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Abstract

Liver diseases are among the leading causes of mortality worldwide, deeply influencing individuals'
lives, often at younger ages when they are in the prime of their personal and professional lives. The
insidious nature of these diseases lies in their early initial symptoms, which frequently goes unnoticed
until the condition has progressed to an advanced stage. This delay in diagnosis not only diminishes the
chances of successful treatment but also places an immense emotional and financial burden on patients
as well as families. Early detection is therefore critical, as it can significantly alter the course of the
disease, improving survival rates and quality of life. However, traditional diagnostic methods often fall
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short in terms of speed, accuracy, and accessibility, particularly in resource-limited settings. This
underscores the urgent need for innovative approaches to liver disease detection and its management.
Machine learning (ML) has been emerged as a powerful tool in this regard, offering the potential to
revolutionize how we diagnose and predict liver diseases. By leveraging vast datasets—ranging from
clinical records and laboratory results to imaging data—ML algorithms can uncover complex patterns
and correlations that may elude human experts. These insights can lead to earlier and more accurate
diagnoses, enabling timely interventions that can save lives. Among the various ML approaches, stacked
machine learning (SML) models stand out for their ability to combine the strengths of multiple
algorithms, mitigating the limitations of individual models and enhancing overall performance. This
research focuses on developing and evaluating an SML model specifically designed for the accurate
diagnosis, classification, and prediction of liver diseases, with the goal of addressing some of the most
pressing challenges in this field.

The proposed SML model employs a sophisticated two-layer architecture to tackle common issues such
as overfitting and improving prediction accuracy. In the first layer, the model integrates four robust
base learner algorithms: Extremely Randomized Trees (ET), Decision Tree (DT), Random Forest (RF),
and Extreme Gradient Boosting (XGB). Each of these algorithms contributes unique strengths, such as
handling high-dimensional data, capturing non-linear relationships, and reducing variance. The
predictions generated by these base learners are then fed into the second layer, where a Logistic
Regression (LR) algorithm synthesizes the outputs to produce the final prediction. This layered
approach ensures that the model benefits from the collective intelligence of multiple algorithms,
resulting in more reliable and precise outcomes. To further optimize performance, the Grid Search (GS)
algorithm was employed to fine-tune the parameters of the learning algorithms, ensuring that the model
operates at its full potential. This study employs dataset from the University of California, Irvine (UCI)
Machine Learning Repository. A sample size of 615 instances has been utilized to implement the
proposed methodologies, with a stratified division of 70% for training and 30% allocated for testing
purposes. The results of this research seems to be highly promising. Evaluation based on 5-fold cross-
validation demonstrates that the proposed SML model outperforms existing methods, achieving an
impressive 0.9940 accuracy and a 0.9880 F1-score on the test data. These metrics not only highlight the
model's exceptional predictive capabilities but also underscore its potential to serve as a valuable tool for
clinicians in real-world settings. By providing accurate and timely diagnoses, the SML model can help
reduce the mortality and morbidity associated with liver diseases, offering hope to patients and their
families.

Beyond the technical achievements, the human impact of this research cannot be overstated. For
patients, the SML model represents a lifeline—a chance to detect liver diseases early, when treatment
seems most effective, and to avoid the devastating consequences of late-stage diagnoses. For healthcare
providers, it offers a reliable and efficient diagnostic tool that can enhance decision-making and improve
patient outcomes. Also, for society as a whole, it signifies a step forward in the fight against a disease
that disproportionately affects vulnerable populations, including those in underserved regions where
access to advanced medical care is limited. In essence, this research is not just about developing a
sophisticated algorithm; it is also about harnessing the power of machine learning to make a tangible
difference in people's lives. By bridging the gap between cutting-edge technology and human care, the
proposed SML model embodies the potential of computer science to address some of the most critical
health challenges of our time. It is a testament to the transformative power of innovation, compassion,
and collaboration in the pursuit of better health for all.

Keywords: Liver diseases, Early Diagnosis, Machine Learning, Cumulative Machine Learning Model,
Cross-Validation.
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(Table-1): Reported performance of machine learning methods for predicting liver diseases
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Table-2): Characteristics of the data set being evaluated

PROT | GGT | CREA | CHOL | CHE BIL AST

ALT ALP

ALB [UPSUWOT 4 O 0oy )L:&o

71 F 710 10 7ol 10 10 10

1Y bay #1¥ 10 N | #VO Slaws

YY.of | YAy | AV byy AR VY. | YEVA | YAXD | PAYA | FAEY -¥a \A AR - eSiles
8l
AR Off7 | favP VY AAR VALY | YY..q | YOXY | YPeY | OYA - fa Voo -
Slre
fF.A .0 A V. FY \.FY A Vo8 -q VLY V'FA . \4 \ deS
q- £O-2 | VevaAD .8Y \TAR Yof YYE | YYOX | FVF2 | AYY \ \a% I A

Soldacgorme (gl 1) smuple (SuSTy Jloges (V) U
Seaborn &Ll 3l solaiul b a5 s oo lis Sy )90
& juiio (yus ‘;Mww.m Soged plculoads ol gl o
&35 eskal yhd slaal s s o lid 1) eolsacgaze o
wedee ol pl Fgiens Djgo ) i o polie
L b pite bz (SaSTy jloges ol jhad 55 slaaslys
S Sl (ot (g0 55 3 () 508 b ams e LS
syl aes o las |y b st s LS (S
S G g (St il (ol Sl (L
Iy (S Sz 9 Dol LSS e oo lid | b e
Ry &S REXIS ol e yle X ol
Mo L AST 5 Category jeaie 99 (s 5o Cae (Saned
30 O e Sisod (s o lie 4 el + £O

Cowl =+.¥YQ jlaae L Category § ALB xie

o318y e Y -Y
5 Sl polie cwyp @ bl Ghiloy iy A>pe o
)Q 4\5 4\.:; QLQ.Q ‘w‘o..\.u 4.._‘>‘\)).' ng;fﬁ )Lu.n ;_BIJJU‘
A KuSs b ol ol gl so cdalin (V) Jgoo
Ganobde Joile 5l alte cpl > (gl i)l (g0l

ket il sl byl ilhadlgsiel (ST

Sayeds Tl GdsS T,
A ontgn o '3l ralislS LS

aSlanl wailoads e ol dib zu 4 bools

g i MNewile NS e sanSTaal &g

JB s olas o eolanwl oy5e Boloacgezme T g

| ‘5,.»)3.'.»0
https://archive.ics.uci.edu/dataset/571/hcv+data
Slis 1) ooldacgorme sldasls (o osls g8 (V) Jouo

& oS

5 Wb e oddlin Jgux 0 a5 48 len s
§ o il dids 2 0 ladiges olawy Lol soloacgoxe
2385 3B Joke 288 i Wl a5 pae ol

! Alanine aminotransferase (ALT)

2 Aspartate aminotransferase (AST)
3 Bilirubin (BIL)

4 Cholinesterase (CHE)

3 Cholesterol (CHOL)

¢ Creatinine (CREA)

7 Gamma-glutamyl transferase (GGT)
8 Protein (PROT)

° Blood donor

10 Suspect blood donor

' Hepatitis

12 Fibrosis

13 Cirrhosis

¥ 2l ¥V o,lbVFeF Jlo


https://archive.ics.uci.edu/dataset/571/hcv+data
http://dx.doi.org/10.61882/jsdp.22.2.79
http://jsdp.rcisp.ac.ir/article-1-1454-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-20 ]

[ DOI: 10.61882/jsdp.22.2.79]

SIS S Lo (S yius 9 (S3hATwS (gl y Al ¢yaible (S a5 Sk JIw

3 ol pae e b ablae 1y )5 slacidls,
ontle ©Fol oo 5l il 2 e ot
S dib slodiges olaws ( Sijy sloojs> )0 054
O3l pae .l anin 4l 5l 35S g2 JB jsba
Iy 0 o o 0 Slee 4 e Wilgi oo
S9y » Nl bl i il x50l slaJos
CEY Ay g AL (S el Al ddds gleosls

b oo 1ol aneS dib 6l i

oo ,eS ) polie U casloads eolatul el o o ikl
la g plos 9 Wigd 1310 p cuslio jobo 4 03l3acgaca
celb 5 pl W8 18 aslie BB ulde o (goue
GrSol anld )0 (golue jsb 4 (T e a5 Sgdi s
Al sl id cadle (6 Sl sla Jae
oolaiul 0,90 Bobdacgama Ho V) Joux illao
Jolss el 5 Sl b o 5 Latiges olas
(Sl e 4 00,105 )...,L) Joe Cds pdd o Wilg oo
S ey ol casloads colaul SMOTE g, 5

2 0.05
2 0.00 011 ©0.06 ©0.29 003 011 065 047 ©0.33 ©031 018 047 0.01
B-oosA
75 10 ii
S50 l—u-h 0.02 0.20 0.17 -0.01 0.09 0.03 0.08 0.13 -0.02 0.15 -0.15
25 !
1 ..... —
Il — 015 002 -016 -0.13 -0.11 -0.17 003 016 -0.13 -0.05
Ol eeens [ M
75; .' :
9 50| [ PO 014 000 -019 -022 038 021 -0.00 -0.16 (0.56
k.
S250| . . . 021 006 006 003 013 015 045 -0.06
TP R N
= R .| s : 027 -0.04 015 007 -0.04 025 0.9
olbii o, i aE E— |
5250 L i, 031 021 021 0.02 049 0.04
2 L d R B 30 oa 0 08 o
20 | .| . o -
5 L N : - B B 0.33 0.18 0.03 0.22 -0.05
R P S T T S | S
wio| Lii | 8 I——| J/ - P/ %.\ E\ 043 001 011 0.30
© o P -1 H ol FR TN
10 . . . . . .
_ . 3 . . Lo
g ITH = S el X e 3 -0.05 -001 0.21
P M H & b b b b #
1000 : : :
nt o oL o . . - . 012 0.03
O gl [ et e R i e T ™ T
5500 =:: : B ) 1._ . s __:: . 20.01
575 '_u-H * i | !\. !yy EA— - | !*' - * . Fu—‘ .
S50l IR H 3’/ A S | O ! N > ‘
0 5 255075 0 1 255075 0 250 0 250 0 250 O 250 0 10 Q 10 0 10000 500 5075
Category Age Sex ALB ALP ALT AST BIL CHE CHOL CREA GGT PROT

S il p of o 4y 00ldac gosxo jO b o (SoS g o 1(V- JSCD)
(Figure-1): The dispersion matrix of variables in the data set along with correlation coefficients.of the pre-processing phase on a
sample web page

g o e Gz ladigel adgi 4y a8l gl oo
WS 18 35290 sladiges (SuoF 3 Sy lad o &S
s Gl 1) eesls £45 U wilmglae 3 8510l 4y Ll
aile alizee fYoay auly co 0alnS sboosls (yuzen
b e )l 1o 957wl pas b oools 6)9Té“? 5o o>
2 e JB b g gl sgzg 5 igh obxl
ISt S sl S35 ntle 5,50k (sla e o Shoc
Caloas ool "ilie 5350l g, 5l eaiinS (gleosls

Sezge polie &ile b oje o 80leS polie ol yo oS

1 Median

Pf 2l ¥ okl 1FF Jlo

ladiges slows moli8l Bua b pls jsbay SMOTE s,
(Cawloads ‘5>‘)Ja Lmd.o...b O Q)‘B" R 4.....05 :Ub.'a
S9zge slaaiges 3l ool (5)lsn Sy, sl 4 g, o
Ermae Dygoh |) Gnar gbbdiges @ieS dab o
dged o lp laul SMOTE oo ,680l o aiS 0 0y
3 eolatwl b o Soop bluws kS dab o 59>ge
S g Sl e 098 lulid KNN o oSl
Sl gluen £ o 3l SBolal Gluos SO i diges
)‘ oolazul lJ g;)"B 6La$ g0 N> alags ASJ 9 05..»‘50
ol sasolll Lluwes ¢ Lol &gai o o> S S


http://dx.doi.org/10.61882/jsdp.22.2.79
http://jsdp.rcisp.ac.ir/article-1-1454-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-20 ]

[ DOI: 10.61882/jsdp.22.2.79]

ot Sl ol 3l slegee 51 og) ol (e
St g oS e oolitwl dule;] Bolsacgerma 0 B
Ol Ao lazg s (Giy £ lyea ol
Lol S Cogdi g Lol S Cogdi by oo bl Dol
aay gl gileang slogly, 9 Gilwosly o wad
ol Glacgaze 5 gy g0 a S Jl o ]
Ogy S oo oolainl o iy 80 dgms lp e
&S cawlad 2l aFa wan (Lol S cols
sloShs by onl il ppdelds 5 suellS
O 93l )l xS elr sl silepdane wiile (glaid iy
Copde g Jam Sl Glp Glae Gly we
Dy Jolis 1) azd sl polae yoauss

olai Ko gosvainb-Y-Y-Y

xS0k gy S (Solal Kim ganandb g,
o1y gousie 6)"5M s o aS cul glacgomae
s v lp lagl @S g ojluee B9l sk
slogbsy Sl ohey el e S e elatul ot
ools a5 04 o oolaiul co 0wy (6l S il
ol (LS50 )0 (955 B A8 oo (5,10 paiged o)ligo |,
Sz gy a0 8IS |y il 9 3] s Sl 5 5
4l ‘SLQ‘;};@ Caal 0y50 0 |, ‘S,me.m.m ‘seoLa)
REXPN Sl oduzes slo Jaw (6 iy yunds a5 AR g0
PUPNPLRLIER .[\“\].\.:Su_a Tt Sy 00ls sloacgomae
ool Glsgee Bolas S a5 oo 0,5
ol S o J5 e &S Cal (6,5 nea
EESWD LRVE ) dl@oolomw L: 0}54.3 ‘_g)..fp.».m
i oyl Bolar o Sz Lol a3l a3l ies
S ey oo S oy s mls 6.5 Sk L
S sy (rizred 9sbios S presd & e
05 2 )0 el Gl bd Sy Solar bl b ol
Rl &5 A5 o0 S Jae £555 0gue 9 el ly RS 4
Slsolypen 4 ly Joo IS 0 Slos dgupe

Bolai coled g s o-F-Y-¥

e omdle 680l by ST Bola Culen S
oolaiwl (g, Spmaal gl 5l a5 cul ganaes
Sz Uhgy @lp Sae Sl SO glsisa 5 wiS o
(olar iz alie o ,o8l cpl 0g oo aiSliss Bolas
l Lre‘j 6LQ£5..~>W 5 ol 6}5@"”"‘” LS8 i
sl ! @S Sl Ty 5l o S e S S

laosls Jlie )3 allo (bg) 09800 (30l 059> (lon
TP RETIWE 93 o.\..i‘.»wf ﬁ.)ULo

odlddc gozxo sraid 4o Losls &9 395 (Y- Jgu)
(Table-3): Distribution of data points in the classes of

benchmark dataset
Sl aib ol
ovyY O dauSlaal
N S gSie (9> BaSlaal
v¥ il
v Sy
A 9

Cilo (5 S0l (b g - Y'Y

&2l Og S )-Y-Y

syl xS0l by, So (LR) Tl (e S,
il Plus glp el Dy gy cnl e
Jleiz! simiin B ol )0 4 54h o eoliinl 59090
vy el ol ddd S 4 oddiools (60g,9 SU Blas
loaey 3 85l g (Sobe s 6ply sesS)
e 5 S ol 5 g sle sl bl
winly it B9y crl o Sl Slelp o)l elox
(o5 wslabor 50 Wlgi oo e juite 5 Canl (ilaBgo
ot W2l 55 gy Al s s b sl
gelay (Jle lp) (S dm g b il
| o Olsiss Jrill oaslonss (b (ConSblcpibpa
e Gl ols peesd 55 abibuizr ganaiib Jles 4
Dy ge AFLL G WlgeSew &l plyie &5 6015 &b
oolaiwl Jlaim polie a5 o gg,5 <o i > o (sl
S o

R

e 9 pdombeie p,ssll o ol (Lol )S Cugl b,
Clpile o, Slas g iy a5 Canl Cpeiile (650 o
5 o Plus ;o g oaidy Sene |) Lol S ool
S5k pies Il SG sl Ghey cnl )l 95T saas,
LIy Jow o Sles 5 aiS oo oolaiu] proal &5 50 5 (oo
WS oo mud 0dBZ)e g (Silge Olewloe 3 eolail
S, jSe jeba wad GLalF Cusl ok )N
ol meal gl £ 50 5 WS (o0 ALl | e
Slglol S 5l sl al g se ols el (L (s 0
oolewl syt ol il ai oS e (gl an e &b
Slr w5 oY Wil Giluphie slagts; 5l g WS (e
o S e eslitl vl A Mile ) 6ol

3 Extra trees classifier

! Outlier
2 Logistic Regression

¥ 2l ¥V o,lbVFeF Jlo

¥


http://dx.doi.org/10.61882/jsdp.22.2.79
http://jsdp.rcisp.ac.ir/article-1-1454-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-20 ]

[ DOI: 10.61882/jsdp.22.2.79]

SIS G Hlow Hiu i 9 (S IdiwS (5l ALl yubilo (5385 3L J3o

o Lol colsdacgeme S 4 Dgzge Coxhad pac 4 gsisf‘j

] 00lS runndl 32,k 5l 29,5 2alS ] Bas g5l
ot o ksl Jlimly o a3l s som ]
Jlil ol 0,54 o] Bua g aily o il laasl
O e el S0 Je o5 0 LSl Jdody o]
S s 39 dilgs 0B LS gl el Lo Jos
DS oanlive 1) (6,05 pena
ol S0 (gaidiwd 4z BB sble 5 (S
S oo Waosls (9,0 Bazen Ly, (alelis o T (ol
S el 0378 i b it e 4
B oxe g gliws slaosls gl Al o pronal
Sy om bilyy Wlgige eizren  Wgl a)S
AS (g5l Je sl )5 jgloas

ALl g S0l (pog,-F-Y-Y

ol |y (SML) aslsl 6,80l g, sl (V) S

L Smobim <80 deme Jow opl &l Bus aes o

ol gyt 5 S0l Joe iz Glamin eSS

&lp T el s S5l eolail psgie wlal 5 SML oo

ol gl Taly S0l slaae sl ooy oS

ok b slade sladinpia J 6xTol b Jalf

Aa3 oo plol Canl Jlojg 5 YL CEs slasTl) Sl

el 25 Oygot SML (solpiiay Joe Sl

al Jae oz A ) 5o tarly sl dae byl -

9390l sleesls 5, » ETC RFC XGB DTR
YL 5 Jdoas ey )6l ! Wigds g0 aiSles
el bl s s g gomaiwy Jlue jo 09>
5 s> e rosls b wily o o934 b Jde oy
3k w)ls 292y (g8 logilen o 4T odizmy

olai Kz g predl S50 Jle sy g
osls ;o oduzmy lagsl Slulis a4 ;0B oema
w2l 5 | @l s Sl o e 0 g ain
o9y S Glsieas XGB s 681 uioron 0l o
ot S8 D5 slp P b & coniiS g sl
oy, 3l soliswl b w,o8l opl s )b
C83 995 ol ey Wl e a8y (silaie
Qoo &l i o) (YL

slados 5l pls o il gbdae G Swde -
exie Jaie g ol Jleel ciulosl slaesls g9, b
S oo St | Soe

<

2 Meta model
3 Base models

Pf 2l ¥ okl 1FF Jlo

L danlio )0 ol s bl g o g Bolas Sl
Slasl gleay Bolar ol o bz, (Bolay K>
bThs ) ol Togamans K e (s
Sl (Solas o5 jsbay 1) s L g ba Shs
S5 sl ey Gl 080y, ool WS e
Clpodle tams oo el 1 el ey 5 WS s
9 WS o8 SeS Shilniier R 4 by, (ol g Solad
WilSy o dguge 0l glosls (55, p I, Joe o Sles
ol o T 3 4 laos b amlie ;s ohsh
Gl paiged I oolaiwl b hgy (pl fanS e colaiul
sbml 1) Wosls 5l degommeyn ) iz ( oyl b Sola
Slp Jis jsbas acgormon; cnl 1 Su 2 5 WS o0
Colede QLS50 09 oo ol (i) 5l solaws (el
p Adlg e a5 Al glaellb ol lls dolas
olass g L3, olawy wile WK S0 Joe o, Slee
g g0 ooliinl pend o j0 a5 Bolar slo S
SNl b @l Gt ey ol o ele
oz IS0l go cavsdy (LS50 solod 5l o g i
S 35 VM S 5 e ey ol ol
Al oo g Wgh oo AL Glaws (5, Sol o wied a8
Oeizped gd 485 a4y (ganaius bk Jles
Sy 3 el B Bola colie b
b aaas oo ojlal Ol a9 Wigd kst (e wilgi o0

TIPS NS I PIEATE J8

oeoudd B 58 (G diwd—B-T-Y
&rs Gudiwd Jde S \WS CS 0 (Gdizdiwd
Sge Lol 5l Gyl ;3 Slos S pobay &5 cud
O bools s b hg, opl 05 o0 B oolail
B sl SRy el p 5SeS sladegernen;
S S obled e 0,8 o aiS e ol g0 g sl
a5 Cowl i by el SO b lid 4l 2 g S
Joe onl 3 webiee @i SpolaeS 4 oleiy
Slodcgormon; & pglhe jsbay (6995 s3ldacgea
Slognds 5l ooliinl b by Fhg polie wlul p» 5 S>oS
S RO Y SU SOV 0 U A 3 TR PR
C"L‘" “5}.’ GL‘“; 9 w&s‘ g ‘) &;)”9 L5l""<5"‘i"‘-’~l’°)'1
polie L bddb cpoiny wlal o ) 0 Sy
lacgomeys; o) 10 950 (jg0] (sladiges 5l sadarill
TSP

2 ez el g el e il glalxs
S oo 1,8 oolainl 350 odls g g o S L]

! Decision tree classifier


http://dx.doi.org/10.61882/jsdp.22.2.79
http://jsdp.rcisp.ac.ir/article-1-1454-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-20 ]

[ DOI: 10.61882/jsdp.22.2.79]

Sl s i 3l oalitwl LLR Jowl 81 o3 led (i sy
QS ool ) ole ot b sleoe

ol

gl i g

XGB

ETR
/ - 05y acgnxo
\ wijgal
\ RFC

DTR

Sbcmgin sy Jmp Sl olwl -

dabby 0gd oo Al b sla Jow dliwgas caiintg

sledae o g e Al xS0l Jul
el (28ly >, g Al

SML ‘501.@.‘».&.3 Jow jls e (V- )

(Figure-2): Structure of the proposed SML model

b ooy SML (golgidny Joo 285 Lo o
bolsacgezme (59, » +AAFA 5 < AAAY Lolas S
oo nlo b old o 1) @ls oy gilejl 5 55550
i Aliwgds oal 51T cds polie wles ST S
o] wslls sSbee ) Sl 5 Jyd B s
ol sab i) s oW polis el otk S
&5 slagslon (i 50 soledn oo &5 dm0 o0
3l ol ats Jlaisl 5 A0S e Jar 550 lan
el ot o il

DT 5 BT SML loJao « 55 Jhxs conss
e - AYAE 5 84 ¢ A9F s il £ b eod e
SML Jaw Geizmon 9 (oiolojl blsacgono (59 » 1) s
&5 e A0 5l b bjeel solsacseze 59,
sl @Vl olie S oS S |, Sl
2ol e Qs 5l ol okt Jae Assey
Sl cude sladiges oluliss

SML Jas slp @S e 55 F1 b e
5 P90 A (alej] solsasgarme g9y p Cumlonds (5)1S
s oo lis guls .ol DT § ET sloJow 4 laie pgu
JRr Gk g <8 m polhae Gl SML Jow &S
P 2 Jde &5 aas e li gadse (pl alos,S
oLl (anseits 5 oo g WS (o0 Joe 9> (S )low (antas
WS (o0 § RSz (el 0> B ey (oo plls ol 3

Jin tigtr @l e MAE s o
Gl o ¥ ol Jlade ol 45 Cewlond conS ET
Og03l60l0acg0mme gly ¢ VF 5 Lb3gel Bolodcgaza
S8 pes 8o, ;0 WS S L SML Jow ool

Sy g b ialojl guls-¥

b3 s ylre-V-F

@S Jle (20 5l @l s 5 s b5l sl
Jods oo Jlole a5 cunloads oolatul
2> g (MAE) "las 3llas 03 Sk F1 Las” Slg>3L
[¥Y] RMSE) 2oz il o (1Sl

‘_QJI.oT o -v-¥
L oedle 5553k slapm ol @ls ) 5 (F) sladsoe
2 woe ol olesl g (jgel Bolsasgere (55
ool k=5 b Jlite miwjliel (b)) mls adg
b g (8ol bools o Sl s je 5l U Canloads
e ©) 5 (1) sladgax j3 ondadl @l 4 4z
S, bl 550,50

ML o g 550 s g s ano o
&5 hisel 5 stalejl slaoslsacgare (g5, i ias &S
Esige ol unlod,S oS 1) - AQF- 5 - 298) s
b ol ) (asllae 3 Shoe o680 (pl &S S0 o0 (LS
0, 8ee i 3l ) pg0 ol ET iy 1630 0500 by oo ples
2 XGB 5 DT glat,s8l o] 5l Gy 5 005 <l
oo Joia 22 S1LR mio oSl 5o 5 s (slaas,
5 b ae plo b wld o bl wwlos S S’ Jod B8

Syl s STAs,

! Accuracy

2 Precision

3 Recall

4 Mean Absolute Error

5 Root Mean Squared Error

¥ 2l ¥V o,lbVFeF Jlo

¥


http://dx.doi.org/10.61882/jsdp.22.2.79
http://jsdp.rcisp.ac.ir/article-1-1454-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-20 ]

[ DOI: 10.61882/jsdp.22.2.79]

SIS G Hlow Hiu i 9 (S IdiwS (5l ALl yubilo (5385 3L J3o

390l 80loacgezmo 35 3 rble (§3u50L (S Jo gl 1(F- Jgu)
(Table-4): Results of machine learning models on the training dataset
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(Figure-3): Class prediction error by predictive algorithms on the training dataset
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(Figure-4): Confusion matrix generated by predictive algorithms
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(Figure-5): Receiver Operating Characteristic curves for machine learning models on the test dataset
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(Figure-7): Learning curve of models on the training dataset
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(Table-6): Comparison of the proposed SML model with other proposed models on the testing dataset
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