[ Downloaded from jhbmi.ir on 2026-06-10 ]

S G 5 s Kl 5] Al
Ky Kl gl Ao S o
190 FI9FIY o ol o lact s 055

S0 Wlis ]

L5 slow (gt 3 08l (59 39 45U & 99 )15 wioplls 4 g0

r&‘_:ﬁ.g &SL: Lo yoosme 4*"‘51(.3& bl ¢ °°')4.S)i"’ &SM

WNV/YF e gy e RARVARR PR U]

4 9y 9 Sl bl lagilon iy 0 omble (650b (slapn oS ) edlizul Al ams )y ()5l cd iy b tdedde
9 0l (pje &b pb @ laglon a0 0B 0 GlaptsNl (S Cuenl oy pob adlas l Bua Ll ]
Lilge ggloaly slap s L gyl (i b b ye OYle (gubdtnd (yizzen

Jud ] gotin sloygige 5 uOT ool (slaolSyly Byl 5l JlS' (st sl iopllas (50 gy Sy pSb adlllas 1 gy,
Pl VoAV B YooV glaJlo Sloj o3l o eYlie 8L (<l Medline 3 Web of Science Science Direct Scopus
RO

b duolio o odles (e aSd bl Sloten adllas zg)5 g 3958 (slo)lne b dllie YV &5 0d b 008 Ar goaze p> 1z lS
Srte @S eje wipsS qls (e YV 51 Y0) o3 AV 3 &S <85 18 gyl (it sl 9290 slapi sl 4
29 B slon (ol 5 00l G eyl (S Sl We ol pbsl Giagg @S g )l0y55

50 g0 st sl g Glaastio Jai b dulio ) s )lon (Supbn loubey ke Il (e 00l (i 4D 35 S Aol
23 28] 1y g lon (i oo B5,5 )8 (IS5 Glosanad JUS )5 les (g, plois 4 Al o 45 Ll o

Ot e eslon it 03l e o)) 103l S

A0 S s s St Sy 551 aloes W low ot 55 0ol o 4K 3,18 Lnpllss 5950 L ylass S o aabl s (ilas ool K 18l sle
FAA-TYY PV

Ol 018 Ol (S pske o8t ¢ (K Syt 5 Sy e 0tSCails andhr MBIy ko055 sl ¢ (St gy Sl 5l (51575 )

Ol el 60l (S g she o8ils ¢ (K3 Gy gl 5 Ly 0dSTE5 (Dhr SAMBI Sy ke 03 8 ¢ Sy STy 581 (515875 (5 gomtils Y

Ol €5 60l (S b o8> ¢ K83y Gy 5y ke 0Kl ¢ STy Sy Dl 5 (5L 05,5 (o (S ILES A5 )1 oty 87X

(S Sl 5 e sl 8 T gl iy gk 0L S5 Ot 515Vl ) mnd s UL Ol 47 1 o ki 95

« Email: fateme.moghbeli@gmail.com MYAFF - ¥ 2 lod o loise


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

o) 9 03156,54

Bs)low (i 55 83w o Kl 5518

= 5

Jlisl Clasin | ddasgams) o (5w g bjsis

Yl gl 4 b aSul opl A8 o o2])8 1) (e
5l LSHQM L Lm).w.,o &S ol (g3ae dﬁfc)’l.ﬁ] 9

Sygo & S iy e JhE il cou | b e

S9y 2 Ml 28 4 paie & dlwgy Jlel @)y

ol ARy 3 (6)gld Cdyin b g o iyl b o S
o g oleyd jd udle (650L (glagi ol 5l eolal
0] 28bioe il 4 9y bais o

oD -

03lw oy e A LA Lw 1Y S

2 38 n eyl 1 (S ml wad gyl
i 1) oo g 4SS b @ bglen Gnopia
3 ootz dos oy yigono imosin sl b J kel
@ Sl oo g Mdlioe Coonl Pl odl (pfa LI w65l
AUl S8 bglen mme pasls Glp oS3
Oliwabsl 95 0 dnlae jaowis > W05 b Hlop &S blgs
swlgs oer @ 35 1) ohlew calo) sl ol 298 Jol>
ezl gladyie (Rl coge dlge (S p 1) dly
[£135,5 o slow sl

)b dlas T2 aS A o i el pbl slagoriue
@ bl (Guoba > odle (njm &b 38 Ggal
ol iz clacsilon smitn 2 ) g &Sl 8
& odlw (piw ad SeS L ) Ken 4 Petousis .losls
S wlasby glew claShy b4y ol Snuin
@ Comsd g Sl iyl (Sols & glow il ot
SV oo I lan motn 2 GBS el
[V] 8lise 415,95 5

ot o,ea o Finkelstein s cladlbs )
UL,..J 9 .ﬁlobw ool ool B 45\...» )’] p W‘“‘j d)Lo.n.j
OB 13 ol 4 Comd hgy cpl €8 9 Couo a5 MDD
JB 3y olys 4 gy ol Sl Olgie 9 il YL
JA] 5,5 oolasiwl (548 puouai 43 dlozel

dodde
jooles &S G Jsed BIST L (pje 4SS ag)l
o 30,5 oy S S WVEY Jlo S S
sol 329 4 o] Jgoib 4 dagi b o <8 VA o
ojp> > ko dlide dnd > )l s 5 (V Jge )
Gldiwd ol ool (e aSd Wb o2y H8 4 S
il odd dont Jate Jlais! Jio oS w5l o o0l Jlais!
Td & Aiwd i sbyaie las 4 e, lsle
oy yd 03l Cpiw Jde sl )05 dgmg byl o (Sl
oo LY Jgepb 5o o8 twl pdylSal (See ploj (5

p(x Ic)p(ci)
P X)) =" (")
p(x)

03 s S C Lo gl e (giloJae ) (5 S
25255 (2390 SaS L Jlo 039) 53 Sl Colum 03
PVl onds aidlyy sl Jlo 03 e slaess;oX]
s (SB31 9 (swditen psle 3 (e 4SS 1 3] slaamd
IYa ol a0 i bdSd (ol 0ad oolal

A g A5 S o 8 eolail 3)90 03 S Hob 4 Jleisl

Jaseas JYawl oVlasl g5y yu Joate s

porjSlo (Lol SIS 15 4o 4 (e sloaSed - Lgd oo
Jate glocs )y jl it g Nsdee b Jate <8

.I:Y A"] Jj)‘.) J){)K

aYlas! (ile glpy (81T Jao S ool o 4SS
O SRSl Bk jladle Hlaidyse (o yite ule
Cogo & Syp dwgy Jel mjg Gl wlr by

Gl SIS Jao 5o oo dimsio |y 50 s5b &
A8 o odlaiwl Bolal slapxie wle e lulgs

olawl Jloisl Jao byl oy el e el

(Joisl) (asuinl byl cod gl JYaiwl 4 9 Bgd 0
L[] S o S (Cualad pas

Caol ()3l Jao) S ion Jolds ool oy 4

ol VLl 5 b 51 (N JS8) e plales &S

Journal of Health and Biomedical Informatics 2017; 3(4): 319-327 ¥y


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

‘a)l{;; a)Lo.J} Qg b)gb 4“"&0 db‘.«m}

S 3 S § 9 Sl Soilo 59851 alomo

odd (b SBsilon dinej ) (gie adlae 5 (ou)p
Gub 5l oYl s adby el pie &S lawy
e sla)ygise 5 03y ool 5> (8l gemina
s Web of Science Science Direct .Scopus |3
Sy ojb 3 wdS by 4 Ve 8l (ol Medline
3929 S)kme (nlpli (8,5 pBl VAV B Y-V (ol Jlo
Ok g odd By Sloj ojk 3 (i8S 5 oVl
& OYlie 0Sa 5 olsie obne pogd OVlie Sl
adllas @ 3959 ke cmaslaz SVl JolS e 3525 Coles
loodlatwl b giwe (slaojly ST imeh cpl 0 dg

5l Sl le

il g hagye Slllhae 950 igh cpl Baa cnlpl
15T) ool (i 45ed S8 & Lo lony Sty ©Ylis
@ (pn)sdl Gile b dwlie > oo i p2yeSl
Sl ooy ol bl ©j9ps bl aidl plad ©jg
Lo il oS5 5 bl Cudlye e (2T
sly ol (i &b sblie Wy b ol adllas
) S o SVlis 4y szl b g 555 o7 Lo g lows e
Slon (o ly ool (pje &b 5l Alie Llyd

g 6yl 295 (At e p ol

0¥9)
@ ) cwl a8l pllas (gy500 Sldllas goi 5l Gimgh oyl

((“Naive Bayesian classifier”’[Mesh]) or (disease prediction)) or ((“Naive Bayes models”[Mesh] or
(disease prediction) or (predicting disease)- (“Naive Bayes algorithms” [Mesh])- ( “Naive Bayesian
network” [Mesh])- (“Naive Bayesian classifier” [Mesh])

ojb 5l B g JolS Ul e a8 SYlEe dgs o3l
O g el Gl g 0l g 25 0l e Sloj
85 8 o g i 350 5 (BL Alie YV olasd )
Iy &Yl bl Jolye g olaws cudyi ds ) Hloged 9V Jod>

295 92919 S)kee (eluly (Sloj ojl )3 b pe Claitiewe
Cond Sl Glon 5 CutsS Lo il s Gl
o3l gl py8 )3 b L 9 (STROBE) g !
zo slojlas A5 gandib o o coly 0 g
el 1y (hlow s i Ollllae a7 SVl g )le

ERYRI SO PR W 2 JEL AW UV R PRES

gl g wlwlp Yo dlaxs a3 L @3,
rd Scopus \
YA Science Direct Y
\Q Web of Science Y
v Medline ¥
Yo 3y o
gy oYle YO 5, E90x0 5
Yy £0 Wl JS

YA iy yo e Yo

Yy Journal of Health and Biomedical Informatics 2017; 3(4): 319-327


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

o) 9 03156,54

s lom (i 55 03w oy s 4Kl 5 )8

g

Cacd

SN

&SIty 8 b N
s Lt bl b sl

S Wi Jald e

PAY bt el iy

[T

ety AniUne YV Galed o

il Gy g

(3 0a TO) 521 )50

waee YA

.)Jwﬁuﬁ 90N X" :},5 Ol o] N, ,e,;lga B )13903

18 gt g L Bolod ) mam

i piysSl il B Moy do b S dae 4y yolae
bjlne cpl 09 S35 5 292 Wl 0y YL LK
bl Jl gy 5 (B Gilow & Gl 4 g L
o gBly 5o o)l iy ool oy 45 &S S
B o 290 e ©ygo 4y 9890 93l 1V

olosld

@L“d
5 Bslon (b 5 ool (e aSed il sl e
oyl oo O.;.l »Yy J?“\? 30 oYl 03.1 5l Jol> CULJ
SY Joo (b osds plul Gldllas clasuive (sl oud
) c.\a.m sslae L O S Slasuin oS J);L;o
(Accuracy) cows (ROC) S, jlages (AUC) jlages
opl 4y &S ol oad )55 (Sensitivity) cowles 4

o ool lallae gl 5 ladeaio ¥ Joua

=W Solow £9 S Olasubio  Bad 89,5 slaxi axlle [EI1Y)
adlw K3

S5 9 By maeai g NB 3,080l 51 03lizol b (539,58 3y (6 low (i 4y by AUC:-/va YOFAS 5 Petousis \
B mrenl &) G B> g oo j3 NB 13,6501 ROC:-/va [V] o)y Ses

S5y 9 OBy maenas 9 NB (53,6801 51 ool b ol by (o)l s i Csly oy ol Accuracy:ay--/ay Ve [A] oo g youiled Y

B el &) G €8> g oo j3 NB 13,5301 ROC:./A--/14

5 couo 13 NB )05l (65, s SVM g NB 20,65 5l oolizl b sl (i i ol Sensitivity:-/A 20 5 Finkelstein ¥
SVM 2,63l & g B> [A]Jeong

Random , AdaBoost y NB 6! 5l ealizel b (l5 (gylews (i i ot ROC:./v -— ohKen 5 Xiong ¥
NB 55l &y s ADABOOSE 61 s (552 o FOTESE D]

P NB 2,63 550 s TAN g NB 12,630 51 o0lisl b aiw ol pos i i A o g Accuracy:-/A o3> degases VY [V ]Wang o

TAN 2,63 4 Cons s g cono SEER
(vysaary)

4 g KNN WINB (gl oS 31 03l b ailte o pos 51 sy pro 9 S po i i Slto ylbyus I dny yo0gS po Accuracy:-/A Y oy 9 Wang i
01 55 (glapty 98| 4y s 285 g oo 13 NB 5,680 (g5 kil g (s (Y]

0955 9 NB (sla by, 5l ealital b (g300 4000 ) ey o 5 Spo gty S5e dpd il S eag Sy AUC:- /v VA0 5 Stylianou Y
G €83 g cos 3 NB 3y, 65, 9 FOrest Random 3 SVM Sz Sensitivity:-/av W] o))

2953 slagy) &

G 9 oy e 9 NB o681 5 oolizl b 55 039 by (siar i S 039y ooy Accuracy:- /v or oK 4 Sinha A
B mrenal &) G B> g oo j3 NB 13,5501 [V¥]

NB )55 5555 5 5 35 maonas 9 NB o268 31 o0lisisl b pows 008 (i i oo 026 Accuracy:-/A- -— s Paulose a
OB el & G B g Como [\o]Kalirajan

Gy 9 St g9m,Sy 9 SVM 5 NB o263l 51 onlizl b ayy b poo s s &,y oy Sensitivity- FYA s Makond Ve
55 ke (slai oSl & s €85 g oo j3 NB 2,551 Specificity: V5] o)) e

9 (Zhe scono L) TAN g NB 12,6301 5 oslissl b (9,0 = o8 (s)low s i Bgys — B Accuracy:-/ay Yoy 5 Elsayad )
Sl oS &) s B3 g como 3 NB 13,050 (6550 9 (420 :como L) SVM [v] Fakhr

25

90,5y s TAN 5 NB g0,631 31 03l b (19,5 (s5low i e 0500 9 095 Accuracy:-/va oK 5 Dias W
253 oty o 4y Cnd €5 5 como 10 NB 02,80 550 5 Stucrd DAl

Sy 9 S 9m0,5y 9 SVM g NB 020,631 51 o3zl b 4y by sir i 4, ol Accuracy:- /Ay e o, s Wang W
550 (glant oSl &) s > 5 como j3 NB 13,551 Sensitivity:- /v ]

Journal of Health and Biomedical Informatics 2017; 3(4): 319-327 yYy


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

‘0)% D)waé 40 g a)gb c“ﬂﬂa Qb‘.«m}

S5 S j 9 oDl S lo il oo

(aols1) pund plowil Colallbae gus b 5 lhaswio 1Y Jgia

w295 iy 5 o i prenai s NB (335801 51 03lizol b psS'slS (6 )lows s st (ol ) pos'slS Accuracy:-/A YAYYA ohKen 5 Sacchi P
B 5 ol 4 e €8> g o 3 NB [v-]
$NB 22,65 65y 5 oy maonas g NB 5,051 51 oozl L HIV o HIV Accuracy:-/A yvara s Sangeda 0
OB 13 ool 4y Conad 8D g Cono V] o)
3 SVM 3 NB 12,5301 5l oolissl b GgmeiaS )l hlows 3 i€ olse (i i g )b Accuracy:-/ay ) s Morales \$
oot NB 52,681 65y Sensitivity:-/ay [YY] o)) e
s MLP 3 TAN SVM 5 NB 2,681 51 03zl b clig s b oo st i Sl oyl pus AUC:./sv \W--  egnier-Coudert s
25530 glopna s &y Cumd €83 5 Cono 3 NB o680l (55 5 S (5005 (] clisan 5
L) NN 22,65 65 s NN SVM NB 02,6301 51 03kl b olb s s i ooy Accuracy:-/A0 ) [Yf] o)) 4 NQ A
NB o8] &4y o (4121 1o
$rp 9 KNN SVM g NB )63 jl o3lizal L CAD (g)low (s i P95 G9ye S)low AUC:./ay aAY [¥o] o), e 5 LU a4
29530 (Slaais oSl &) s €83 5 oo > NB o650l
w55 S5 g Ny maenad 9 NB o)oR1 5l onlizl b ) g4 cobd (i i \gg by AUC:./AY 3 [v$] o %es s GAo Y-
OK»MQMMJ,W)JNB
w298 S5 9 8y s 9 NB 22,5801 3l oalisol b (A (6lows (0 i 5 AUC:. /2y Veeo  o)Sen 5 Paredes )
O 5 aondl s Cagus € 9 o > NB [¥v]
S5y 9 OBy prenas g NB sla sy, 51 ealial b ol (5Lid iy YU o5 )lzs Accuracy:- /vy YAY % 9 Ouyang Yy
OB 3 paendl & o €83 g Cono 3 NB 02,6301 [¥A]
31 oalizl b 28l floy 5 gMe B jluslie 4 Moo ollows )3 s 3,50 i i Operable Skeletal ROC:-/Aa A 5 Forsberg vy
4 Cud €83 g cono )3 NB 02,680 (65 9 (555 e 9 NB (o g, [¥4] ))an
B e
5 55 waoai § NB (gla 3, 5l o3lizad |, OtONeurological ()l i i otoneurological Accuracy:- /vy TAYY s Miettinen ¥
B 5 ool & i €83 g como )3 NB 02,6301 (65 [v+]Juhola
Sy 9CAD aai cy0 g NB 2,631 51 onlizl b ayy Jgwol (o i &y Jousl Accuracy:- /vy Y. oK 5 Serpen Yo
8 g cono  NB )53l [¥y]
w5255 Sy g Byt mrenas 9 NB (sla by 51 oalil b sls bl i i Sl il Y ol s o )Ken 5 Sakai \id
B 5 ol & i €8 g cmo 3 NB [¥v]
<5y 9NN 3 SVM KNN NB (gla g, jl odlizal L CAD o i Fo)S Ggye Accuracy:- /Ay Yarq oK 3 Chen Yy
55 e (sland oSl &) s 8> 5 oo j3 NB 43,631 Sensitivity &-/A [*v]
Specificity:

ke @l g Wlodgel (guatnd odl (pje 4 ogad
S8 )5 1,

Ol o (St iy 33 03w (g9 3 a3 3!
Olbyw 4 baye adlle o opl o Ve jl oy YA/F
@ M ohlen 95 9 b (pasll wphy Ml
Oy 9 elie ln mre il I olgen (ol s
&) el ( S5 Sloyaiil pole dde & 0950l il 0399
Oblew 5leads cud (S8 Sledbl 5l g 0S50y b b yidls -yl
AoieS slagyld bl sy )S siste (g0l D> U
oz 53 g e CaiS b loodls «5)l38le 5 g ()l lesu
9P S8 &g NS (e 03 Y053 Cjge 4 SV
2ol ) 5 Syg0 4 odld j padse oo cpl o] o oo
e sglSodls slagn sl gd e B3l 5550
@ by 395 9 Uy paddl (o ) &5 Wi i
s [Y8] Wlodhy lis 05 5l oy B <l g 4,y |
SpS el > O35 4 kS & dapi oSl ol 5l Jol

SR lon i 53 0l (i &S I esliiuwl

B
il 4 byye adles opl 0 &Yls I s> VY/Y
Jhedlil b bagglon paseds plon wls adbe (o8
o )5 pgdde ) ssias Lhee (glapi )Nl
de s bl il I (S s (951 (ogias
i ) sl (ol o g)lon oyel (Slid ) pogS e
b iz e 2 iy Ygons basslen £ )
Ol Sl 3 9 5yS (o0 )8 Jlaise JgpdS (lie o9
P2 AT 9800 e (8 lacsilon e ) jlon Snn
Sud) oedle x5k by, J e b gk
Sl Sl slashy il ol pasis @ (ol e
@ did ) jeegSye (ol Jalse Sl Sy (B slas)low
5 &Bse 4 paseds o Glop Gayie 5 Cusl (ol ogas
SYle (candiwd imgk cpl Ban [YO] conl ol (6 S
@ opdle 6k gty bl el & ol

yyy Journal of Health and Biomedical Informatics 2017; 3(4): 319-327


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

o) 9 03156,54

Bs)low (i 55 83w o Kl 5518

SIS ) 98 JB oo on b Lol wlyss s iomb
Sl S

o3l (i 45 390 Aede MolS’ ol 0 jlae Jlas
295 @ly e (oo oSl Sl s aggsloy (e )
33 CoMew cidlye 805 gl walyd 03 S5l a aaly i b
Ao C 50D (gow | Cunl baei oS 455 oyl 51 ool
o Gisel oS sge oty )sSUl 468 el b gl
il (b 51adl e 5% oolaiwl g g 0351 ol
2 By Loz sl ol 51 ooliwl &S 31y 390l o) &
9 28l LT (sgm 003 488 resi 3) b 4l
[YV] o)l oles i

oj9 3 (ng lacyglid d98 wid gl las 4 2 L
“Golew Smoin 0jg> 5 Cusl SAl oS J51 3 (S
o OS5 9 2)8 08 il 4 s lac Il jgin
o bslen Gaptn sln eyl 455 ol 5l o5
DS ek cpl Ban S e o3kl 395 prewa Aol
sblen Guote » eyl 85 ool i el
il e YU €85 5 Como gl b cilie

Oriet 45 3 oolital cadlbe cyl J) Jolo gl s 5
slp oo 350k o3l sl by, 5l (o Gl 4] ool
2ol by ol e e dlpiin K Olewesal Cors
b a5 by koSl 655 oyl eolizal tmggy o
Srop 1l ol ors (5)l55 YU B> 5 Cono
2Ol g owile 653k slap o)l 4 drgs oS o
255 390 OS5 Ologea | Colos cug ) (S 059>
allas 3)00 o] ool ele (slasingly 50 9 3,5 )3
25 )3

uﬁ‘b).\é 9 ’-SMAJ&“
L gt st (sl £k 5 (50 530 oy
S i pode o Cules b oS Cunl YYYVE )b o)les

Coles 1 Sl Colpe oy pdy Gl ol plosl ]l
Al Jos 4 sgine 5 Jbo

References

1. Langarizadeh M, Moghbeli F. Applying Naive
Bayesian Networks to Disease Prediction: a Systematic
Review. Acta Inform Med 2016; 24(5): 364—-69.

2. Tahmasebian S, Ghazisaeedi M, Langarizadeh M,
Mokhtaran M, Mahdavi-Mazdeh M, Javadian P.

SlagSll 5l By pad Gl el oSl a8 o S8 i
byl & ol g uld & b0 alil 5 ki
Lol 0395 d9]a.«w

S 5 4o g SOy

el (Sbp closs @l (( Sdj 0jox 4 (5)5l8 399 L
o)l pSle gl )3 &5 Hobilen ed e pll (g iin
Solew (ol Wile olag)lon it loojos ) b
ras o 5 sl il el (Boye — B o
ol 0045 o3lasiol yudle (6 pS0b slapi oSl )

Naive Bayesian ) ssls ;0 a5s <Vlie Lo p3 AY
Kl o 4 cuns oy 2T sl (network
(SVM) iy oy il (KNN) loan oy 55005
ANN) rae S5 (TAN) Gagsl e olo oo
sl (RF) dolas JSis 9 (MLP) oae oS

eh ololis G b ags adlhs > oK 4 Elsayad
e lew Gmoie » oslle x5l Sl )sSl
aokn 2wl e |y edle (pje 4SS (Bgpe
2 iyl pl CBd g Cono duslie b g ilatuily (g)lew
modpmy 4 cpl 4 SVM g TAN (glags oSl | dslio
V] 5l

b bl e 4095 addlhas ) 30 oK 5 Sakai
maiSy Bjeste ()39 Jdtws byd b odle o jar 4Sud SS
GBS 5l Lol (e 4l dwlie b cales 3 g W
b coms g cdd 3 ) ole e aSs YL LS
a1y ool pie &S 3l eolatwl dlie cpl [YY] Wledges
oo OS5 el Sledy (Sliwl) )3 (ot lgis
Gl 03905

slapysll (39 e (3 ol sl K> 9w
St > odke i $ad pogas & opile 63k
Gludiwd pdl Jlo o3 o 1) &Ylis plad ¥ Jods a4 )lows
Joda YA 9 ¥ cady j0 ol il55 dy50 93 53wl 03405
@b S pi)ssl ple Jlie )5 odlo (pjn wi)sXl &S

Applying data mining techniques to determine
important parameters in chronic kidney disease and the
relations of these parameters to each other. J Renal Inj
Prev 2017; 6(2): 83-7.

3. Langarizadehn M, Khajehpour E, Salari R,
Khajehpour H. Assessment of differential diagnosis of

Journal of Health and Biomedical Informatics 2017; 3(4): 319-327 Yy¥


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

‘a)l{;; a)Loa.:} Qg b)gb 4“"*0 db‘.«m}

S 3 Comnd § 9 CeoVlaw Silo y9di] dloxs

bacterial meningitis from other types of meningitis
using fuzzy logic and neural networks. Payavard
Salamat 2017;10(5):453-60. Persian

4. Martimez AM, Webb GI, Chen S, Zaidi NA. Scalable
learning of Bayesian network classifiers. Journal of
Machine Learning Research. 2016;17(44):1-35.

5. Mack DL, Biswas G, Koutsoukos XD,
Mylaraswamy D. Learning bayesian network structures
to augment aircraft diagnostic reference models. IEEE
Transactions on Automation Science and Engineering
2017;14(1):358-609.

6. Maghsoudi B, Langarizadeh M, Nilforushan N.
Decision support system for age-related macular
degeneration. Iranian Journal of Medical Physics 2017.
[In Press].

7. Petousis P, Han SX, Aberle D, Bui AA. Prediction
of lung cancer incidence on the low-dose computed
tomography arm of the National Lung Screening Trial:
A dynamic Bayesian network. Artif Intell Med
2016;72:42-55.

8. Finkelstein J, Jeong IC. Machine learning
approaches to personalize early prediction of asthma
exacerbations. Ann N Y Acad Sci 2017;1387(1):153-
65.

9. Loghmanpour NA, Kormos RL, Kanwar MK,
Teuteberg JJ, Murali S, Antaki JF. A Bayesian Model
to Predict Right Ventricular Failure Following
Left Ventricular Assist Device Therapy. JACC: Heart
Failure 2016;4(9):711-21.

10. Xiong G, Kola D, Heo R, Elmore K, Cho I, Min
JK. Myocardial perfusion analysis in cardiac computed
tomography angiographic images at rest. Med Image
Anal 2015;24(1):77-89.

11. Wang LM. Mining causal relationships among
clinical variables for cancer diagnosis based on
Bayesian analysis. BioData Min 2015;8:13.

12. Wang G, Lam KM, Deng Z, Choi KS. Prediction of
mortality after radical cystectomy for bladder cancer by
machine learning techniques. Comput Biol Med
2015;63:124-32.

13. Stylianou N, Akbarov A, Kontopantelis E, Buchan
I, Dunn KW. Mortality risk prediction in burn injury:
Comparison of logistic regression with machine
learning approaches. Burns 2015;41(5):925-34.

14. Sinha S. Reproducibility of parameter learning with
missing observations in naive Wnt Bayesian network
trained on colorectal cancer samples and doxycycline-
treated cell lines. Mol Biosyst 2015;11(7):1802-19.

15. Paulose R, Kalirajan J. Machine learning classifier
algorithms to predict endocrine toxicity of chemicals.
International ~ Journal  of  Toxicological and
Pharmacological Research 2015;7(6):303-8.

16. Makond B, Wang KJ, Wang KM. Probabilistic
modeling of short survivability in patients with brain
metastasis from lung cancer. Comput Methods
Programs Biomed 2015;119(3):142-62.

17. Elsayad A, Fakhr M. Diagnosis of cardiovascular
diseases with bayesian classifiers. Journal of Computer
Science 2015;11(2):274-82.

18. Dias CC, Magro F, Rodrigues PP. Preliminary
study for a bayesian network prognostic model for

Crohn's Disease. Computer-Based Medical Systems
(CBMS), 2015 IEEE 28th International Symposium on;
2015. Jun 22-25; Sao Carlos, Brazil: IEEE; 2015.

19. Wang KJ, Makond B, Wang KM. Modeling and
predicting the occurrence of brain metastasis from lung
cancer by Bayesian network: a case study of Taiwan.
Comput Biol Med 2014;47:147-60.

20. Sacchi L, Tucker A, Counsell S, Garway-Heath D,
Swift S. Improving predictive models of glaucoma
severity by incorporating quality indicators. Artificial
Intelligence in Medicine 2014;60(2):103-12.

21. Sangeda RZ, Theys K, Beheydt G, Rhee SY,
Deforche K, Vercauteren J, et al. HIV-1 fitness
landscape models for indinavir treatment pressure
using observed evolution in longitudinal sequence data
are predictive for treatment failure. Infect Genet Evol
2013;19:349-60.

22. Morales DA, Vives-Gilabert Y, Gomez-Anson B,
Bengoetxea E, Larrafiaga P, Bielza C, et al. Predicting
dementia development in Parkinson's disease using
Bayesian network classifiers.  Psychiatry Res
2013;213(2):92-8.

23. egnier-Coudert O, McCall J, Lothian R, Lam T,
McClinton S, N'dow J. Machine learning for improved
pathological staging of prostate cancer: a performance
comparison on a range of classifiers. Artif Intell Med
2012;55(1):25-35.

24. Ng T, Chew L, Yap CW. A clinical decision
support tool to predict survival in cancer patients
beyond 120 days after palliative chemotherapy. J
Palliat Med 2012;15(8):863-9.

25. Lu P, Chen JX, Zhao HH, Gao YB, Luo LT, Zuo
XH, et al. In Silico Syndrome Prediction for Coronary
Artery Disease in Traditional Chinese Medicine.
Evidence-Based Complementary and Alternative
Medicine 2012:1-11.

26. Gao S, Jia S, Hessner MJ, Wang X. Predicting
disease-related subnetworks for type 1 diabetes using a
new network activity score. OMICS: a Journal of
Integrative Biology. 2012;16(10):566-78.

27. Paredes S, Rocha T, de Carvalho P, Henriques J,
Harris M, Morais J. Long term cardiovascular risk
models' combination. Comput Methods Programs
Biomed 2011;101(3):231-42.

28. Ouyang WW, Lin XZ, Ren Y, Luo Y, Liu YT,
Yuan JM, et al. TCM syndromes diagnostic model of
hypertension: Study based on Tree Augmented Naive
Bayes. Bioinformatics and Biomedicine Workshops
(BIBMW), 2011 IEEE International Conference on;
2011 Nov 12-15; Atlanta, GA, USA: IEEE; 2011.

29. Forsberg JA, Eberhardt J, Boland PJ, Wedin R,
Healey JH. Estimating survival in patients with
operable skeletal metastases: an application of a
bayesian belief network. PL0oS One 2011;6(5):e19956.
30. Miettinen K, Juhola M. Classification of
otoneurological cases according to Bayesian
probabilistic models. J Med Syst 2010;34(2):119-30.
31. Serpen G, Tekkedil DK, Orra M. A knowledge-
based artificial neural network classifier for pulmonary
embolism diagnosis. Comput Biol Med
2008;38(2):204-20.

¥Yo Journal of Health and Biomedical Informatics 2017; 3(4): 319-327


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

o) 9 03156,54

Bs)low (i 55 83w o Kl 5518

32. Sakai S, Kobayashi K, Nakamura J, Toyabe S,
Akazawa K. Accuracy in the diagnostic prediction of
acute appendicitis based on the Bayesian network
model. Methods Inf Med 2007;46(6):723-6.

33. Chen Q, Li G, Leong TY, Heng CK. Predicting
coronary artery disease with medical profile and gene
polymorphisms data. Stud Health Technol Inform
2007;129(Pt 2):1219-24.

34. Hoogeveen RC, Gaubatz JW, Sun W, Dodge RC,
Crosby JR, Jiang J, et al. Small dense low-density
lipoprotein-cholesterol concentrations predict risk for
coronary heart disease: the Atherosclerosis Risk In
Communities (ARIC) study. Arterioscler Thromb Vasc
Biol 2014;34(5):1069-77.

35. Khalili D, Sheikholeslami FH, Bakhtiyari M, Azizi
F, Momenan AA, Hadaegh F. The incidence of
coronary heart disease and the population attributable
fraction of its risk factors in Tehran: a 10-year
population-based  cohort  study. PLoS  One
2014;9(8):105804.

36. Zolbanin HM, Delen D, Hassan Zadeh A.
Predicting overall survivability in comorbidity of
cancers: a data mining approach. Decision Support
Systems 2015;74:150-61.

37. Kazmierska J, Malicki J. Application of the Naive
Bayesian Classifier to optimize treatment decisions.
Radiother Oncol 2008;86(2):211-6.

Journal of Health and Biomedical Informatics 2017; 3(4): 319-327 Yys


https://jhbmi.ir/article-1-173-fa.html

[ Downloaded from jhbmi.ir on 2026-06-10 ]

Journal of Health and Biomedical Informatics
Review Article Medical Informatics Research Center
2017; 3(4): 327-319

Using Naive Bayesian Network in Predicting Diseases: A Systematic Review

Langarizadeh Mostafa', Moghbeli Fatemeh?*, Alibeik Mohammad Reza®

* Received: 31 Dec, 2016 * Accepted: 14 Feb, 2016

Introduction: Due to the improvement of technology during the last decade, using machine
learning algorithms for predicting diseases has found great importance. The goal of this
research was to investigate the importance of Naive Bayesian network as the most applied
algorithm in predicting diseases and classifying relevant articles related to disease prediction
with data mining algorithms.

Methods: This was a systematic review study. A comprehensive search was performed from
2007 to 2017 in online databases and search engines including Scopus, Science Direct, web
of science and MEDLINE.

Results: From a total of 90 identified abstracts through the research, 27 ones were

compatible with inclusion and exclusion criteria. Naive Bayesian network was compared
with other algorithms and in 92% of articles (25 articles out of 27), it had better accuracy in
disease prediction. Results of this research showed effectiveness of Naive Bayesian
algorithm in disease prediction.

Conclusion: Naive Bayesian network is one of the best algorithms for disease prediction in
comparison with experts’ decision and other algorithms. This algorithm can be used beside
physicians’ decision to improve the accuracy of disease prediction.
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