluiiteanvingsvdnauenisidlumatasotiswuuiuglunis

PYINTAUNITIALTALUINIUY WEASIUIIUD 4.1.3.4

4.1.3.1 n159na1autladendes (Risk Prioritisation) flansininlsaiuiniryvesaylneg

NMTAATIERNNAALATEUIBRUULUE (Bayesian Network) ¥99n151AALIALUIRINU

d' o o A « ) [ o A 1 < 9
NBWIATIRBUUBIATONTUNIN E]SvLﬁL‘Uu{j"i]ﬁ]ﬂ%aﬂ%ﬁﬂma@@ﬂ’]ﬂﬂ‘ﬂ;iﬁL‘U'WF'N'LJ?

Al Normalised Likelihood @aifudnsndusynineminuiiasiduiasuluves
wiarladeidlonsiuindugUaslsaiuminu (Adjusted  Probability)  wagauinazidui
ndululagdu  (Current  Probability) luaunis (2-7) datiuisiagAiudnA Normalised

. . §f < s a ‘g o % | a o w (% = a A v
Likelihood wag WosiGusnindy uwazimuaaininalunisisesdrnutadeidesiiineides

HONISAALSALUNMINULARILARINITIY 4-3

Y 1 1 PN val wa [d [y .
megray lantanznugiivseiinadulsaiuminuvesrseuniiangnss (Family
History DM) Winduain 0.2524 1Ju 0.5220 Wensruinwwdulsaunmu vlviiensidiun

dindy 1y 2.0682 Wi Andulenafiiiudu 106.8219%
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A5 4-3 Wan1seearudadeEsssansARlsAIINUTRIUSE T IUlne

i Aousi AUz .
YaNILUST auile . Normalised % of A1nu
(Variable Name) (State) {]Q"‘!U“ Waguly likelihood | Increase | (Rank)
ate

(Current) | (Adjusted)

Age 35-59 year 0.6664 0.8942 1.3419 34.1851
Family History DM Yes 0.2524 0.5220 2.0682 106.8219
Area of residence Urban 0.3016 0.3025 1.0028 0.2824

Socio-economic Quintile 4 0.2000 0.2007 1.0034 0.3414

Fruit and Vegetable | Normal to

consumption high 0.8107 0.8143 1.0044 0.4407

Obesity Over BM| 0.3547 0.5941 1.6749 67.4931

Physical activity Medium 0.1651 0.1743 1.0556 5.5588
Diabetes Positive 0.0528

L2 %

nA51asRunUIdadeaiulseiinisilulsalunituvesnsauaAsId18n s

(Family History DM) Judaseffisnsndrunisiasuntasanuiiaziduiiaduiiensiuin

Wulsauimnuiisusuanutiazidumistuiiluandudesas 106.8219 s09a3u1ADN1S

1%
=< a

Julsadau (Obesity) Fauthasdufivdudaduiosas 37.493 Jadedasdusu 3 oun
Haduduony (Age) lunduony 35-59 T fienuunasidudiuiuAndutesay 34.1851 Jade
Aosdusu ¢ Mundatesunisiedeulwinienie (Physical Activity) Tussduuiunans &
muanduivtuandudosay 55588 Jadoidedudu 5 1aud msuslaadnuasnalsl
(Fruit And Vegetable Consumption) luszdiu ves finnuthesduivduanduiosas
0.4407 Yadedosdudu 6 Mounaniugniedenu (Socio-Economic) lusediu Quintile 4 3
arunizufindudndudosay 03414 uastadadesdusuaninefoduitogonds (Area

Of Residence) Tusmauia danuinaziduiindudndudesay 0.2824
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4.1.3.2 msdnnguifadendes (Risk classification) fie19asanan1sinnlsaiuInIIuves
Aulng

NTILATIZRINTULAALATOUNBLUULUE (Bayesian Network) 983n15tAnlsALuImIu

WDMANRBUVRIANINTAIN “Uaduanudssnisiialsaunnuesnulnemsinniseenals”

NSAUALWININITIANITAMANSAALsALIIUIEULEININITHAITUI 910NN
Mvuan519UsEEIUALLEEA (Risk Matrix) Ingwianguanvnndnudeswean1siialsngin 2
aafUsznaundnlawn anuuasiduvesnisiiaaudsswawiasanmnisiinlsadsluiil
Sendadedesdinauslugunnuiesduniatuluiagdu (Current Probability) Inevialy

a a 1 & A a d‘ ! < 7 A o
wazransenulinanAuuazuiiisulldiensivindugUislsaumuidiauely
5U09 % vesmuisluiiinduressarYadeideadionsivindugiasiuimnu (%

Increase) MaastadeLdusfvuawny X hay Y

Nunlunsnanusanuelaidu 4 mensusd (Quadrant) 3a NNA AIUNTUUIANES
WALANYRINY 2 UadeaInann nduasnkaartadtenilaniuy (State) AbAAT Normalised
Likelihood 11nn31 1 Lﬂuémmmwiazﬁaé’aLﬂaﬁwmuﬂmdu (Hanlawanafnanis1e 4-2)

' | o A Xy 2 PR o v A o
wansman1suianguiadeidedlanagy 4-2 nguasiuladiminimunadaiivelusiiauay
N7 50% FeUsTNOUMIY ﬂfjm High Probability & High Impact mju Low Probability &
High Impact ﬂfjm Higsh Probability & Low Impact ﬂdm Low Probability & Low Impact

IngnuinlidfiUadelaeglungy High Probability & High Impact dnlunguilmdedinaleisil

druladeaulsyifnisdulsauimiuvesaseuniiatenss (Family History DM)
wazTadesnunmsidulsadiu (Obesity) faudiinulunguussansivelaeinluilonianungu
1 .:’4’ 1 1 3 < o a 1 a wa 1d
wianillaann wagnnsruinaue) dudulsauinanuaginlilenanagnuinddseinniadu
IsAluImuYeIATaUASI@ense (Family History DM)  uwazdadeaiunisidulsasiu
(Obesity) astumnnidleisufiunguuszgnsinly  Memgratidsiiuanis 2 duusiluda
wUsidamadenisiialsaluimuannnIdiysdu dneglunay (Low Probability & High
Impact) Msdansananudeslinduynranguilvilalaenis Transfer m3Eee 19w Wizt

IdnsvidseiuaunmiianunsanseungunssnEILsALUImMI

lomanasnunguussunsiiiony (Age) Turae 35-59 U (ldsaunguigaens) nuindu
lunguussuinsandluvgy (Hesnndwmulveirgdinugees) waglenanasnuduslnadnuas
wabiludunaties flussiugs wazmnnsiuitaug dudulsauivinuagyililenanios

wuinduaulunguenglugig 3559 U uazdadedunisuslaadnuaznaliluusuiadesy
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winduldganntnidiaifisuiunguuseyinsnaly (High Probability & Low Impact) 113

[y

4

2,

U

ANTANLLEDI9ELEBNI5N1S Reduction/Mitigation 1y n1sauasuliuslnannuaznaliiann

dle

120
. Family history
100 DM
80
b
o ¢ Qbesity
£ 60
k]
X
40
® Age
20
Physical activity Area of
’ .
0 “Socioeconorfly ¢ residence ruit & Vegeta
0.0 0.2 0.4 0.6 0.8 1

Current probability

5U 4-2 namsianguaudensialsauImIy

.0

lamanaznunguusyyInsfiende (Area Of Residence) agluiilas vialaniugnia

Wiswgnakazdsny (Socio-Economic) Tusedu 4 wieliAanssunienie (Physical Activity) Tu

'
[y o

szausn Tanuuieduldasin wagmnnsnuinaus dudulsaumuazinlilenianay

wuIndueulunguiionde (Area Of Residence) agluiles w3alianusnuasugiauazdny

(Socio-Economic) lusesu 4 n3adAanssunene (Physical Activity) lusedusin geiuiies

dntesidlofisuiunguuszainsialyu (Low Probability & Low Impact) n154nn15A13LE81

98189n38n13 Retain/Absorption lnganalidedinuddgiudademani uazenadsnsed

NG,
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4.1.4 NWYINTAUNISNALSALUINANUVBIAUINY

n1sasieinuuiiveldneinsalnisiinlsaiu1ninualslunaA3eYd1gwuuLueg

aiunslaglduuunasi@uiuteyaildlunisasiedauuu (Training Dataset) wazdoyail

ldd1uiunisnegaeu (Testing  Dataset) Iaglddnstdau 70:30 uonanidsuaninanis

weINsalangateyanaiue falunan1simssindtaueluiitelidudunailannyadeya
. [ [ P v o Vo1 =l o

NN1INAAeY (Testing Dataset) {uman iieliigedulailunainnuaiunsalunisdiiun

nqun1sneInsainsiinlsalumuseld (Positive Or Negative) lagndesuniesiiiusla

LARINALARIN ABUNTY WUVNSN ATLUIY F1 wagA1 AUC nwdulda ROC

HAIINATN 4-4 1N 1uIlinaAs o ekuUUEIANURANAIN TN TIHUNNGY
AMSAALSALUINITUTENING 5.68% — 19.50% Taeilasifudainuranainlun1ssiwunian
Fiutudioruunsesuaunasduildlunismuamsiislsauimng (Threshold) 7idan
anad lpenuin sesutnaeinutnasduilalunisivuanisiinlsad Threshold = 0.5,
04, 03 azl¥ArAuiianan (Eror Rate) 5.68% Liuduldu 6.59% fAssiuinast
(Threshold) = 0.2 wagtfinudu 19.509% Asydunast (Threshold) = 0.1 Wioeana e
ANPINLGNABY (Accuracy) anadnin 94.32% Ju 80.50% dlofwunszdunas (Threshold)

ana197n 0.5 10u 0.1

lunatasevnguuutudliAiauswnng (Specificity) waganvinuigiilenaiiuau
(NPV) Tusesiugs 1le99nilAn True Negative Aoutnage uagdanudn lumadianaaiuduniy
anauiledn seAuLna (Threshold) anas uiaglviA1dnsAugnABLTay (True Negative

Rate) LNTULIaseAuULNua (Threshold) anad

TULAaLAS a8 UULUTLAA1AINUSEAN (Recall) hazA1AIuwiue (Precision) AN
\W19991n3A1 True Positive  ABUTINAN WANUI A1 True Positive 38IANUNNTU WH True
Negative azif1ana1 tileanseauinudl (Threshold) a9 AdeimalidvinlviAiAIusedn
(Recall) anaduwiAIAINULLUgn (Precision)  induLiiaanssauinaa (Threshold) anas
dll ug.// 1 U 1 aa U %} o‘Q{'oJ Y = L7 r.ﬂ' 1 r.:l' gj
W9991N79 2 A1 A9NA1IINANINAUAUNUSNTALEINY F9AT F1  WiWDMIARR8UDI9d 2
AN WATNUINAT F1 Wiinauan 0.094 1y 0.2449 Wieanszsuwnud (Threshold) ad 270 0.2

W 0.1 wansinanuatunsalunisnennsaivadumanuiiinaninae (Threshold) ad
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M1319 4-4 ApuyTU Lumvisn wazA19ne Mldlunisinanuaunsalunisduunlsauimviny

Tuszautnaginnuunaztdunuaneaiu

SLAULNASINI5IUN (Threshold Level)
- o5 | o4 | o3 | o2 | o1
A1339 (Actual) ; P
AINenNsad (Predictive)
pIn P [N [P [N P [N [P |N
BNH model
P 0 181 0 181 0 181 15 166 103 78
N 0 3,004 0 3,004 0 3,004 a4 2,960 543 2,461
Error rate
- 5.68% 5.68% 5.68% 6.59% 19.50%
AVIURANEA
AMUANHDI
e 0.9432 0.9432 0.9432 0.9341 0.8050
(Accuracy)
ANAIUINNE
o 1.0000 1.0000 1.0000 0.9854 0.8192
Specificity
Avhueilona
d, 0.9432 0.9432 0.9432 0.9469 0.9693
wuau (NPV)
AMUSTAN
0.0000 0.0000 0.0000 0.0829 0.5691
(Recall)
ANAULLIUEN
. - - - 0.2542 0.1594
(Precision)
F1 score - - - 0.1250 0.2491

P: Positive; N: Negative

#1974 4-5 A1 AUC 910 Training Dataset, Testing Dataset L@z Full Dataset d1135U

T5AUNMINY

Training Dataset Testing Dataset Full Dataset

AUC 0.76148 0.79659 0.7719
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1NA1519 4-5 Lanaan AUC  Fadusiiuansiunldnsivveadulas ROC  wang
mmmmm‘lumiﬁwmawaasmgﬂﬁaqu“]u 76.148 uag 79.659 F9AUIUIN Training Lag

Testing Dataset A1U&1AU MNAIsaN1AT AUC vesdayaundnlylduuadu Training uay

Testing Dataset wudndlaanunsaviegn 77.19 Fuduafiegszninaildangadoya

Y

Training Way Testing Dataset

Area under curve = 0.76148

1.0

(IR0 o

oy T

05T

o4 T

0z T

0.0 0.1 0z 03 (L) {1 ] 06 o7 0.a [IR=] 1.0

5U 4-3 ROC Curve 3911 Training Dataset dw3ulsaluminy
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Area under curve = 0.79659

5U 4-4 ROC Curve 3711 Testing Dataset dwisulsaiuininu

a2



Area under curve = 0.7719

5U 4-5 ROC Curve 210 Full Dataset dmulsaiuminu

e s EulAY ROC Asgtl 4-3 - 4-5 navliflwulis ROC Hanmourtdadingu

o A Agua g vow Py o
UUEHD NIANUN LA LA INALAEN T
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4.2 lsapnunulaiings

4.2.1  AUstazieny

mudsnldlunisadrelinaiaIednguuuiudiiednyinisiialsaanuduladings
muusdulaensdunwalunmdminndlulasaimsidelugiugddeivy (Experts) wagunng

Y o a

Aanfiunislasenisnmsiiudeyanisdrsaguaindszrvulnglaanisnsaasianie Asadn 4
(@wdnaudrsraguamysesvulng, 2552, 2554) Imﬁmumé’hLmiﬁﬁ]ummaﬂmﬁmim
ANUAULATNgIaaY 10 FuUs Asudeayaannmiuusn 10 67 axaniivualaseainaves

TULAAASBUNSLUULUE

Suduarnmsivuadiudsidmung  (Focal Variable) $afide n1siialsaninusu
la¥ings (Hypertension) LLamﬁhLLUiﬁLﬁuawmmaqmiLﬁ@Immméﬁ’uiaﬁmqaﬁ'wwmmaz
vadeuaay 9 duls Tnefvuedenuveusaviaulsineinisiaudadiomaesydusa
WUsKAAZAIINT189IUN5ENTIIFUN NTRIUTETUlnelaanI157 5193190 a%edt 4 uang

AINITY 4-6

A1519 4-6 fuUs Henw uagnauseaumuys (State)

10U fanUsuazIzau ERH
Age GH0YE!
15-34 91381319 15-34 U
35-59 918NN 35-59 U
2 | Area of residence waTiinede
Urban Tuamauia
Rural UDNLYANAUIEA
3 | Hypertension amzmadulsaaruiulaings
Normal 120 mmHg < SBP/ 80 mmHg < DBP
Hypertensive SBP < 120 mmHg/ DBP < 80 mmHg
4 | Family History HT Usgiansilulsannudulafingsesnsaunsy (aems)
Yes fodarensslaun veo ud ﬁaﬁﬁaaﬁﬂﬁs’?@Lﬂuiiﬂmmé’uiaﬁmqq
No Liflgfianenssliun wo wsl vieiesiiuseimidulsannuduladings
5 Fruit and Vegetable
consumption %38 Veg | nsuslamsnuaynall
Less Anwalillaiifiesne < 5 servings/day
Normal to high Anualdiileasne 2> 5 servings/day
6 | Obesity AglsAoau
Normal W1 BMI uazseuteasnines;
Over BMI BMI 2 25 (sautealaiiiuinesi)
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A1519 4-6 (sid) FuUs Teu wavnauseaudLls (State)

a6 fauUsuazszau VTRFY
7 Socio-economic mmﬁummQLﬂiwgﬁ%LLazﬁﬁﬂm
Quintile1 AuUsAvil Wealth index score Auans aglu Quintile 1
Quintile2 AuUsAvil Wealth index score Auans agllu Quintile 2
Quintile3 AuUsAvil Wealth index score Auans agllu Quintile 3
Quintiled AuUsAvll Wealth index score fuand aglu Quintile 4
Quintile5 AuUsAvil Wealth index score Auans agllu Quintile 5
8 Physical activity mapdeulmsanediinsldngnulusenelaemiadasduay
RUNLUNIVBININTIUNINY
Low SEAUTEINSERINITIUMINIBR AT AT SR UUTUNA 1 AZ ST RULN
Medium a. inenssumanelidunndeseauinn wag a. Inanssusenamin = 3
JW/EUMI Laglaan = 20 wiieeTu b. dianssuuiunaausolAu
2 > 5 U egeteyiuag 30 Wiidedu uay total MET-u7isie
#UA9i = 1,500 38 c. ANINTTUNI9N88E19MUNLATUIUNA9S D
WU 591 = 5 Ju/dUnvi wag total MET-unfinedunnv = 600
High HRanssunengeg1win = 3 Tw/dUani uag total MET-uniisie
#Ua9i = 1,500 58 UA9NSIUNNERE NN aUIUNANNTIN >
7 Jw/&Ua9 way total MET-unisiedun1si = 3,000
9 Sex LA
Male Y1Y
Female N9
10 nsuslarndeiazlalfeu

Salt consumption

Low

o

sedus wslnelsien < 2400 mg/day

High

seauge uslaaluides > 2400 mg/day
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4.2.2 laswislueaiaiatigiuuiugvanisiialsannuiuladings

n1sasialunaATe sk uUUd AR NdRUSYaIE MmN SV IATA LI AR LAY

lafingeannanuAniuunndidnsnlulasimsidelugiuuedidenwiny (Experts) wagunngd

al
Y
A

andunislassnsiiudoyanisdrsiaguaindszmvulnglaen1snsiasane asad 4 5au

wualassaludavnlagnailakansamnveInsiialsaaufulaings luaaniunis

AT ULATUSUUTINETAIEATI N MUALNIZANNAURUSNUSINg AegnATI i oNaIN

fudsuilaludadnduusdendunisieuanuduiusiiluannglagnsaviiiy (Direct

effect) unsenslasuuuulasaiavesiunariatiswuuluelvansauwasiidoyaanms

d19737 aduayumsAnmauasduaunseisldlassaiduna Bauansldnaselud

22 13-Socip-economic
Quantile1 20% (|
CQuantile2 20%
Quantile3 20% (|l
Quantie4 20% (||}
Quantiles 20% [l =

'

2 1

1-Sex

(_ 3-Area of residence

Male 45%%
Female 51%

il

Rural 70% ]
Urban 30% 7]

_2 10-3alt consumption

Low 32%
High &% ]

E -
.

o G-Exercise
3 14-Fruit and VWegetable con... Low _ 16% I]
Less B1% -:| WMedium 24%
NormalToHigh 19% 7 y so% [l =
- 8-Obesity
Normal B5%
OwerBMI35%

MNormal

»  T-Hypertension

Hypertensive 16% 7]

a4% [

o 1-Age

1"15t034 33%
v 35059 67% =

2 &-Famiy History HT

ho 67% I
f—’_ﬂ res 33% =

U 4-6 lassaialunansevisnuuugdmiunmsinlsannudulaings

I [y Y] [ Ly gj LY} d'd [y [y} 6 gj £
MNFUTUANIUFUNUTUDIAUING 10 FIILUTNUAMNEUNUDYNN A TILAZN IO DY

lgsnsiinlsannudulaiings (Hypertension)
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4.23 nsanseiladedsaisediiwlsusdanudeamddgyveinisialsaniudulain

devasaulny

Ui T8l 1N15 AL ULALINTTLIALTALUININU ANNLULAALATDUILLUULUE

(Bayesian Network Model) iiiednadutadeidssnisiialsaanuduladingsluseeiu

Uszrnsing TunsinsiesisuauaieniIsiaanfiiansananiuy (State) Naulavesnmaziinus

ameALELS lagannnsiansananiue (State) Ndwwasenisiinlsaluvanulundagn

wUsAMUAlARIn1S1e 4-7

M99 4-7 A0 ULVDILABLAILUSNLBLUNITIATIZN

fauds YaiawUs (Variable Name) | aanuziiaula (State)
naxeTY Age 35-59
UsgiRnsidulsamnusulaiin o
o Family History HT Yes
F9URIATOUATI (F18R59)
LWANNNeFY Area of residence Rural
ANUTUAINLATYF AR AL Socio-economic Quintile 4

AsUSLAAENwazNa el

Fruit and Vegetable

consumption

Normal to high

AnMzlingiu Obesity Over BMI

mapdeulmsnenie Physical activity Medium

LA Sex Female
nsuslnalnasuazleife Salt consumption High

1
av A o v o

NITPUULEUBNSInaIn UL (Risk Prioritisation) #an1suialsAAIINAULARRA

g9 M3danquiadeides (Risk Classification) Mo19dawasien1siinauduladings Wity

A1SAATIZINISAA LAY

ar




4.2.3.1 N139Aa19UAIIUEEN (Risk Prioritisation) Aan1siinlsandiuaulaingivainy

lng

NMTIATIERNNAALATETIBLUULUE (Bayesian Network Model) vo9n1siinlsa

anuaulaiings dWemdmeuvasmauiiin “evladuladendnidmwanonisdulsaninudu

ladinga?”

Au1es Normalised Likelihood @aludnsndiuseninemnuinaziduilasuldves

wiazladaidlonsivinduiUaslsaiumnu (Adjusted  Probability)  wasaduiiazidui

Aaduludlagtu  (Current  Probability) Tngsiluluanng (2-7) fatuisnazfudne

Normalised Likelihood wazlasi@udMiiudy waziinuaaisinatlunisisesdisutade

doefeitosianisinlsnnuaulaings 1099e 10 AuUsuanslafnisig 4.8

1519 4-8 mamaﬁ&mﬁﬁé’uﬁaé’aL?ﬁ&lwiamiLﬁ@ﬂiﬂmmé’u‘laﬁmqwawi%wﬂm

i anuzii AUzl .
Fands (Variable il Normalised | % of | a1au
UL ;
Name) Jaadu wWaeuly | lkelihood | Increase | (Rank)
(State) :
(Current) | (Adjusted)
Age 35-59 0.6664 0.8864 1.3302 33.0167 3
Family History HT Yes 0.3285 0.4377 1.3324 33.2438 2
Area of residence Rural 0.6955 0.6995 1.0057 0.5684 7
Socio-economic Quintile 4 0.2 0.2002 1.0010 0.0994 8
Fruit and Vegetable | Normal to 0.1857 0.1897 1.0214 2.1410 4
consumption high
Obesity Over BMI 0.3547 0.5251 1.4804 48.0449 1
Physical activity Medium 0.2438 0.2475 1.0154 1.5411 5
Sex Female 0.5057 0.5061 1.0007 0.0718 9
Salt consumption High 0.6815 0.6883 1.0101 1.0052 6
Hypertension Positive 0.1584
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Mg Tonansznugiininglsndiu (Obesity) liiwTwan 0.3547 Wisidungu
vosUszyvulnenaty WWu 0.5251 Wienswinenlulsaanuduladings vinlilensndiun

dindy 1Ty 1.4804 Wi Andulenafiiiudy 48.0449%

a5 19edunuItatediunrlsagau (Obesity) Wudlasdefisnsidiunis
Wasuwasnnuhasfufintudensivindulsaummnudioutueudiesduiiingu
vhluAnidufesas 48.0449 sesaenie Useiansdulsamnudulafingivesaseunsiane
A543 (Family History HT) Smnuesduiiniudndutesas 33.2438 dadoidssdusu 3 713
AlndiAssiududu 2 duntladedueny (Age) Tunduang 35-59 T fianuthandudiutu
Anidudesay 33.0167 dwsulladedussud 4 Wudull Sanuiesduiududeudion
Tnanudn Jadeidessusu ¢ Moundasesunsudlaadnuasnaldl (Fruit and Vegetable
Consumption) Tusgudrunatedeuinifindy (Rudu 2.1410%) Jaseidosdudu 5
waewlmnene (Physical Activity) lusssutunans (fiatul.5411%) Jadeidosdusu 6
uAnmsuslnandenaslefon Tussiugs (Rutu 1.0052%) Jadeidesdudu 7 Aetadudu
ﬁagujmﬁ'&l (Area of Residence) wenumineuna (Wisu 0.5684%) Jadeidssdusiv 8 anius
yadann (Socio-Economic) Tusedu Quintile 4 (findu 0.0994%) Yadeidesdusugaiin

Aawa Tunguinands (0.0718%)
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4.2.3.2 msdnnguiladedes (Risk classification) la1adenanan1sinalsanaruaulaia
gevasaulne

NTILATIRNTULAALATOUIBUUULUY (Bayesian Network Model) v03n15iinlsn
AnusulafinguieAneuvesrauidt “daduandesnisiialinnnudulaingivesnu

IneAsdnnisesnals”

NSAMUALLININITIANITAMANITAALIALIIUITULININTRAITUIINNTS
fvupnseUsEifiuaandes (Risk Matrix) Ingwuinguanivganudssweanisinlsnain 2
osdUsEnouvdnlain amnuhanduresmaiinaudsswewusazaivmninialsaddudii
Fontldudesdaihaueluguauasduiiieduluiagdu (Current Probability) Tnevialy
uazsansgnuiiinananuiezduiiasuluidenswindufiaelsaummuitiausly
sUras % vesnrunasduiiiulureusastidodedonsuinduline maduladings

(% Increase) saastlaseidusmvuannuy X way Y

uitlunsmanunsouialéidu 4 mensud (Quadrant) ude again mumsLUIAgs
uazsrvasis 2 Jadedandn aantudenudaziladedidl State  il¥e1 Normalised
Likelihood 311031 1 1Husunuusazdadeifiethuudngy (Fsilduanadsmisns 4-7)
uananansuungutadeidedlansgy 4-6 mngUaziiuldimnnimungedaifiowtsrgauas
#nl 50% FaUszneusie ngy High Probability & High Impact ngy Low Probability &
High Impact ﬂﬁjm Higsh Probability & Low Impact ﬂﬁjm Low Probability & Low Impact

lnenuilifidadeleeglungu High Probability & High Impact dauiumjuﬁmﬁaﬁwalﬁﬁaﬁ

Tufitmnssusgautsssnisssdugauasiuesiladodmansenusioninialsaai
fulafings (Impact) fuandasanuhisduiifulurensasiatodsadonsuiniu
fuasausuladings (% Increase) fisedu 50% wuimniuUsinansznusionsiinlsa
mnufulaiingeegluszdum Wefinsanusmiuiizduvesnsiiauiaztedeluiagdy
(Current Probability) 7 0.5 WU’jWﬁgf’JLLUSﬁﬁI@ﬂ’]ﬁLﬁﬂﬁﬂUi%ﬁU@ﬂ (High Prob) wazszus
(Low Prob) tufioanunsnutenguiauusanudesldifu 2 nduile High Probability & Low

Impact n&al Low Probability & Low Impact ¢4l

1%

nau Low Probability & Low Impact Usgnaume 5 Uade dstldadesuniizlse
971U (Obesity) Yadasudszifnisidulsanuduladingevesnsounsiaienss (Family
History Ht) Jaduaunisuslaadnuaznalil (Fruit And Vegetable Consumption) Tusgfu

Uunastann Yadeauadeulninieniy (Physical Activity) Uadeauaniugyniedn
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(Socio-Economic) Tuszau Quintile 4 N153ANISAIULAYIALLABDNATNNT Retain/

Absorption Ingealufeslianudfyiutademani

nay High Probability & Low Impact Usenause 4 U3de launtadunueny (Age)
1 Tunqueny 35-59 U Uadesmunisuslaandeuaslawion (Salt Consumption) luseugs
Jadesudiegende (Area Of Residence) uoniwameuna wazanvnefedadosume (Sex)
Tunguinangs n3¥an1sAdsaandenisnis Reduction/Mitigation 19w n15daAns
saussAlianemsitsardidslasienzlungumandgs ordsegluwamauia Adeng 35-59

= & Yo U a %} a
U vivelviiiminsiadnanseanisiialsanusiulaing

60
L g Obesity
40
[}
©
v @ Family History HT @ Age
O
£
G
o
o
>
20
Fruit and
Vegetable Salt consumption
K Physical activity
consumption L g Sex
0 ¥ —socioeconomic * Arela of residence

0 0.2 0.4 0.6 0.8

Current Probability

5U 4-7 nansdanguaandesnisiialinnudulaing
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4.2.4  wensalnsfialsaanunulaingsvasnulng

ANSAS19ALUULNB LENYINTAINISLAALTALUNTINUAIY LULARLAS DU S W UULUY 210
Iuumhevdlefiegtens 15-59 U Suiuriadu 11,240 au lagandiunsiagldfiwuy
A v 4 v ~ 1% Y] .. o 1Y)
Nairaluaindeyanldlunisadradiwuy (Training Dataset) kagd1UusUNISNAADU

ANAIsaveslueg (Testing  Dataset) Inelddnsndiu 70:30 n1sutsdoyailu 2 nqu

o a o

Antuegegudsdunquiderfuiiiundnsginisialsauimu luiide 4.1.4 lagas

Wnawenan1siasiiluideiianyadeyasinnisnaasu (Testing Dataset) 1undn el
Werlulalumaiinuaunsalunisduunngunsneinsainisiialsanudulaingavselyl
(Positive Or Negative) loagnagndasunndasiiiedla waninani1snsivaeulsed@nsninns

WYINTDAIN ABUYITU Wunn3n AzluY F1 uagtdulas ROC

na91n101519 4-9 Lunasnnisidlumalunisdwunnguaindeyanismageu
(Testing Dataset) ¥inlvins uilunanIatigluuugianuranaiatunsdunngunisiin
Tsamndulafings seming 18.96% — 53.41% nefidnanufianaiaifistudormunssdy
Threshold anas uagwuINfisesu Threshold = 0.5, 0.4, 0.3 agl¥rAmiianaIn (Error
Rate) 18.96% iy 20.52% fisefuinausi (Threshold) = 0.3 uaztinduidu 34.53% 7
520U Threshold = 0.2 wazilu 53.41% 56U Threshold = 0.1 n3ea13naladnAAIIY

Qﬂéfaq (Accuracy) anasann 81.04% Ju 46.59% dlormunanseiunast Threshold anad

wonanidanuinlumanietieuuuugliannusune (Specificity) kagmIvinue
dewaduau  (NPV) lusgduge uazdanuinlueaazlvidiainudinng (Specificity) wagan
Aualugn (Precision) Huwnltiuanasdlefiszduinag (Threshold) anas lurasiilunasy
Tiarvuroiionatuay (NPV) wazA1a219588n Recall) wiinduiilotiseduin et
(Threshold) anag

aziulaannlumatiioanseauinae (Threshold) asazyinliiiian True Positive Aoy

adusie True Negative g3%u denaliaildidunasinisinnsanyszansnmuveslunall

=

Wuldludenadeddu wuninidainiusean (Recall) anad waAIA1LLLUET (Precision)

a

WiNTULloanseauLNg (Threshold) anadtdudu 19991099 2 A1 fanaddAanIg
a
Y

ISP

% v ea o Y v =< o Yo P ! a 3 ! ! 1 =
ANUFUNUSNTALE Y Fednlamn F1 iiemAedeunis 2 A1 wagnuinel F1 dan JEALUD

fvuasEsunae (Threshold) Wu 0.2 vinlwdlen F1 10w 0.4412
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M1314 4-9 ABUNTY UuMvisn Uazar1e ldlunsinanuaiunsalunisduunlsaniueiu

ladings luszaunaminnuianduiunnseiu

Threshold level
F1934 (Actual) 0.5 0.4 | 0;3 0.2 0.1
AMmeInIad (Predictive)
P N P N P N P N P N
BNH model
P 0 632 0 632 175 457 452 180 587 45
N 0 2,701 0 2,701 227 | 2,474 | 965 1,736 | 1,735 966
Error rate
S S, 18.96% 18.96% 20.52% 34.53% 53.41%
ANAQNADY
(Accuracy) 0.8104 0.8104 0.7948 0.6565 0.4659
ANAUINNIL
(Specificity) 1.0000 1.0000 0.9160 0.6427 0.3576
Aviunediona
tWuau (NPV) 0.8104 0.8104 0.8441 0.9061 0.9555
AMNSZAN
(Recall) 0.0000 0.0000 0.2769 0.7152 0.9288
AAIUMIIUEN
(Precision) - - 0.4353 0.3190 0.2528
F1 score - - 0.3385 0.4412 0.3974

P: Positive; N: Negative

A1519 4-10 A1 AUC 910 Training Wag Testing dataset Wag Full Dataset d1%5ulsa

ANUALLATINGS

Training Dataset Testing Dataset Full Dataset

AUC 0.7719 0.7371 0.7418

1NATN 4-10 dansaitunlalae ROC ANaNnsalunITyiUERARE9YNABITN
lunaiisuiuAnaseildnngavesdeyaiuiundnw Inewudn Tulu 77.19 wag 73.71 &

AN Training uae Testing dataset MIUAWTU MINAA1TAUIAT AUC vaadayaunid

a

Lilduuadu Training uay Testing Dataset Wuawnsannegn 74.188 dudueniie

e

senInAflnanyadeya Training Uay Testing Dataset
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1.0 7

0.8

0.2

0r

05 1

0.5 1

0.4 1

0.3

0.2 1

(N

oo

Area under curve = 0.7719

0.1 0.z 0.z 0.4 0.5 0.6 o7 = 0.a

5U 4-8 ROC Curve 3911 Training Dataset d1wsulsannuduladings

1.0
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fArea under curve = 0.73712
10T

oeT

oy T

06 T

04T

02T

01t

oo 0.1 0.z 0.3 0.4 0.5 OG 0.7 og og 1.0

5U 4-9 ROC Curve 910 Testing Dataset d13ulsandnuAulaiings
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fArea under curve = 0.74188

[NR=1% o

oz T

05T

04T

0z

ol T

0.0 0.1 0z 0.z 0.4 0.5 0.5 o.r 0.2 (A=) 1.0

5U 4-10 ROC Curve 910 Full Dataset duiulsanausnulaiings

\HeasudulAe ROC Asgtl 4-3-4-5 navlifludulie ROC Hanmaztfadnyuu

o A aAgua g vow v o o
daia NN LE LAY INALAEINTL
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unil 5 agunan1sidenazenusny

msfnwaditidumsaslueaedornsuug ewansdadoduvmuastadonis
Alsavmuuaslsanudilafings Fadulsafinuannlundulsaiilifadeiess fidels
vhnnsadrslieainiedisuvuiuddieiinsdunwalfuidernguaisaaiousivun
Tnssadsveslinmavedlsaiummuiisznoudedudsitiau 8 fuls Tasaisedunaves
Iﬁﬂmmﬁu‘laﬁmgqﬁﬂszﬂaué’a&J&hLLUsﬁ'a?:u 10 fauds wazvinsivuaaiaudiazily
wazennazfunuuiifeulvveusazsuuslnge dedeyanisdrsaguamuszansulne
Trenisnasnenie asedl 4 dewinsdienednuuumisionddeiiaue diotagussasd

YBIUINYN 2 USENS AB

a L4 (Y = = Y ldy = Ao w ' a ra I Ao w
1. ’JLﬂi']%ﬂ“(l‘j"\]"\]ﬁlLaEJﬁﬂi?JGI'J‘U\‘i“Uﬂ’NiJLﬂEJQ‘VIE‘V]?‘1@@aﬂ’]iLﬂ@IiﬂiM@ﬁﬁ@Wﬂ?ﬂNy%aﬂﬂu
Ingandeyanisdrsrravamiszurrulnglagnisnsiasianieainlunaiaieyig

WuuLug (Bayesian Network Model) Ing35dnanautladeiies uazdnnguaiuiaes

2. wensaimainlsalifndendAgyuesrulneaindeyanmsdrsisguamysssnvulng

1R8N TIATNABINTULAALATEUIBLUULUE (Bayesian Network Model)

a & ! Yo o ¥ A &/u IS
HAIINNITIATIERAINAENTaasUlafeiiten 5.1 ueanainddal nsasunans
AATMVENaNNITUELDRILUULATEYIBLULLUElUN AT IERNTialsalifndeluiite

5.2 hazdamauskusluiige 5.3

5.1  HNAaINNI5IATIZNA8LUAALATDUIERUULUE
5.1.1 AsendifuAnuLEes

nMsdndsuanuEs e Ll sTidmwarensinlsaruud S ueAsed eneu
Manudt “exlsifudladendniidmarensidulsaumiu/anudulaiings?”  Tasnns
Wasuigumuanen Normalised Likelihood way wWesiudiifistuvsusaziuls dmsu
Isawnny wundadeauuseiinisilulsaumnuuesaseunsiatense (Family History

DM) 1Wupnuidssluddui 1 sesaanaenisilulsaeiu (Obesity) Uadeidesdusu 3 loun
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Hadud1ueny (Age) lungueny 35-59 U Uadeidssdusiu 4 Tountadedunsndoulmnis
Mg (Physical Activity) lusgduurunans Jadedesdusu 5 Mdunanugyideny (Socio-
Economic) lusedu Quintile 4 Yadoidusdusu 6 Waunnsuslaadnuasnalsl (Fruit and
Vegetable Consumption) luszdutios waztiadeidesdusiugarinefesuilegede (Area of

Residence) TuLummeauna

dmfulsannudulaiings nuirdladesuninglsadu (Obesity) Wuiladefitilu
anudssludnduil 1 sesasnde Yszianisifulsaanusiulaiingavesasounsiatenss
(Family History HT) Yadeidessusdiu 2 uaziladusnueny (Age) Tungueny 35-59 U 1y
Haduidessusv 3 dmsuddui 4 Wuduly Sseduanudsssilaenuintadeidesdusu 4
Taundadesunisuslaainuagzuald (Fruit and Vegetable Consumption) Tusgauuiunans
Faun Peduidessuiu 5 wisulwinianie (Physical Activity) Jadeidesdusu 6 launnns
uslnandouaslofonlusefuge Yoaduidosdusu 7 Aeladedufiegonde (Area  of
Residence) uaniummneiuta tadeidesduiu 8 anueniadsnu (Socio-Economic) lusesu

Quintile 4 Uadeidsaduduanvinemawme lunguinaneds (0.0718%)

(%
Y

4 3 Yadenanvesmsiialsauvinuiazanuduladings Aenquiadengunednu
wienafiadulasuwdasaduiuantes wuusyifnmsidulsawnmiuresnseunsiananss
(Family History DM) tJuanudealugisui 1 Tulamalsaiunminu wazdadesuniglsa

#u (Obesity) WWuladenfiluarnudedudidivi 1 Tuluealsaanudulaings

5.1.2  N153ANguANMLEeS

n1sdnnguaddgwielvgnwunuuleuisaunsafvuawuiniauleuiglunig
JannsiuanudssveInisiialsauvulieguninzan duRensinszviiiemAiney
Y830 1uid “Yadeadnudsanisiialsaiuiminu/anuiilaingavesaulngaisdanis

a814ls”

NNMFAEsTIEnTUsEumLEss (Risk Matrix) Taoutanguanivnaiudes
¥93M5iAalsA91n 2 eeAUsEREUWdnlAuA mutnazduvesnsiinAnuidsavosuday
ammmaAalsadeauanduiifndulullagdu (Current Probability) Tnevialy wae
nansgnuitluzunes % vesamhanduiifistureusastafodeadionsuindugiae
WMINW/ANNGUlalings (% Increase) feaosdaforfumimuauny X waz Y lasns

MMvuAYARALBLUIAEUaZA7 50% FeUsenaunig nau High Probability & High Impact
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ﬂEjaJ Low Probability & High Impact ﬂﬁjll High Probability & Low Impact ﬂ&jm Low
Probability & Low Impact laewuinlaifiladelaeglungu High Probability & High Impact

dwlunguiwiedinalasiail

ngufl 1 Low Probability & High Impact Tungslsatumnuldun Yadeidulseia
madulsaiumauvensaunsiatense (Family History DM) wazdadesunisidulsadiu
(Obesity) dwulananisniinlsanrudulafings Lifluaalaeglunguil msamsanai
Hoslsinduyananguilvilélaens Transfer anuides wu uusil¥dnsiussiugunind

ﬁ’]ﬁﬂiﬂﬂﬁ@llﬂ@ﬂﬂ’ﬁ%’ﬂ‘wﬂiﬂLU’]‘WJ’]‘LJ

Ngufl 2 High Probability & Low Impact Tungailsaiummuuszneusne 2 dade
o nguuszansiifiony (Age) luta 35-59 T (hisrunguraeens) wuindulungudszanns
dulng (desandnulneidrgusznnugaony) waztadodunisuslandnuasnaliily
Yunautles dwsunqulsannudulaings Usenausie 4 Jade launtadudiueny (Age) &
lunqueny 35-59 U Yageiumsuilnaindeuazlaifey (Salt Consumption) Tusesuas
Jadudnuilageds (Area Of Residence) usnwnineuia uazgavinedeiadufuima (Sex)
Tungumanda Asn1sdnnisanudeaastdoniinig Reduction/Mitigation Lau n15dnns
sussdliianmse v sidulasiannzlunguinands endosglulnmauia Afeony 35-59 U
vwioliinsnsdansesnisiialsnausuladings n1sdnnisainudsazidonisnis

Reduction/Mitigation tu mMsativayulinulneusinainuasnaliiunniu

ngufl 3 Low Probability & Low Impact Tungslsaiuiymiu Usznouse 3 fuus
e nguUsznnsiiende (Area of Residence) agluiilos wiolanurmansugiauadsny
(Socio-Economic) lusesu 4 wiefifanssumanie (Physical Activity) Tusesusn dmsu
Tunalsnnuduladings Ussnause 5 fuvs dail dadedunnislsndau (Obesity) Hade
aulseiinmsdulsannudulaingeuetnsaunsiaienss (Family History HT) Uadesiunis
uslnadnuazwald (Fruit And Vegetable Consumption) Tusgauuiunasiiaunn Jadeanu
wasulnmnane (Physical Activity) Jadesuaaiuzniedany (Socio-Economic) Tuszsu
Quintile 4 M3dansaIadBIazIdenisnis Retain/Absorption Taegilgrunasindulaoalsl

poslpudAgyiulademant

ngufl 4 High Probability & Low Impact wuin laifisuusfignaanasilunguilvs

lunalsalumulazausulaing
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5.1.3  n1sweInsalnnades

AINNITNYINTAINITHAALSALUININULABARITUIIINAT AUC WU Luwaadl
ANEINSAtUNTYIUNENaBENgNAanTY 76.70 uay 77.60 FIAIWINAIN Training  waz
Testing Dataset mwadu 9nn1snennsainisiiinlsaauduladingenudn dandu 77.19

wag 73.71 FIAUININ Training ez Testing dataset MIUAIAU

Tun1sissuiisuauaunsaveslunalagisiATeungLuuLUY 91aRA1TUIINAT
A9 lavangen 1wu AugnAededluea (Accuracy) A1Aula (Sensitivity) /A3usedn
(Recall) AmIusmy (Precision) Fuluanfianunsaduialdainaeuiindu wuvvsn ud
wudrenanee dnlidululuiianmadiontu vionanlddualieaszaduiulieifngnlsl
miloufu TnewuinAreugndesasluiaa (Accuracy) azldidlofinnsanudrneléieulyin
AruRianaIniiAnTus Fault Negative ua Fault Positive fifunuiilndifsaiu uazaylden
Azuuy F1 - Gudueidithen Precision and  Recall idiwind@senananléindueia
Usglovtininmslden amnugniosvestuna (Accuracy) Tnstamnzeesdailanuiinnaindi
[AnTuiie Fault Negative waz Fault Positive ﬁé’unuﬁumﬂﬁmﬁu Fausatnmuinezlden

Aztuu F1 Wuinasilunisdnguy

| < i v N a ' 1o vy ..
aglsinumAziuY F1 anunsamibansaliianunsamAiaiuuwdugile (Precision)
Iowiiugmanefadunafsfesd N snIuNNgy NauInase (True Positives: TP) 4310115
THunan3atnauuuiugazlinanisduunngunauina3s (True Positives: TP) Mlaiilu 0 1fle

AnualusEAULNUgAMNEIEdU (Threshold level) AiB1nNa1 0.5

Tunsdififndnfuyuves Fault Negative wag Fault Positive IndlAssiu nsldluina
iwietnsuuuiuddmiulsauimiuaziiainugndesgagaiile lunsdidinuainasi
(Threshold) 1u 0.3-0.5 TnelvAAugnaesesluma (Accuracy) 1Wu 94.32% Fauen
Aoutnsgs ilefansansanisweinsaivestuinaiietisuuuiug dmiulsannudulaiings
wud  lunsdififvuninas (Threshold) Wy 0.4-0.5 Tnelvidianugndesvediuina

(Accuracy) tJu 81.04%

uAmALEeINduYLIeY Fault Negative uaz Fault Positive umnsitsfusn lana
iwsetnsuuuuddmiulsauvan ezl F1 geaalunsdiidvuainust (Threshold) Wy
0.1 ff1  Azuuu F1 e 0.2449 (InglviArmnugnsiesvadluag (Accuracy) {u 80.50%)
wuihnsldlumaiedetisuvuiudgdmiulsaumiuenaar bivengauiniiosindie azuu

F1 Aau97907 LaRNTUINANISNEINTAIVRIlaAaLAS B8 UULLE d1unsulsannusulain
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a3 wudAnzeul F1 gegawdloivuaszauinae (Threshold) 1Wu 0.2 fivinlide F1 10y

04412 (melirAnugnsesvesiuwa (Accuracy) Wu 65.65%)

5.2 wakanIslueamiadigwuuiudmanzaudmiunisinediuladedes
nsiialsnlinncasass

nsUszgndldlunainietisuvuiuglunsfnunluassiliitounnsineainnisldisouy

v
v a

Ingagudiail

1. ImLmaa’lmiﬂ%’lﬁamﬁmiwﬁlﬁwmagﬂLLUUI@&JLQWW@&JNE‘J'qmiwmmai way
n5Ifadelsa (Sebastiani et al,, 2007) LWUNISWEINTAAITLAALSA ILATIEIANN
mmmaamslﬁdﬁﬂmnmmqmmﬁwm6‘] W30USYUNUAINANTENUYBINITLAR
Tsadlormusaniunisalliauidsmanstadoiintundensu muildinausls

IN9AU

2. mseyuuefenguijiug (Bayes Theory) luiiugiulunisimunluealagld
1 < A =~ 1 <4 1 Y} a & A
AanuiazilunvuiiReuluiionianuuiasiusivaindwdsiiduanveiie
AAs1zAIufaztdadudinananunaziuagials wWelSsufieududs  Neural
Network Alda1115095U 18N8 UIUNTITRE19TALIU T9438n71 ‘Black-boxes

model’ (Wagholikar et al., 2012)

3. lwwalitedrindesniinisldisnismeadifinily wu nmsiesginisannes Ndes
fioulanisuanuwasmnudulnfivesdeya wie n1siiduysdaseinudld

U

ANMUENRUSTENINeI B (Multicollinearity) tHudu

a. lassadrslunaiadedrsuvuiudifulassadrsnvudifudu (Hierarchical
Structure) wanIANENRUSENWNEAUALATNAGNS Taunnd1a91nn1glEIs
Logistic Regression 913l (Nguefack-Tsague, 2011) 7itiniendauusdasyun
Aemeilngdnlimuusimunegludduientu dafudddausainsgindy

Miliavesamnnisaliinlsa (Root Cause) lapgtaiau
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5. lassassvedumaninauamesunsntudienazdily (Suvisaari et al, 2011)
setulimaansaldlunisdeasninguidudslfiRd s auuleuiesumsynaa

hlulAdnlalaag1sdirenie

YBNINUTINUINNNNNTANEIVDY Atoui LAZANUENUIULAALATDUIEWUULITAIUNTE
wensainsiialsaialanazvaenienaingiudeyalanni Neural Network wag Logistic

Regression

5.3 UaLdUdLUL

Y] o v

= ! e v X a & = [ a a [ !
IﬂJL@ﬁLﬂiEIGU']EJLLUULUEW]ETN“UUIU\T’]U’J gUu ma;wmmmiwmu’u,wmmﬂuﬂizmumq6]

fasaluil

1. nmamsiengivesmidfelssyihdmivaulnefiivssRasounsilsauimiu
warithilsadrumsteloumnuidsavantuludnunudy q Sulissualves
lEualATINsUsEAUgUAN (WunanUseiuguainaiuniilasinisuseiudnuuag
a¥afniseudissnisnaiiow) enafiansunleudiuiivdelifuynnadians
uanantursauiideanisnsquatufiavanuisofinnsandevss fugunmann

Usenuseriugunludondivd

2. ilesnnduuuiiadisduaniauls 7 s dmdulunainietisuuuiuguenisiin
15ALUIMITY kAL MLUS 10 /7 dusulunalA3 18l uulugueIn1siialsAnu
fulafings fafuenaiifuusuisiagndnesnainiuuui fegradu nsguyv
wazmsUslnalASosiuLeanesed Liasannwansenulnensavesiiulsianils
TALAUINLONETT (LLazmﬂmmLﬁuﬁuawzit,ﬁ?immzy) athalsAnulunaiianunse

USuusuasusulsslangsioios

3. wnmenmisidlanalunsinsgianudss ansatluussendldiulamaveann

UsenalunITAATIEVIAULEE

4. fwimansideiazldannisdisrsguamuiandlulsendlng deyananunse
rldnmisldludsemadu q lalagnistudunvuitassdiedeyaiiieidedain

Uszinedy q Tuglinaelens fueenidesls
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Applyving Bavesian Network for Noncommunicable Diseases Risk Analysis:
Implementing National Health Examination Survey in Thailand

E. Leeroj anaprapal. W, Al'rh.irawnugl_. W. :‘!.Ek]}lakﬂ:l’ﬂz and K. Sirikasemsuk”
'Department of Statistics, King Mongkut's Institute of Technology Ladkiabang (EMITL), Bangkok, Thailand
“Ramathibodi Hosprtal, Mahidal Unrversity, Bangkok, Thailand
"Department of Industnial Enpimeermg, Kmg Mongkut's Institute of Technology Ladkrabang (EMITL), Thailand
(kanogkan ekt ac th)

Absract — We propose nsing a Bavesiam network to
capture and wonderstand the dependency risk factors
affecting the prevalemce of chromic dizeases. By applyving a
Bavesian petwork model, we can  vismalize inter-
dependencies between risks and their effects om the
Nooncommunicable disease (NCD) prevalence.

By nsing a Bayesian network to model the prevalence of
diabetes, we can defime the fop three rizks as family history
of diabetes, obesity, and age Furthermore, the risk
classification results can help to determine the managing
strategy. For the Thai population, problem: arizing from
family history of diabetes and obesity can be met by
employing a tramsfer strategy. Age (especially ages of 35-59)
and the rizsk incurred by low intake of frodt: and vegetables
should wse a reduction or mitigation stratezy. Finally, those
at risk as a result of their area of residence (in urban areas)
and socio-ecomomic factors within the 4" quantile and low
level of physical activity should apply a retain strategy.

Eqword: — Bavesiam petwork, noncommumicable
diseases (NCDs), risk analysis

[ INTRODUCTION

Moncommunicable, or chrome, diseases (NCDs) are
diseases of long duration and generally slow progression.
The Would Health Orgamzation defines the fowr mam
types of NCDs as cardiovascular diseases (like heart
attacks and stroke), cancer, chromic respiatory dizeases
{much as chrome obstmeted pulmonary disease and
asthma) and diabetes. MCDk are mereasingly prevalent
and nowadays are the mam cause of death, reprezenting
63% of all annual deaths [1]. Abour 80% of all NCD
deaths occur in low- and middle-incomnre countries.

Thailand is one of the middle-income countries that 1=
fzeing the nsing rate of NCD:. Ischemic heart dizease
(IHD}, kypertension (HT), diabetas (DM), and stroke are
nsmg  rapidly  [2].  According to  the _dmmual
Epidemiological Surveillance Reporr 1011 [2]. the
diseases with the highest rate per 100,000 people m 2012
was hypertension (HT), wath 1,571 per 100,000, followed
by DM (105001 per 100.000), THD (438 per 100,000),
stroke and paveccysmal stroke (355 per 100,000); see Fig.
1.

Facing the burdens generated by the nse in NCDs has
become one of the mamn medical and public bealth 155ues.
In particular, the government 15 forced to focus on the
main 1izks in order to reduce the meidence of NCDks,
becanse pahents need long-term treatment and the

078-1-3306-0048-4/17'531.00 ©2017 [EEE
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expenditure on MNCD treatment keeps growmg The
Ministry of Public Health is one of the main organizations
to launch policies on reducing the ncidence of NCDk,
trying to promote the message that Prevention 15 better
than cure’ as prevention will help reduce the cost of
sereemng, care and treztment However, the meoidence
rates rise contmuousky.
1800
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Source: Armual Epidemiological Surveillance Report 2011 [2]
Fiz 1. Inpatiznt rase per 100,000 populations by major non-
conmumicable di

seazas, 2003-2012

The prevention of MCDs 15 made difficult by the
variety of causes of the diseases [1]. There ave three main
groups of nsk factors: behavioral (e.z. smoking, phy=ical
imactrvity, unhealthy diet, or aleohol dnnking), metabolic
(ez raized blood, lugh blood glucose levels, or obesity),
and individual charzcteristics (e.g. age, sex, economic
status). In addiion, interactions between factors can be a
catalyst for WCDs, such as of one 15 aware of being obeze
and vet does not exercise. The chances of someone m ths
srtuation becorng dizbetic ave greater than those who are
obese and exercising. Therefore, in order to understand
what are the major nsks and how thev imteract, a rizk
medel should be constucted to handle many nsk factors
and their inferactions.

We propese emploving a Bayvesian network (BN} to
capture causal and consequential factors of NCDs by
explaimng canse-effect relationships 1in a petweork model.
Furthermore, a BM ean also provide an analyas of the
importance of rsk factors in diapnosing the causes of
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MCDs and can then belp m the drawmmg up of finther
plans to cope with sizraficant nsk factars.

Implementing a3 B modsl for NCDs 1= not a new
approach. BN methodology has been used to diagnose or
predict the ocowrence of vanous diseases such as breast
cancer [4], anerma [3], cardiovascular diseasze [6], [7], and
Type 2 diabetes [B]. But 3 lumtation of the previens
literature 15 that it does pot include people with the
dizeasa who do not know that they have contracted 1it, or
have not vet entered hospatal It cannot, thevefore, be wsed
to mfer the prevalence of NCDk: throughout the
population. Furthermere, previous work does not melude
behavioral nisks or other mmportant charactenstics that
need fo be considered

Although some previous MNCD studies emploved
experimental studies with patents. thev focused on
specific therames. However, to show levels of NCD n=k
for the Thar population, data on the prevalence of the
dizeazes should not mst be collected from the zeneral
patient datzbaze of hospitals, 2 this excludes the
characteriztics of people who are ot NCD patients or
people whe do not know thewr symoptones. For this reasen,
data from the Thai National Health Examination Survey,
maintained by the Thar Public Health Swrvey Instiute for
Health Systems Fesearch. are selected for this study.

Data obtained from the Health Survey comsist of
bealth nisk factors. demographic charzctenstics, sk
behaviors, and 1esults firom  bealth  examunatons
laboratory tests such as blood and unne tests. These data
are from a large datzbase that can be used to deternune
the biomarker, behaaoral maker, and population mndicator
{charactenstic marker).

Data from the Health Survey have never been used to
model relationships between nsk factors assoclated wath
MCDs, as the data presented 1n the report are focused on
idenhfiing sngle nsk factors or identifine indrnidual
sk factors in a 2 or 3-way fequency clasmfication
scheme. as showmn m [9], [10].

In this article, we discuss how a BN meodel can show
the interachon betwesn mpertant nsk factors to analyze
the mam causes of NCDs in the context of Thailand We
orgamize the arficle mnto four sections. Section IT provades
an everview of the methodelogy used to construct the B
for MCD: nsk medel In Sechon III, we present a
selaction of the NCD= n=k analysis. We summanze our
conclusions and reflactions in Section TV,

II. METHODOLOGT

A Bayezian Netwerk Modeling Concept

Fig. 2 shows the kev concepts underpinming our
approach to model MCD nzk=. The dizgram represents the
canze-affect relations between nsk factors. The “effect”
corresponds to the NCD. The “cause” includes three maim
oot sources: metabelie sk factors, behavieral nsk
factors, and demographuic nizk factors.

Behavioral rizk

Metabolic risk
N

factors

4

NCD

Prevalence

Fig. 2 NCD nizk modelmg concept

B, Bayesian Network Theory and Example

/& adopt BN theorv because thiz can belp to
represent uncertain relatonships between rizk events; the
uncertamty regarding the ocowrrence of a nizk event can
be quartfied az a probability; and analv=is grounded m
the thecry of Bavesian methods can be conducted [11].

A BN can be constructed fo represent different
types of melationship; causal relationships will be the
focus of this studv. An amow hnks from 2 direct canze to
1t effect. For example, if Fapuly History (C,) and Obeaty
{C.) are causes of Dhabetes, the relation wathin a BN can
e reprezented az m Fig. 3.

Driabete: (E)
Fig 3. Simple Exangple of a Bayesian Network

Since the relation can represent uncertain effects,
a natwzl way of specifying the probabilistic relahions
among those three vanables can be quannfied by
probability and conditional probabality. Accordmg to the
example above some obess people who have zome of
therr family suffering from dizbetes themselve: have
diabetes, but some do not. Therefore, the uncertzin nature
of the causal relztion 15 shown by conditional probabulity,
for example as shown m Table 1.
TABLEI

PROBABILITY AMD CONDITIONAL PROBABILITY OF THE
VARIABLES I BAYESIAN WETWORE EXAMFLE

FiC) PiC,)
Mo 0535 Mo 0.75
Yer 033 Yes 023
C.=Nao C =Yes
FELC.C) C.=No Ci=Ye (C.=No C=Yes
Mo 02 03 02 [iN}
Tes 01 0.7 08 0.

C. Dyfevence in Bayesian Networks
BH theocrv 15 grounded i the conditional probability
distribution and conforms to Baves” rule [12], asm (1),
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FAR %

pel

PL4|B)

(L)

where

15 the prior distibution

15 the conditional probability
distmbution

15 the posterior probability
distbution

In the example above, if we assume that ) (Fanuly
History) and C: (Obesity) are the only two causes of E
{diabetes}, then:

TREC.CI*RG)*AL)
AE

AClD @

L. Normalized Likelihood

Momalised hkelthood (ML) 15 a sensitrvity analvsis
method [13]. Diagnostic reazoning from the top event (1)
to mdividual cause vanables (£) 13 mplemented by
caleulating marginzl postenor probabiliies of the
vanahble, £. The mtic of the adjusted probahuility of the
miven variable and cwrent probabulity 15 defined 1 the WL
equation to help prnontze sigmficant nsks [14]:
FigT)

B A
Ple)

3

where
Pe)

Fie|T)

1z the cwrent probability (without
obsering the top event),

15 the adjusted probability {given that 2
focus varizble has been obzarved.

E. Rizk Prioritization

This article uses the results of BN mferential analv=is
by nommalized hkelthood to compare each factor affecting
the disease. Bazed on the difference between the adusted
probability and the cuvent probability of indmadual
vanahles as expressing by ML, it can be used to pnontise
all rizk factors in the madel.

F Risk Clazsification
The clazafication of sk factors in general research 15
often displaved in the form of a nsk matme. A 1isk matix
can categorize risks, sinece a risk component consists of
the probability (Probability) and the mipact of each factor
(Fask) to classify the nsk factors. This can support
decision making when 1t comes to sslecting proper
approaches to manzge nsks. General nzsk mnigatng
actions have been clearly explamed m [15], especially in
terms of implementing different nsk mutizating strategies
in different sruations.
l. Risk aveidance 15 surtzble for nsks that can
happen frequently and. when thevy ocowr, can
2. Risk mamgfer ams to shift bad consequences to
others by purchasing mswance or cutsouwrcng.

W6

3. Rizk reduction/mitigation 1s surtzble for amy level
of risk that 15 not severe (huigh probability and
high 1mpact) by trading off between benefits and
costs.

Rizk retention 15 surtzble for nzks that are not
significant because they have both low hikelihood
and impact, compared with the cost of control.
The approach of using BN anzlvsis to categonse nisks

iz also presented by [14], representing impact by
percentage probability merease and probability by cwrent

4

probability of for imdnaduzl vamables, as
shown in Fig. 4
Impact (% of increase)
High Transfar Avoidance
Low i fon/
Ab=oiption Mitigation
Low High
Probability {Carrent probability)
Fig 4. Fisk Mamix

G Key Stages of Bayesian Netwerk Modeling

Crur process to build a BY for WCDs, sunmanzed in
Tzble II. 1z infoomed by adjustments from general
approaches for BN modeling [14]. [16], [17]. There are
seven stages in the process..

Stage 1- Identify scope af the modal by iterview — In
the case study, a2 professor m preventrve medicine who
was 2 member in 2 health survey team was mterviewed.
We defined the scope as Type 2 diabetes for the Tha
population of 15 vears old and above.

Stage I- Strucrure the provisional BN rizk model —
Two professers mn fammily medicine participated m ths
research: they were interviewed and the results used to
stucture the BN model.

Stage 3 Rgfine the BN NCD risk souctwre — A
workshop with zll experts was held which allowed a
review of the BN structure and the defimtion of model
vanzbles.

Stage 4 Quantific the BN risk model from the Health
Survey data — Data in mput format were extracted from
the Thair Mational Health Exammation Swvey.

Stage 5 Inpur probability into the model and verify
the modal — Manually mput data into the model
stuctured in Galle [18], and recheck mput datz to venfy
the maodel.

Stage & Use BN to suppors NCD risk analysiz — Use
GeMle to perform diagnestic propagation to caleulate the
adjusted probability and then caleulate ML

Stage 7= Validate the BN modsl behavior — Face
validity was defined m the group meeting with the
experts. Scenario amalysis can be used to explore
meamngful cases defined by experts to mvestigate the
behavior of the possible nsks.
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