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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.

ol ez gl 0 58 bpsde Swy cuas &b doddio—)
RUEX P ).ul.vvou Codudy
A Alige Jalse Gl L300 oS slags e
el el g 05,8 ogll 1) 0wl o o Sl g o g
Syl uS slacisie &S aitia ol wgpg (i),
P 7 e g ol i Bras (rizes 1S
(IS el wile oS lacun] 4 e Wil o 0S

oz 3l o dalie oo Shee o Sl pE oS
Sl O cuodls 5 810 Loy Fis g paeliplio (21 50ms
I lseas oS slag )l il (55,0 IS o,
Jot, o5 wigh oo €2lid Jlox (il pee lailly
E5 2 dree Sl g wad (2l s el Vb ggen
dls o ales S > 093 ) 1) (gl azg pegS e

605 ape len IP055 s 5 yp 0 o T I bge SNRe e (ks 99 090>

5 &S ol pae wibe swad w4 Wl ddd oo Zuwd Sl 1 093l Gepe g (owgny Soile

s o5 0y i Ly oo T AT &5 S s o o 1

¥ 2l ¥ o,lbVFeF Jlo

¥


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.79]

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

hstis oy pile (esias omas gloasis ¢ [VY]
e s DY 6l emsS, qoaeas oy VY]
o L [£,0] ol Sgtann 5 s bl S il sanails
Ll sl cows Jod BB oS & bads, ol oS
O g azals alols Jlonyl b b e sniienS oIS
el 1ol s 092 9e slaghs; (2L Ssme slr o9k
bl 990 etle x50k e iz hagn nl
(SML) il peiile (S0l Jow Colgsys o 48,5 3
st S8 e ooleiiy Joe Ba ad (e
Orile (6,50 gsite slagi oSl Ulg oS5 Bk
Ty oS 5 L SML (eolgiiy Jao jshaie cpad 4 sl
<30 (BT ol Colps o aisaiws Jolds jgzeocols Joe
sy sl o0 - (LR) splp e S, 9 (XGB)
S 5 a5 00,5 ol auailyy B80S oyt Jde S
i S8 S cge g 0p2 (BilpeS 9 Ghlote
ye > Ol |y ,2l ek slaly olasl
SCRE

S 9 sl A (gl e
G Al Sy @ yg0 41 (505 (515 slow
Oygo a6 S o (st Ao T (S
Caslord giloae (S Gadle 6 xS0k Altns S
sy b 3l plgn (Fole 4 v9d o0 crge oS
J> Gy ol o g nitle (650L (sl 55
2,5 ool dlse

L SML Jaw bl cuiblo gm0l Joo &yl e
S 0 g9 650k (sl ;o dlaiaigr oS S
Cdiwd § sl Sgugy g0 (MY g0 LSl
SrSose b oleiiny Joo 09 o0 605 slacs Lo
1 XGB g RF DT ET Jols asby ;80b Jow jlo=
JSee pgo &Y 0 LR 0,68 5 s &Y
cxge g 008 Bibn gsllae 928 & |y g
oo ite ladae 2L 5 sl dsme
253k slapi o slo el bl 8 welas lp eiren
(GS) (55 A (sgrgiom pi s 5l Joel B 5 a0y

Cewlodds solaiul

&

! Adaptive boosting

2 Histogram-based gradient boosting classification tree
(HGBoost)

3 Supervised

Pf 2l ¥ okl 1FF Jlo

s lon cdpin [Flacis ad oy b lavgie 9,8
aile by ol & o oy b Jpansybay 505
Coml a5 ol 0gh 0 aBS ool ey g
patll Cuodl gadge (pl Calosls Fy i p LB,
3 oolaiul Dygp0 g S so Az 1) AlSlas g a0
&S slas )l (aiS 5 St e e slahy,
iy go D98 adgl Jolye o 1,

Oeole (6,50 g ool Eilsy o B glacd i
s lon Fnoin Se $lp Al o)
Jeloistzms boaimse @l gl (Slse 5 g
GrSol sl (Joae 5 cami (dl (slacols
oS auS gluls ) s Jolge 9 Sl aulys oo opiile
b G ais bty Gk 5l el (Ses
1y a8g0ds OM>lae Wilg co 0 5o g, ol s onnlive LB
Sl S ot Sty ) a3l s 5 et
ol az gl by alS ) lase cadl b g S
(Sl e Jdsar oS sleglen goed
Sy9t8 ) osliiul (pwgng slacisis 9 JSUI B pascgu
S o el jshied i See sl
Wl 05 (5 lows b 05le Loyl o a5 oges Cuilage

5 oeile (353 (slaby) ohgh (Eotas (her jub
Sloss ‘_gLB.?)‘ ‘5‘).3 \) gy I slcws,d 65[500‘0
5 ek shodbasgerme Jolodsnios ik J) ol
5525 b LA 5 V8 0lams o ) o cixe (slooSIl  gluliss
Doy 5l oolaiul pae a4y omie a5 o)l o las glid
il S lsiear owile 680k [0logd o o ealae
5 SIS s len gt g len Lasid [ dldyiny
8558 loosls Lo boojls (glog ol C il
wlgice etle (6yFol Glapiysl () 5 (SO
a0l el Sew a5 S oLl 1) gloduory (slagX!
50 By il CllB b gy ol il esile e ol
Ol 4 aS wijls |y guS sl lew plinng; asuls
oz Ve AlaiS o S8 e 5550 5 S
9 Solem S8t gy (St 5O WlFee Bile 5553k
Syt Dbl S a9 wl S5 38 leyd & el
GYLduie 4 azrg b aes diljf (b slags S e s 2
)'| é)tfcﬁ ‘gs’LQP Gla"'“ » LQG)LQ.;.? O:).‘ ‘53[“.31 9 sole
oy bl gy 0 (oS L8 Wilg co il (5 S0l
&Syl oS lasla 5 s5U o )lee als g

Orile x50k 2 (e o9y ez 3l sladle 5
oz 3l Cwlonds &l oS sl ln ais Gy


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.79]

bl oS e eslinul iy s 8l 5 by
Wi uilr wiile obg e Dbl w)
B Gl 3 (orw eyl 5 58S Sl e (S
il il claig S prandd s

2l sy M8 gl daosls Jolws poe >
aile cedls b Lo pe slojem )3 oagt (imedle (5 50k
C oild wang 9 @S sbsslonm 59, 2 bbegh
Sl as b aS Jobeol solasgare Ky S e ol
o oy 4 bl 0ed e petrie bailb
aS o)l 1) A Al a4 bodl saiS g i
ol b ablie g 038 e il Jow o ,Shee  Wlos oo
Sl SNt Gy 3l Ol S
5l Eomas slaaises a5 S salatu! (SMOTE) ' coiao
ot st ol Ghaled Gl Gl 1) aneS” a2l
5 DAlopae 54 5 GlagSll 6,55k 5 oy
253, @) ) bz gonaib is, Sy 1] o Sen
cogae 9y Jleiml il G55 sla Sy Jelos b &S
5 oolitl b cyizmen 69550 oo Cawoty | TC Coilp g g
Gl Ghgy 5 etan Culdl (s pSageigie by,
O3Sy 5 Bolai JSiz slapey 58Ul Jae T glal> a9
S sl Agay 5 o) plesl oo b ) Sl
Silotite [y Jae 50 oS 5 Al 7 Je 1955 5ms
bl laig, oyp b Y] a5 sl s S
Sl gy S (Byme b g b Sy sanadss g Shels
P ik gladae L5 Gl s 4 (S
b1y o soleriag by (ovdyd g (b (adeis
Sz Mol ol lueaner o TSy Sl
CoS i Oemed 108 Sy gkl 8y il
Gilwane Gyl b opdle 0L gladas
wys AN @l plooyl siluangs 5 Pms 2B
S s i il oy Yyl Veasgleacs
&5 Jsho poies 5 (cmt 5 panits o Lapi )65l
ROW PSRN K AP APPR ROS LI 4Y

S sl oslSeols slaal s 5 [YY] slegl el
Calos )5 oolaiu] C Ciled g g Eguds (ymods g agXl
e g olr Jelodigt sl esliial b ragy cnl 5
ol glow onl b sy oS Gl Sy daools

ISz 5 canglsl slagi )6 (Y] ape jo cadlonss

! Synthetic minority oversampling technique
2 Hepatitis C virus

3 Cascade two-stage method

4 Random forest

3 Logistic regression

6 Artificial bee colony

7 Genetic algorithm

8 Particle swarm optimization

? Dipper throated optimization

10 Simulated annealing

Joe 9y 2 otalosl s goleiuieny (P95 2031 @
Sl Gl 29 S Sbglen ol
Joe a5 weo o ol =5 L e o Lol
ﬁl...u ERNGVWWRNFY 9%} les RYWH SML 6°Lér--’
G5y 2 SML Jow Cuwlos S S il slo oo
= AAFe olie cuija ialeyl Boldacgeze
Jhxe oo glojlre 1y < AVAR g ¢ oY o QA
Ole yd> 5 MAE) Uas 3lhae 03 (ke F1
3 e s a5 005 S (RMSE) e la o
Eyoge Slodl 1o by Jaw plu dliwgds sdiicwsS ol
Gl Jae a5 das o Gl gab5e (ol o]
plRag) aris )3 Fhe )l Olyear Wi
255 8 ool jge (508 lags o
5 Swleads orboile i O)gods dlie Al sl
SOt 9 oS Ay 0 ke sla)ls pge i
Oy Sl A paw i 0 (e S e len
@l oo 4 (soleiinn hy) (b iy dlerin
CrSamis 5z e 0 @l 5, » Low 5 el
2 S G iegh bl gl plasleiin al)f 5o 5 allie
Celodds 0851 oy idu

b o s, Y

4 e Sy logileil 5l s )l Senl 4 azg L
oAt Al sly g S ddyon oo 5 anie Ll
o 9 658 Sk wlazlse ool b ajenS 5 & e
Sedse el Rl cadis Gty w
lp izt calidognl Glagty, 5l cudlag laasis
Comdy e byl amiipe 9 (Sbp G h)lS s
s s | glacdiiy S e eslinul les
oS mile (6, 50L slahy, drwg 5 (Sakas
slaidl wes oo ojlrl IS5 4 g 0old gy |y s Lo
auS ekl ool b &byin glaiis, b1, ol
S253L Sl b, nyimtes copp & el s VYV F]
w23 0 65 slas e (St 839> 0 etle
x5 slapmysl o8 Dol ollSea 5 S
Aiods )l G sim ien 1) g gl olilils (6l 1) puile
23,8 sy S e (Sl slodnl S Jaged S
Sly oiy 4 anieeS 5 o2l nd gy » Jetie &
s bl s saiyls (gloygo il 4 ks s el Jlle
Slp ol (npise (splp emS, Joe gl
9 e Casloads (Byme € Zodle Chyiy S
onble 65Ok slagts, xS b P ) iSea
S iy 4 adol el jshaiedy daosls [Lislu 5l Lo
5 S in S &l aRasLe3T glaodls Llow 5 b
b sl rSees Slaity J5ke o DV (g ke
Slp alSesls (gla gy 3l aS caslosls 1,3 aslllas 5,50

¥ 2l ¥V o,lbVFeF Jlo


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.79]

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

sosls (ilsy g b yo jshaieds 65 Lol ) S os
I VL Gl 5 (gl oS (b S e
oolatu] MUCT (35 40 39230 C uilin slosloacgosmo
doosls (o3l p oy ol (slal> o )ler 29, 5l 5 008
oS Lama 5 811G alebes el 5 b (gglSosls
)54 b o] 0650 ,5 eolatwl MATLAB Jl38le 5 5o
5 S A @Vaiz gty glSesls oSl aw
& @.uo; ablie  orwliel gy 5l preal S0
5ol [YAl oS 5 Ji& 3 asls o Shee b))
OB G )3 C ol gy (G lp |y onile
oo)’lso 9 )La.u AOA J.ALM: e 5O ‘5......"&.@‘4 le.hu..ﬁ‘).a
5 Sy S Gan 90 93 5 035 eolinul (S
b Shisacseze ol gl 1) VT lste slzary, Sl
[val Sen 5 ke wisls 15 oolital 550
soslsacgoma (g9, |, pwile (g,S0b LSLQW':?.)BQ‘
‘5wa.¢)9§” 9 aé; 3y UcCl 9 'Y NHANES S 99>g0
Olsteas 1) Tagads (Lol 8 sl 5 laity (rle jlop
6353 € caile 5 guS sl lon it slolbs,
OhSer 5 ey ilesls slois o3 Lialesl slaossls
S50 ity Jlp Gaile sanail slaJae 51 [1Y]
Sl g ng (st e O O9 8 g SRy Sl
wlw)f 0 50 C

@lp oS Gedle 6Tk Gladoe 2L (V) ooz 5o
Gl s 518 oslials g0 oS slas o (St
IS e 2L e Jssz oal 5o celoas
los | s [¥] o 0 stz o Jow ailes da i,
laae (25l 3l 5 00,8 Ol (sBi90l Bolsassaze (55, 5
Sl sgpy los )57 (g jlongs ‘s.fq.lA)’T boldacgazme (59,
polie 5l eS ‘S.QLQ)‘T Soslsacgoms (59, y guli a5
ol o aS S len g anles (V) Jeuz o oadylo
Joas! cll> 5l s Jo 2L e el e odalie Jgi
el 555590 ol Sgume sl (g0l y I g 0,ls alold

59y 9 olgo Y
oslodc gozxo— -V
oolaz_ul Syg0 5&‘04&9&2& ‘_;)Lo] Slasie (Y) de}

Jolts oolvacgazs (ul das oo lis 1) ooy cnl 5o
03390 Jols 9,55, 1o o] ;o aS el 5,55, £10
P riogdT iz (e ) Wl e 4 ol (S

Sigie g saS sllen switw sl L ol
Folas Sz w)sfl 5l g (silwosly € casba ugns
5 &85 5 syluly Bl (6l Band 83,0l S plgeay
b oslitl (Bl (il 0 (n S 4 e s
cais e Jelse ololis Goa L Y\ Y] aol e 0
G 2 b oetle xSl Gl WS s )len
Sy50 3,8 FVO 5l eddis slaex slrosls 3l (glacgorme
wile slo by, 9 Wools s 5l o] bols )8 dalllae
b agzlge (sl (slojyezmy SYole dhwgay alluiy lul
Iy ol sadie Jdow g ais,S oolaul sga20 (glacsls
Sl e (Gl (izres 13y 54 sl falS (o
lodilse Jloo dlowges 1) oz (il 5l Jol> o
il lapi o8l g 0sls 13 el 8y9e (Lol
Sl (pyas omae sbaSd dex 5l (29990
ol sl ) gleiy oy glagdle 5 Solas
351 )54 5950 9 398 (Suiled 4 M (193 Sladiges
ol (559k o0 g0 (YOl fKan 5 (podla
G5 joyed 4250 slere ool & redl S (Sl
Ll GoxSmedd plsp o> oy o Jadyiy
Sy S oo Japd 2Ll slrosls I eolail
gy Blow [YP] (ra55 5 oSz isls J15 (om)
b Mo Jam YO 5 ol 03 OF 4 slete Tl
GrSol sleanail coll pw)n @lp 1, C cuila
Pl ot Gapin 0 Blal I ohga (eile
o gl e Lt b gl s b
L (ALT) ¥l auilsonal VT § (AST) V5l audl 5ol
2 e oy VWY ol (oLl 0957 S0 (S
Rl oyee 1) lam il cnl Ceal o 9 € uilia
Jow as sl flis sl fesas sla byl Log ool
sSlee AST/ALT iiws Comd 5 oops)S opSok
5 0duiidn g |y (gdb Sledlbl a0 5 w05l (6 s
o oo Wl ) Jley 5l cudl e
ik sloosls (il p i bey o Y] g2y 0
ok sl oo oSlas a5 (g ey wanloads 4l
rilon (3,5 25l o g, e 5 rtle 5,530,
ildloy Py glaosls Gis> Said olaisl
Pl 51 Sy ganoebie & Shs bl J e IS
3 S et (sl by T cpaizman s0idy co dguge T Lol

<

"' UCI machine learning repository

12 Sequential forward selection

13 National health and nutrition examination Survey
14 Extreme gradient boosting (XGB)

15 Albumin (ALB)

Pf 2l ¥ okl 1FF Jlo

! Enhanced liver fibrosis (ELF) score
2 Electronic health records

3 Aspartate aminotransferase

4 Alanine aminotransferase

3 Class specific mean imputation

6 Qutlier rejection

7 Log normalization

8 Feature selection

9 Feature scaling

10 Data balancing


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.79]

G SBG Hlow S Bl odlo (6 0k S 9y Wawgds b )15 216 :(V-J9u>)

(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
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(Table-4): Results of machine learning models on the training dataset
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(Figure-4): Confusion matrix generated by predictive algorithms

®


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.79]

ROC Curves for DecisionTreeClassifier

=)
T e
x i
w06 =
= HES
= .
@ | -
DO_ | — ROC of class 0, AUC = 0.98
) 04 - "—— ROC of class 1, AUC = 0.50
= H ~" —— ROC of class 2, AUC = 0.71
= § —— ROC of class 3, AUC = 0.74
024 ; ROC of class 4, AUC = 0.88
| 7 ---- micro-average ROC curve, AUC = 0.96
:‘ - === macro-average ROC curve, AUC = 0.76
|
0.0~
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

ROC Curves for LogisticRegression

—— ROC ofclass 0, AUC =0.94
—— ROC of class 1, AUC =053
—— ROC of class 2, AUC =0.98
—— ROC of class 3, AUC =0.98
ROC of class 4, AUC=0.86
=== micro-average ROC curve, AUC = 0.98
---' macro-average ROC curve, AUC = 0.90

0.2 04 0.6 0.8 1.0
False Positive Rate

True Positive Rate

ROC Curves for ExtraTreesClassifier

1.0
0.8
@ K
@
a4
o 06
2
@
DD. ROC of class 0, AUC = 1.00
) 0.4 ROC of class 1, AUC = 0.99
= ROC of class 2, AUC = 0.99
F ROC of class 3, AUG = 1.00

0.2 ROC of class 4, AUC = 1.00
micro-average ROC curve, AUG = 1.00
macro-average ROC curve, AUC = 1.00
0.0
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

ROC Curves for RandomForestClassifier

"ROC of class 0, AUC = 1.00
ROC of class 1, AUC = 1.00
ROC of class 2, AUC = 0.98
ROC of class 3, AUC = 0.99
ROC of class 4, AUC = 1.00
micro-average ROC curve, AUG = 1.00
macro-average ROC curve, AUC = 1.00

0.0 0.2 0.4 0.6 0.8 1.0
False Paositive Rate

True Positive Rate

ROC Curves for XGBClassifier

10 ROC Curves for StackingClassifier 1.0 H o
Ao i
[ (i
0.8}
0.8 ©
@ ]
5} & i
x © 0.6
o 0.6 =
k7 o — ROC of class 0, AUC = 1.00
e —=" ROC of class 0, AUC = 1.00 % 0.4 L ROC of class 1, AUC = 0.99
) 0.4 " ROCofclass 1, AUC = 1.00 =] —— ROC of class 2, AUC = 0.98
= —— ROC ofclass 2, AUC =089 (= —— ROC of class 3, AUC = 0.99
= ROC of class 3, AUC = 0.99 0.2 ROC of class 4, AUC = 0.99
0.2 — ROCofclass 4, AUC = 1.00 --- micro-average ROC curve, AUC = 1.00
- —-—- micro-average ROC curve, AUC = 1.00 R -==- macro-average ROC curve, AUC = 0.99
- === macro-average ROC curve, AUC = 1.00 0.0
0.0 0.0 0.2 0.4 0.6 0.8 1.0
0.0 0.2 64 06 0.8 10 False Positive Rate
False Positive Rate
ol bl 8olodc gozxo (595 2 cmmiilo (5 S 0L S (5l 8 hoe dasin gla S (8- &)

(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

Secay AST o5 wao o olid Joged oo cad
gt ol e Ty 2l ot 5o (T 02550
ALP S5 cad i 6 ool Joz s jho dab o
CHE o S5 ) 99 5 yho &b o |, il oty
b az STyl o s i 50 ool 456 BIL g ALB

Zewl oS ALP g AST jl )]

8 Q=g
g b h B4

=}
g

AT
PROT
Age
CHOL B Class0
p— == Ciass 2
= Ciass 3
Sex = Closs 4
B Class1

05 10 15 20 25 a0
mean(|SHAP value]) (average impact on model outpul magnitude)

»XGB oo 9 uuLw| 5 SHAP ;1503 :(A- %)

igol Boldacgazo 59,
d 3 (Figure-8): SHAP chart based on the XGB model on the
‘/f training dataset

Pf 2l ¥ okl 1FF Jlo

bl 2 Jde (St 3 1) B SRy (e Seal (M) S5
opl aes o lis (SHAP) © i Sgo3dl Cloxdgs foges
ol oedle 6,50k Jae S o ) by Sy Cueal Jogal
plaS” a5 sas oo lis oged pl Ko Sile a4 s
5o il ) 8b i Joe s i b S
2l |y SHAP polis 3llao 08 (:Sile jloges jo (88 jgore
ool Wl i e cpl dx o e o i (S
Joe Slasnpin 2 Shs o (Seol i) it 30
4 oS jobr (S p3U sas e (LS e cnl o
(S ($3908 yoe S (o0 Sl i e (297 53 ojl
wad g (i Cpeal ciia ) Jae (53959 sl S
Je o p i 6l 8 L S Gla Sy
saab | (S sauS ol Jaged 0 LS, 5l plaS o 5 ls
BS ol 8 S5y Jelites o Job ot oo (295
b o bgpe Sl s $9) 2 S O U e

! SHapley Additive exPlanations


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.79]

o1 o 3T Boloac gozmo (59 5 ke (S0 yrluw b SML (g0lgcuduny Jubo Ay Uio (P Jguizr)
(Table-6): Comparison of the proposed SML model with other proposed models on the testing dataset
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