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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
O’ as well as families. Early detection is therefore critical, as it can significantly alter the course of the
"‘dﬂ’ 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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2 Hepatitis C virus

3 Cascade two-stage method

4 Random forest

5 Logistic regression

6 Artificial bee colony

7 Genetic algorithm

8 Particle swarm optimization
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"' UCI machine learning repository

12 Sequential forward selection

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

15 Albumin (ALB)
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! 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

? Feature scaling

10 Data balancing



G SBG Hbow (S BT mile (55 3k B M) Wnwgd oud )15 2L :(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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! Alanine aminotransferase (ALT)
2 Aspartate aminotransferase (AST)
3 Bilirubin (BIL)
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(Figure-1): The dispersion matrix of variables in the data set along with correlation coefficients.of the pre-processing phase on a
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(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

RMSE | MAE F1 Sle 3l s o &0 Joo
— — -0 - - Af.. SAf.. A0 [val SVM
S YA — < YFA - YOVY - Y¥ES - S [vv] RFC
< FYLA — < Af-- < AY-. < AY-. - AYEY [#] HGBoost
S5 U B S ~AA-- - AYA- SAMY | - AAY- [v] Ensemble learning
SAVAR | ey - AAA- . 49%- LA9FY | -.aaf. — SML

el Jdos ol @l Jael 3 g el 5ol sla Joe oS 3
Loalio o (golpiinn g, a5 aos oo ol l.:eu;';;"uj
@b @B 5 salSedls 5 eiile 6550k slaae plo
sldae Glp GSol come Judos el loyes
Koo SML  (oolpiis Jow a5 ol lid calizes
5 Ohisel kel g e0S > gt 1) bilagie
ol glhae casles S adg gglhas o lael
O 0 1y 8o 0 gV eolpiin g, i (Basuns
Cawlod )8 S £ag90 Slusl ;0 39290 (slo g, plod
95 2 &lekig hgy (bl wanl gla)ls 5 (S
lgsgasme b cunl S5 ubide b goise (slaosldas goors

e 39k adttive yige (golgidu by, g8 bla g
SML Joo slaa¥ o calizee S0l slo Jow 5l eolaiu!

S S8 Gl S8 iz e dsu 4 Wl e

7-References &=V

[1] C. Gan, Y. Yuan, H. Shen, et al., “Liver
diseases: epidemiology, causes, trends and
predictions,”  Signal  Transduction  and
Targeted Therapy, vol. 10, no. 33, 2025, doi:
10.1038/s41392-024-02072-z.

[2]  S. K. Asrani, H. Devarbhavi, J. Eaton,
P. S. K.-J. of hepatology, and undefined 2019,
“Burden of liver diseases in the world,”
Elsevier, 2019, doi:
10.1016/j.jhep.2018.09.014.

[3] A. Al Ahad, B. Das, M. R. Khan, N.
Saha, A. Zahid, and M. Ahmad, “Multiclass
liver disease prediction with adaptive data
preprocessing and ensemble modeling,” Results
in Engineering, vol. 22, p. 102059, 2024.

[4] R. K. Sterling ef al., “AASLD Practice
Guideline on blood-based noninvasive liver
disease assessment of hepatic fibrosis and
steatosis,” Hepatology, 2024, doi:
10.1097/HEP.0000000000000845.

[5] S. Aminizadeh et al, “Opportunities
and challenges of artificial intelligence and
distributed systems to improve the quality of
healthcare service,” Artif Intell Med, vol. 149,

Mar. 2024, doi:
10.1016/J.,ARTMED.2024.102779.
[6] P.  Theerthagiri, “Liver  discase

classification using histogram-based gradient
boosting classification tree with feature
selection algorithm,” Biomed Signal Process

Tolo s, b s lio-0
Slool jo cailb & Jaw paix L SML (golpriy Jow
ol cadond amslie SIS slalae elul  gaoge
dval SVM) glais oy omile 5 Wl le bagss,
ok cs e VWY RFO) solas K> anail
5 [#] (HGBoost) ol Syiuna 5 e bol S ul3dl

I¥] e 6 5L
9 ©lpiie Joe Alwgay caiicnS mls (7)) Joox

awlie o5 slojlre cus 5 1) Len oo ple
odl )35 bl @ axgi b aws o lis Len sl s,
G o Jlere ;0 SML solgiiny Joo o) Jgaz o
Aoy a5 Sl ol Baaalid g o)l (650 b o Ko
3 e g B b Jae ool e lacim iy
aslio 0590 o oo olad  jo Jow cplcwl o plo
Sole a4 tawlos ST S cds a5l T o Slae oy e
oS g Hly cuie olse glulis o SML Ko
Onired tluslod S Jog 3390 Loy DI Zule slallas
S pdin Caite (Sladiges Conl atusley SML Jae oS L] |
Iy @35 o e jl s05 o Slaws 5 05 olulis |,
ln e oo & o (ssllan 3ok &5 cams )5
5 B p (embio Jolsd golpaing Jaw cplpogdle wo)ls
zodon FI Vb 255 )0 ol cpl aS 005 135 Slo>ib
Ely polie 4 SML Jaw sla gin i Sl dgpen
Rlie (a8 Joo b SIS (rmed 4 g 0090 Su35 e
b Jue ple 4 < RMSE § MAE lo \lze ol 51,
Slgxeas 1) T SML (eolpiinn Jow (555 p Canlod S S
&S slasslen (St Ay 3 ST HE () S

S g0 gyl

S S A —F
r S Gl len (Swiie Aliee (Lagh (ol o
2 e (SML) auslil il 6,50l sy 5 oad

! Ensemble learning

P 2l ¥V okl VFeF Jlo



3
“3
3
!
3.
!
|
3
.
3
5
:
3
9
‘:J‘.
9

[16] L. Trulson, S. Holdenrieder, and G.
Hoffmann, “Using machine learning techniques
for exploration and classification of laboratory
data,” Journal of Laboratory Medicine, vol. 48,
no. 5, pp. 203-214, 2024.
[17] K. N. Singh and J. K. Mantri, “A
clinical decision support system using rough
set theory and machine learning for disease
prediction,” Intelligent Medicine, vol. 4, no. 3,
. 200-208, Aug. 2024, doi:
10.1016/J.IMED.2023.08.002.
[18] H. Kaur, H. S. Pannu, and A. K. Malhi,
“A Systematic Review on Imbalanced Data
Challenges in Machine Learning,” ACM
Computing Surveys (CSUR), vol. 52, no. 4,
Aug. 2019, doi: 10.1145/3343440.
[19] T-H. S. Li, H-J. Chiu, and P.-H. Kuo,
“Hepatitis C virus detection model by using random
forest, logistic-regression and ABC algorithm,”
IEEE Access, vol. 10, pp. 91045-91058, 2022.
[20] M. M. Ershadi and A. Seifi,
“Applications of dynamic feature selection and
clustering methods to medical diagnosis,” App!
Soft Comput, vol. 126, p. 109293, Sep. 2022,
doi: 10.1016/J.ASOC.2022.109293.
[21] M. Y. Shams, E. S. M. El-kenawy, A.
Ibrahim, and A. M. Elshewey, “A hybrid
dipper throated optimization algorithm and
particle swarm optimization (DTPSO) model
for hepatocellular carcinoma (HCO)
prediction,” Biomed Signal Process Control,
vol. 85, p. 104908, Aug. 2023, doi:
10.1016/J.BSPC.2023.104908.
[22] J. S. Sartakhti, M. H. Zangooei, and K.
Mozafari, “Hepatitis disease diagnosis using a
novel hybrid method based on support vector
machine and simulated annealing (SVM-SA),”
Comput Methods Programs Biomed, vol. 108,
no. 2, pp. 570-579, Nov. 2012, doi:
10.1016/J.CMPB.2011.08.003.
[23] M. Yaganoglu, “Hepatitis C virus data
analysis and prediction using machine
learning,” Data Knowl Eng, vol. 142, p.
102087, Nov. 2022, doi:
10.1016/J.DATAK.2022.102087.
[24] F. Mostafa, E. Hasan, M. Williamson,
and H. Khan, “Statistical machine learning
approaches to liver disease prediction,” Livers,
vol. 1, no. 4, pp. 294-312, 2021.
[25] G. Hoffmann, A. Bietenbeck, R.
Lichtinghagen, and F. Klawonn, “Using
machine learning techniques to generate
laboratory diagnostic pathways—a case study,”
J Lab Precis Med, vol. 3, no. 6, 2018.
[26] D. Chicco and G. Jurman, “An
ensemble learning approach for enhanced
classification of patients with hepatitis and
cirrhosis,” IEEE Access, vol. 9, pp. 24485—
24498, 2021.
[27] A. Orooji and F. Kermani, ‘“Machine
learning based methods for handling
imbalanced data in hepatitis diagnosis,”
Frontiers in Health Informatics, vol. 10, no. 1,
p. 57,2021.
[28] H. Mamdouh Farghaly, M. Y. Shams,
and T. Abd El-Hafeez, “Hepatitis C Virus
prediction based on machine learning
framework: a real-world case study in Egypt,”
Knowl Inf Syst, vol. 65, no. 6, pp. 2595-2617,
Jun. 2023, doi: 10.1007/S10115-023-01851-
4/TABLES/7.

PFP 2l ¥ oL VFeF JLlo

Control, vol. 100, Feb. 2025, doi:
10.1016/J.BSPC.2024.107102.

il 255 0,8 6,8l oo (il oz <95 (swin 3o [7]
dax Call jlae SO g resd GanAlgS hgy ST oS D
5 e Sy deldad Ko Lo (S5 L8, siludse ol

NFe e MNVFAY ao oV 6 jlads VA 590 dloools
[71 M. Mojarad, H. Parvin, S. Nejatiyan,
and K. A. Bagheri Fard, “Combining an
Ensemble Clustering Method and a New
Similarity = Criterion for Modeling the
Hereditary Behavior of Diseases,” Signal and
Data Processing, vol. 18, no. 2, pp. 97-114,
Oct. 2021, doi: 10.52547/JSDP.18.2.97.
Jolse ot 5 (i i) (e e (alal [8]
L oosleel gloosls o (gaigm &S Alozy sl » S5
5 pPle Gl dalidad «ile 253k 5 )NS50,

AYAY AF-AD ao F 5leds VO 6,90 cloools
[8] N. Emami and Z. Hassani, “Prediction
and determining the effective factors on the
survival transplanted kidney for five-year in
imbalanced data by the meta-heuristic approach
and machine learning,” Signal and Data
Processing, vol. 15, pp. 85-94, 2019, doi:
10.29252/JSDP.15.4.85.
[9] S. Hashem et al., “Machine Learning
Prediction Models for Diagnosing
Hepatocellular Carcinoma with HCV-related
Chronic Liver Disease,” Comput Methods
Programs Biomed, vol. 196, p. 105551, Nov.
2020, doi: 10.1016/J.CMPB.2020.105551.
[10] K. Moulaei, H. Sharifi, K.
Bahaadinbeigy, A. A. Haghdoost, and N.
Nasiri, “Machine learning for prediction of
viral hepatitis: A systematic review and meta-
analysis,” Int J Med Inform, vol. 179, p.
105243, Nov. 2023, doi:
10.1016/J.1JMEDINF.2023.105243.
[11] D. A. Jadhav, “An enhanced and
secured predictive model of Ada-Boost and
Random-Forest techniques in HCV
detections,” Mater Today Proc, vol. 51, pp.
186-195, Jan. 2022, doi:
10.1016/J.MATPR.2021.05.071.
[12] F. B. Mostafa and M. E. Hasan,
“Machine Learning Approaches for Inferring
Liver Diseases and Detecting Blood Donors
from Medical Diagnosis,” medRxiv, Apr. 2021,
doi: 10.1101/2021.04.26.21256121.
[13] P. T. Bharathi, S. N. Bindu, S. G.
Deepthi, H. U. Gunakeerthi, and K. U.
Harshitha, “Al based solution for Predicting
Hepatitis C Virus from Blood Samples,”
International Conference on Smart Systems for
Applications in Electrical Sciences, ICSSES
2024, 2024, doi: 10.1109/ICSSES62373.
2024.10561391.
[14] M. Cedolin, M. E. Genevois, and Z.
Canbulat, “Hepatitis C Diagnosis Using
Computational  Intelligence  Techniques,”
Lecture Notes in Networks and Systems, vol.
1090 LNNS, pp. 29-36, 2024, doi:
10.1007/978-3-031-67192-0_4.
[15] M. Arif, M. A. Aslam, H. U. Rehman,
M. Abbas, and S. Bukhari, “Laboratory
Diagnostic =~ Pathways  Using  Machine
Learning,” VFAST Transactions on Software
Engineering, vol. 10, no. 1, pp. 78-85, Mar.
2022, doi: 10.21015/VTSE.V1011.826.



i, kel il ool o>
s oS FeslS ewaige
05; )L....M.:‘o 3‘ w‘ ‘5(:9....40
| ul...u oKislos )39.....‘41[5 LS...JW
Jols gy shesn
5&&&;}.;?‘. LSLQW-:-‘“-.‘!-“" ¢yl GrSol «gylSesls
5 o igh ST 5 LT (slagi 55
5l oslawl diey o ol eSTen .l ] (slas )8

slaais;

(e S5 Zopae 85> 0 edle pS0l
oS ol g (Shy 859> 50 ol A
A oo dalol 1) 093 _iagh (IS (5,68 sloasil

5 el & le laol &bLI, glas

emami@ubonab.ac.ir

[29] A. Alizargar, Y. L. Chang, and T. H. Tan,
“Performance Comparison of Machine Learning
Approaches on Hepatitis C Prediction Employing
Data Mining Techniques,” Bioengineering, vol. 10,
no. 4, p. 481, Apr. 2023, doi: 10.3390/BIOENG

INEERING10040481/S1.

[30] R. Safdari, A. Deghatipour, M.
Gholamzadeh, and K. Maghooli, “Applying
data mining techniques to classify patients with
suspected hepatitis C virus infection,”
Intelligent Medicine, vol. 2, no. 4, pp. 193—198,
Nov. 2022, doi: 10.1016/J.IMED.2021.12.003.

[31] P.A. A.Resende and A. C. Drummond,
“A Survey of Random Forest Based Methods
for Intrusion Detection Systems,” ACM
Computing Surveys (CSUR), vol. 51, no. 3,
May 2018, doi: 10.1145/3178582.

[32] D. M. W. Powers, “Evaluation: From
Precision, Recall and F-Measure to ROC,
Informedness, Markedness and Correlation,”
Journal of Machine Learning Technologies,
vol. 2, no. 1, pp. 37-63, 2011.

B, Esal sl wghdl Sl
Sbobial ST e 5 00,5 (5L,
| ol JSaalS pole 5 (2L, 09,5
‘\ - oo gl imgh laaie; .l Ol
’ OYolee  J>  oue sla kg,
o5 5 cpile 650l csoae RIUT (il s
Seolital Ay 0 gy il Jl> 0 celag]

-~ w

9 95 8357 5o Golem padeiS sl edle 550k

CYolee Jo 50 o) Blly8 g (goue sla by, (eizres

220 oo deldl g3 _iegh slac s 4 Jodlas

5l el Sl oLl e, i
babakazarnavid@ubonab.ac.ir

L5 gol L2318 001yt Ius Cunnxo
OBsh Gl o) l5 ool A,
09; )Ln)l...w‘ 5‘ ol uL..Lo& B
Slo ol Sonals pole 5 (o2L,
Jol 55 spon sloaie) ol
slopt sl (SlaS S ileaingr @S0 (giloange
G bt S aeeal IS 5 6
ooy 5 sl 09T el (il S0l 5 (Eoan
A b s 8397 50 el (6 S0l I eolinl
N 55 slepn, Nl g (Shn 8 0 6l
A2 oo Aslol 1) 0e5  img
) el @l laal &b, Sles
mohsen.ab@ubonab.ac.ir

P 2l ¥V okl VFeF Jlo


mailto:babakazarnavid@ubonab.ac.ir
mailto:Mohsen.ab@ubonab.ac.ir
mailto:emami@ubonab.ac.ir

