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ABSTRACT
Aim: This study aimed to determine the important features and cut-off values after demonstrating the detectability of cirrhosis 
using routine laboratory test results of chronic hepatitis C (CHC) patients in machine learning (ML) algorithms.
Methods: This retrospective multicenter (37 referral centers) study included the data obtained from the Hepatitis C Turkey 
registry of 1164 patients with biopsy-proven CHC. Three different ML algorithms were used to classify the presence/absence of 
cirrhosis with the determined features.
Results: The highest performance in the prediction of cirrhosis (Accuracy = 0.89, AUC = 0.87) was obtained from the 
Random Forest (RF) method. The five most important features that contributed to the classification were platelet, αlpha-feto 
protein (AFP), age, gamma-glutamyl transferase (GGT), and prothrombin time (PT). The cut-off values of these features 
were obtained as platelet < 182.000/mm3, AFP > 5.49 ng/mL, age > 52 years, GGT > 39.9 U/L, and PT > 12.35 s. Using cut-off 
values, the risk coefficients were AOR = 4.82 for platelet, AOR = 3.49 for AFP, AOR = 4.32 for age, AOR = 3.04 for GGT, and 
AOR = 2.20 for PT.
Conclusion: These findings indicated that the RF-based ML algorithm could classify cirrhosis with high accuracy. Thus, crucial 
features and cut-off values for physicians in the detection of cirrhosis were determined. In addition, although AFP is not included 
in non-invasive indexes, it had a remarkable contribution in predicting cirrhosis.
Trial Registration: Clinicaltrials.gov identifier: NCT03145844
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1   |   Introduction

It is estimated that approximately 58 million of the global pop-
ulation is infected with hepatitis C virus (HCV) [1]. After ex-
posure to HCV, about 55%–85% of patients progress to chronic 
hepatitis C (CHC) infection, which leads to liver fibrosis sec-
ondary to liver inflammation. Over time, the progression of 
liver fibrosis leads to cirrhosis, which may then progress to 
end-stage liver disease and hepatocellular carcinoma (HCC). 
Therefore, accurate detection of cirrhosis is not only import-
ant for the selection of the optimal direct-acting antiviral 
(DAA) regimen and its duration but also helps in the decision 
of whether or not to perform surveillance for HCC and en-
doscopy for esophageal varices after therapy [2–4]. Although 
liver biopsy is the gold standard for the diagnosis of cirrhosis, 
its high cost, invasive nature with risk of complications, the 
heterogeneous distribution of hepatic fibrosis, and sampling 
and/or pathological interpretation variabilities are the most 
important limitations of liver biopsy in predicting cirrhosis. 
Therefore, research efforts to find alternative, cheaper, practi-
cal, and safe non-invasive methods that can predict the diag-
nosis of cirrhosis have led to the development of non-invasive 
tests [5].

It is still controversial whether non-invasive methods can re-
place liver biopsy in the prediction of the presence of cirrhosis 
[6]. However, the current recommendation of the European 
Association for the Study of the Liver (EASL) is that non-
invasive tests can be used as an alternative to liver biopsy in 
the evaluation of the presence of cirrhosis before DAA ther-
apy, to determine the duration of treatment and the DAA anti-
viral therapy to be used in the treatment. It is expected that at 
least two different non-invasive methods will be used together 
in the evaluation, and the results of these two methods will be 
consistent with each other [7]. However, this recommendation 
is difficult to implement because non-invasive alternatives 
such as fibroscan and elastography are expensive and are not 
available in every center due to the need for personnel trained 
in their application, which can be done together with scores 
such as the aspartate aminotransferase (AST)-to- platelet 
ratio index (APRI) and the Fibrosis-4 (FIB-4) index calculated 
using routine laboratory parameters [8]. Therefore, there is a 
need for new non-invasive alternatives to be developed for the 
detection of cirrhosis.

Machine learning (ML) algorithms have good forecasting ca-
pabilities for the prediction of various diseases, which has led 
to the increased use of these algorithms in the field of health 
care [9]. However, studies [5, 10–14] on cirrhosis prediction 
did not provide information about the treatment regimen or 
could not contribute significantly to the clinician's opinion. 
However, ensuring the reliability of non-invasive ML algo-
rithms for cirrhosis detection may require a specific focus on 
the pre-treatment cohort, as this approach helps minimize 
the variability introduced by post-treatment physiological 
changes.

To the best of our knowledge, no previous study has examined 
CHC patients before starting DAA therapy, so it is unclear if the 
previous models can be transferred to CHC patients who will 

receive DAA therapy. Therefore, this study aimed to use rou-
tine laboratory test results in ML algorithms to reveal the clas-
sifiability/determinability of cirrhosis in CHC patients prior to 
DAA therapy, and after that to determine the important features 
in this diagnosis and their cut-off values.

2   |   Methods

ML algorithms are trained using a known data set (“supervised 
learning”), which is then applied to the test data for prediction. 
The whole process from the creation of the raw data set to the 
testing of the trained model is depicted in Figure 2.

2.1   |   Patients and Data

This retrospective multicenter study used data obtained from 
the HEP-C TURKEY database, which is a multicenter, obser-
vational registry of clinical data collected from 2619 Turkish 
patients with CHC with real-world experience of DAA therapy 
between April 2017 and December 2019. It is registered by The 
Clinical Microbiology Specialty Society (EKMUD) and The 
Viral Hepatitis Society (VHSD) Infectious Diseases of Turkey, 
including data from 37 Turkish referral centers.

The inclusion criteria for this study were: age > 18 years, posi-
tive for both HCV antibodies and HCV RNA, a history of liver 
biopsy with available METAVIR score, and laboratory results 
performed at the same time as the liver biopsy. Exclusion crite-
ria were defined as follows: known co-infection with hepatitis B 
virus (HBV) or human immunodeficiency virus (HIV), chronic 
alcoholism, immunosuppression or malignancy, or patients 
under DAA therapy.

Prior to data cleansing, 1937 patients met the inclusion crite-
ria (Figure  1). Demographic, clinical, histopathological, and 
laboratory data were collected via the web-based reporting 
platform. Input features were age, gender (male, female), body 
mass index (BMI), comorbidities, coronary artery disease 
(CAD), hypertension, diabetes mellitus (DM), and the results 
of laboratory tests performed before DAA therapy, including 
platelet, complete blood count analysis (CBC), serum alanine 
aminotransferase (ALT), aspartate aminotransferase (AST), 
alkaline phosphatase (ALP), gamma-glutamyl transpeptidase 
(GGT), total bilirubin (TBIL), prothrombin time (PT), albu-
min, alpha-fetoprotein (AFP), HCV genotype, and HCV RNA.

The stage of liver fibrosis was determined from F0 to F4, based 
on the METAVIR score [15]. The target variable (binary) was 
the status at which cirrhosis was classified: no cirrhosis (F0–
F3) and cirrhosis (F4). Patients were identified as having cir-
rhosis if they had a liver biopsy showing cirrhosis (Metavir 
F4) (Figure 2).

2.2   |   APRI and FIB-4 Scores Calculation

The aspartate aminotransferase to platelet ratio index (APRI) 
and the Fibrosis 4 score (FIB-4) are non-invasive alternatives 
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to liver biopsy to detect liver fibrosis stages or the presence 
of cirrhosis. The upper limit of normal (ULN) of AST was 
40 IU/L. APRI scores were calculated using the following 
formula: APRI score = [(AST/ULN AST) × 100]/platelet 
(109/L) [16]. FIB-4 scores were calculated as: FIB-4 = Age 
([year] × AST [U/L])/((platelet [10 (9)/L]) × (ALT [U/L])  
(1/2)) [17].

2.3   |   Data Preprocessing

2.3.1   |   Data Cleansing

Both box plots and clinician opinions were taken into account 
when removing outliers. Observations that were determined 
to be extreme in the graph or not compatible with the labo-
ratory test result according to the clinician's approach were 
excluded. In addition, the data set was organized by removing 
noisy data.

2.3.2   |   Standardization

Min-max normalization was used so that the variation caused 
by features with substantially different reference ranges did not 
have a negative effect on the classification.

2.4   |   Methodology

2.4.1   |   Feature Selection

Random Forests (RF) were used to select the most significant 
features that contributed to distinguishing cirrhosis status 
(present-absent). The reason for using RF was that it increased 
the classification accuracy while reducing the features and was 
a reliable method for selection in experimental results [18].

The analysis was started with 18 features. Genotype and HCV-
RNA were excluded from the data set as they did not contribute 

FIGURE 1    |    Flow chart; process of counting data until ready for final analysis, I. Co-infect: Immunosuppression or co-infection with malignancy.

FIGURE 2    |    The entire ML process, from raw data set to prediction.
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to the classification after the selection process. The present 
study was conducted with 16 features. Correlations between fea-
tures were also evaluated for the data set in which categorical 
features were excluded. There was no correlation value above 
0.60 between features (Figure 3) [19].

2.4.2   |   Training–Testing

The training data was 70% (816 obs.) of the cleaned and standardized 
data set, and the remaining 30% (348 obs.) was used for the test set. 
Optimum values for hyperparameters of ML classifier algorithms  
were obtained using grid search and 10-fold cross-validation.

2.4.3   |   Classification Methods and Cut-Off Values

Classification is an ML approach that is used to forecast group 
membership for data sets  [20]. Three different ML methods, 

namely, RF, Support Vector Machines (SVM) linear and radial-
based, and eXtreme Gradient Boosting (XGBoost) were used to 
classify cirrhosis according to the determined features. The RF 
method has the ability to classify non-parametric structures with 
high performance and to determine the variable importance [21]. 
Another ML technique, SVM, is generally much faster and is 
known to have high performance for large data sets [22]. Known 
as a kind of gradient boosting machine, XGBoost was developed 
mainly in two aspects: to speed up tree construction and to pro-
pose a new distributed algorithm for tree search. With these 
features, it can provide very successful results for classification 
tasks [23]. Different methods were used to determine cut-off val-
ues of the important features. In determining these values, uni-
variate ROC analysis results, clinician opinions, the cut-off value 
providing the highest information according to the gini index in 
the RF model final tree, and the Multivariate Adaptive Regression 
Spline (MARS) results were taken into account. The logistic re-
gression model was used to calculate the odds ratio for the cirrho-
sis risk of the cut-off values together with all the other features.

FIGURE 3    |    The correlogram expresses the correlation consisting of only continuous features in the data set.
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2.4.4   |   Evaluating the Models

A confusion matrix was created to evaluate the performance of 
ML techniques. Accuracy, sensitivity, specificity, and positive 
and negative predictive values were calculated from this matrix, 
as well as the area under the curve (AUC) and confidence inter-
vals with software [24].

2.4.5   |   Statistical Analysis

Data obtained in the study were analyzed statistically using 
SPSS version 25 software (Armonk, NY: IBM Corp.). Descriptive 
statistics of the features were stated as median and percentile 
values (25th—75th), frequency, and percentage. Mann Whitney 
U test was applied for numerical comparison of the groups. The 
performance of the APRI and FIB-4 scores was compared with 
ML models using several metrics. Brier score and AUC were 
used for overall performance. A lower Brier score indicates a bet-
ter model fit, with values closer to 0 reflecting better prediction 
accuracy. The closer the AUC is to 1, the better the model per-
forms. Calibration was assessed using the Hosmer–Lemeshow 
test [25], where a p-value > 0.05 suggests good calibration, and 
values below 0.05 suggest poor calibration. For reclassification, 
Net Reclassification Index (NRI) and Integrated Discrimination 
Improvement (IDI) were calculated with 95% confidence inter-
vals. Both NRI and IDI values increase with better model per-
formance, where higher values indicate better reclassification 
and discrimination ability [26, 27]. Finally, Decision Curve 
Analysis (DCA) was conducted to assess the clinical usefulness 
of the models. A higher net benefit across a range of threshold 
probabilities indicates a model with better clinical utility [28]. In 
addition, hyperparameter tuning; the range of values for each 
hyperparameter was determined based on prior literature and 
exploratory experiments. We employed grid search to explore 
different hyperparameter combinations. A 3-repeated 10-fold 
cross-validation approach was used during tuning to ensure 
robustness and minimize overfitting. The selection of optimal 
values was based on overall model performance across multi-
ple metrics (AUC, accuracy, sensitivity, specificity, and others 
as relevant), ensuring a well-balanced and generalizable model. 
Imputation; there were no missing values in the dataset; there-
fore, imputation was not required.

R Studio version 0.92.382 was used for all ML techniques with 
the “caret v6.0–90,” “corrplot v0.92,” “dplyr v1.0.8,” “e1071 
v1.7–9,” “earth v5.3.1,” “ggplot2 v3.3.5,” “pROC v1.18.0,” 
“dcurves0.4.0,” “Hmisc 5.1–0,” “PredictAbel 1.2–4,” “glmtool-
box 0.1.7,” “DescTools 0.99.49,” “randomForest v4.7–1,” and “xg-
boost v1.5.2.1” packages.

3   |   Results

3.1   |   Baseline Statistics

The final number of observations in the raw data set of 1937 
patients was 1164 after cleaning. This consisted of 239 (20.5%) 
patients with cirrhosis and 925 (79.5%) patients without cirrho-
sis. When the variables were evaluated in general according 
to the presence or absence of cirrhosis, a homogeneous gender 

distribution was observed (p = 0.253). Apart from this, signifi-
cance was noted in all variables. The basic statistics of the fea-
tures in the cirrhosis groups are given in Table 1.

3.2   |   Evaluation of Models

The cirrhosis classification performances of the three ML 
techniques were evaluated in both the training and test sets. In 
the test set, the highest performance results (Accuracy = 0.89, 
Sen = 0.82, Spe = 0.92, AUC = 0.87, PPV = 0.90, NPV = 0.86) 
for 16 features were obtained from the RF method (hyperpa-
rameters; mtry = 4, ntree = 2500). The method with the lowest 
results (Accuracy = 0.84, Sen = 0.76, Spe = 0.91, AUC = 0.83, 
PPV = 0.88, NPV = 0.81) was the radial-based SVM (hyper-
parameters; c = 2, Ɣ = 0.08). It was determined that the ML 
techniques provided approximately 87% accuracy in classi-
fying cirrhosis with only the values obtained from routine 
laboratory tests and approximately 85% diagnosis (AUC) per-
formance. In the training set, the highest performance results 
were obtained from the RF and xGBoost method (for both 
of them Accuracy = 1.00, Sen = 1.00, Spe = 1.00, AUC = 1.00, 
PPV = 1.00, NPV = 1.00). However, lower performance results 
were obtained from SVM with the radial basis function and 
linear kernel. Notably, the absence of machine learning mod-
els and the lack of hyperparameter optimization led to mark-
edly inferior performance, comparable to random guessing 
(Table 2).

The diagnostic success of ML classification algorithms has been 
compared with the widely used APRI and FIB-4. According to 
the ROC analysis results, even the radial-based SVM with the 
lowest performance (AUC = 0.864) had higher diagnostic success 
than APRI (AUC = 0.779) and FIB-4 (AUC = 0.841). Although 
the Brier scores for APRI (0.783) and FIB-4 (0.761) show more 
favorable results, this score may indicate that the models are 
making overly confident predictions, potentially leading to 
overfitting, as these predictions often deviate from the true ac-
curacy. Furthermore, other performance metrics, apart from the 
Brier score, demonstrate that ML methods perform better. The 
lowest chi-square value (4.63 and p = 0.86) in terms of Hosmer–
Lemeshow was obtained from the RF method. Positive and 
significant results were obtained for each ML method, with tradi-
tional APRI and FIB-4 showing more favorable outcomes in both 
reclassification indices and discrimination ability. RF achieved a 
53% improvement in classification performance compared to the 
APRI model. (p < 0.001). A 26% IDI value demonstrated that the 
RF model provided 26% better discrimination ability compared 
to the APRI (p < 0.001). Likewise, considering the FIB-4 val-
ues, the performance results of the RF method were remarkable 
(NRI = 26%, p < 0.001 and IDI = 21%, p < 0.001) (Table 3).

Finally, when the success of the ML methods was analyzed with 
DCA, it was clearly seen that they were more more beneficial 
than the traditional APRI and FIB-4 scores (Figure 4).

3.3   |   Important Features

The five most important features that contributed to the clas-
sification in all ML techniques were determined to be platelet 
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(100%), AFP (85%–93%), age (68%–85%), GGT (70%–78%), and 
PT (54%–65%). Although the order of importance of age and 
GGT varies in the RF method, age was seen to be the third most 
important feature in general (Figure 5).

Optimum cut-off values of these most important features to 
predict cirrhosis were found to be platelet: 182.000/mm3, AFP: 
5.49 ng/mL, age: 52 years, GGT: 39.9 U/L, and PT: 12.35 s. With 
these cut-off values, cirrhosis status was accepted as the out-
come feature, and when univariate LR analysis was performed, 
the highest OR value AFP was obtained (COR = 9.11 (CI: 6.62–
12.51), p < 0.001). As shown in Table 4, when the logistic model 
was adjusted considering all other features, the highest risk co-
efficient was obtained from platelet (AOR = 4.82 (CI: 3.13–7.41), 
p < 0.001).

4   |   Discussion

In this study, we focused on pre-treatment CHC patients to en-
sure consistency and reliability in our predictive model. One 

of the main reasons for this choice is that our dataset consists 
of biopsy-proven CHC cases. It is well established that liver 
pathophysiology undergoes significant changes following 
treatment, as numerous studies [29–32] have demonstrated 
fibrosis and resolution of necroinflammation after viral erad-
ication. Furthermore, including post-treatment patients was 
avoided because machine learning models are trained on spe-
cific data distributions, and factors such as varying degrees of 
fibrosis in these patients could potentially affect the classifi-
cation performance of the models. Thus, limiting the cohort 
to pre-treatment cases ensures a more stable and interpretable 
model for clinicians.

Many ML classification algorithms (linear vector quantization 
(LVQ) logistic regression, naive Bayes, decision tree (DT), RF, 
XGBoost, K-nearest neighbor, SVM, artificial neural networks 
(ANN), and classification and regression trees) have been used 
to evaluate and classify cirrhosis in different studies [5, 10–14]. 
Some of these studies used a data set consisting of quantitative 
data, such as the one we used in our study, and others used an 
ultrasonographic data set to predict cirrhosis. These studies 

TABLE 1    |    Patient characteristics.

Features No cirrhosis (n = 925) Cirrhosis (n = 239) p

AGE (years) 52 (36–63) 63 (55–70) < 0.001

AST/ALT 0.9 (0.7–1.1) 0.9 (0.8–1.2) < 0.001

TBIL (mg/dL) 0.6 (0.5–0.7) 0.7 (0.6–0.9) < 0.001

Albumin (g/dL) 4.4 (4.2–4.5) 4.1 (3.9–4.3) < 0.001

AFP (ng/ml) 3.2 (2.5–4.1) 6.6 (3.7–8.1) < 0.001

ALP (U/L) 80.4 (77.3–87.5) 88 (79–105) < 0.001

GGT (U/L) 33 (28.4–45.4) 56 (36–70) < 0.001

Platelet (×103/mL) 239.4 (222–259) 178 (134–229) < 0.001

PT (seconds) 12.2 (12–12.6) 12.8 (12.2–13.6) < 0.001

BMI (kg/m2) 25.5 (24.5–26.7) 26.8 (25.6–27.8) < 0.001

CBC (×103/mL) 7.5 (6.4–8.2) 6.4 (5.2–7.7) < 0.001

APRI 0.4 (0.3–0.6) 0.8 (0.5–0.8) < 0.001

FIB-4 1.2 (0.8–1.7) 2.5 (1.8–2.8) < 0.001

Gender

F/M 430 (46.5)/495 (53.5) 121 (50.6)/118 (49.4) 0.253

Comorbidity

No/Yes 567 (61.3)/358 (38.7) 87 (36.4)/152 (63.6) < 0.001

CAD

No/Yes 862 (93.2)/63 (6.8) 210 (87.9)/29 (12.1) 0.007

Hypertension

No/Yes 704 (76.1)/221 (23.9) 129 (54)/110 (46) < 0.001

DM

No/Yes 810 (87.6)/115 (12.4) 175 (73.2)/64 (26.8) < 0.001

Note: Numerical features were expressed as median (25th and 75th percentiles), and factors were expressed as frequency (percentage).
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have shown classification accuracy ranging from 80% to 97%. 
However, the mentioned studies generally did not go further 
than studies in which several ML techniques were applied to a 
data set, important features were determined, no details were 
made about treatments (especially DAA), and rather a kind of 
theoretical validation of ML methods was made. Regarding cir-
rhosis, studies that helped clinical decision-makers or studies 
involving DAA therapy were usually studies in which cirrhosis 

was not classified and fibrosis stages were evaluated together 
[33–37]. For example, Emu et al. achieved an accuracy rate of 
> 97% with the three different ML algorithms (RF, MLP, and 
logarithmic regression), as well as Ghazal et al. with the SVM 
algorithm to predict the fibrosis stage. However, both of those 
studies used a UCI Egyptian data set  [38] that included data 
on CHC patients receiving antiviral therapy [35, 39]. Failure to 
recognize the presence of cirrhosis before DAA therapy in CHC 

TABLE 2    |    Performance metrics of models.

Models (hyperparameters) Metrics

Results

Training set Test set

Random guessing Accuracy 0.51 (0.48–0.55) 0.42 (0.38–0.46)

AUC 0.55 (0.52–0.58) 0.54 (0.51–0.57)

Sen 0.51 (0.48–0.54) 0.45 (0.40–0.50)

Spe 0.51 (0.48–0.54) 0.37 (0.33–0.41)

PPV 0.86 (0.82–0.91) 0.59 (0.55–0.63)

NPV 0.15 (0.11–0.19) 0.27 (0.23–0.31)

RF (mtry = 4, ntree = 1500) Accuracy 1.00 (0.99–1.00) 0.89 (0.85–0.93)

AUC 1.00 (0.98–1.00) 0.87 (0.83–0.93)

Sen 1.00 (0.99–1.00) 0.82 (0.77–0.84)

Spe 1.00 (0.98–1.00) 0.92 (0.88–0.95)

PPV 1.00 (0.99–1.00) 0.90 (0.86–0.93)

NPV 1.00 (0.98–1.00) 0.86 (0.81–0.92)

XGBoost (nrounds = 340, max_depth = 4, eta = 0.3, 
gamma = 0, colsample_bytree = 0.8, min_child_
weight = 1, subsample = 0.8)

Accuracy 1.00 (0.99–1.00) 0.87 (0.82–0.91)

AUC 1.00 (0.97–1.00) 0.86 (0.83–0.93)

Sen 1.00 (0.99–1.00) 0.79 (0.75–0.82)

Spe 1.00 (0.98–1.00) 0.92 (0.88–0.95)

PPV 1.00 (0.98–1.00) 0.90 (0.87–0.94)

NPV 1.00 (0.99–1.00) 0.84 (0.80–0.90)

SVM-linear (c = 0.28) Accuracy 0.91 (0.87–0.95) 0.85 (0.83–0.90)

AUC 0.90 (0.88–0.93) 0.83 (0.79–0.88)

Sen 0.89 (0.86–0.93) 0.76 (0.70–0.79)

Spe 0.92 (0.89–0.96) 0.92 (0.88–0.95)

PPV 0.91 (0.88–0.94) 0.90 (0.87–0.94)

NPV 0.90 (0.89–0.95) 0.81 (0.77–0.86)

SVM-Radial (c = 2, Ɣ = 0.08) Accuracy 0.90 (0.87–0.94) 0.84 (0.80–0.87)

AUC 0.89 (0.85–0.93) 0.83 (0.78–0.88)

Sen 0.89 (0.87–0.92) 0.76 (0.71–0.79)

Spe 0.92 (0.89–0.98) 0.91 (0.87–0.95)

PPV 0.91 (0.88–0.95) 0.88 (0.81–0.93)

NPV 0.90 (0.87–0.93) 0.81 (0.77–0.86)

Note: Values in parentheses indicate a 95% confidence interval of estimates.
Abbreviations: AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive value, Sen, sensitivity; Spe, specificity.
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FIGURE 4    |    Decision curve analysis of values helpful in the diagnosis of cirrhosis.

TABLE 3    |    Comparison of APRI and FIB-4 scores with ML techniques.

Overall 
performance APRI FIB-4 SVM-L SVM-R RF xGBoost

Brier Score 0.783 0.761 0.792 0.803 0.806 0.811

AUC 0.779 0.841 0.864 0.874 0.894 0.891

Calibration

Hosmer–
Lemeshow

29.6
(p < 0.001)

17.2
(p = 0.045)

6.12
(0.727)

33.4
(p < 0.001)

4.63
(p = 0.86)

5.88
(p = 0.75)

Reclassification APRI vs RF
 FIB-4 vs RF

APRI vs SVM-L
 FIB-4 vs SVM-L

APRI vs SVM-R
 FIB-4 vs SVM-R

APRI vs xGBoost
 FIB-4 vs xGBoost

NRI [95% CI] 0.53 0.47 0.46 0.41

[0.44–0.62] [0.38–0.56] [0.36–0.56] [0.30–0.52]

0.26
[0.17–0.34]

0.20
[0.11–0.29]

0.21
[0.11–0.30]

0.15
[0.04–0.25]

IDI [95% CI] 0.26 0.24 0.19 0.26

[0.22–0.31] [0.19–0.28] [0.15–0.24] [0.21–0.32]

0.21
[0.15–0.26]

0.18
[0.13–0.23]

0.13
[0.09–0.18]

0.21
[0.15–0.26]

Note: In the calculation of NRI, IDI, and Hosmer–Lemeshow values for RF, SVM, and xGBoost; it was obtained through the logistic model by using the predicted 
values obtained after the constructed model. The model created with APRI and FIB-4 values was accepted as the old model, and the model created with ML techniques 
was accepted as the new model.
Abbreviations: SVM-L, linear kernel SVM; SVM-R, radial basis function SVM.
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cases can lead to treatment failure and may also result in miss-
ing the chance of early detection and cure for HCC, which can 
be achieved with HCC surveillance [40].

APRI and FIB-4 biochemical scores, which are the most 
widely used non-invasive methods in clinical practice, have 
very low performance in predicting the presence of cirrhosis. 
As a matter of fact, in the study conducted by Parikh et  al. 
[41] on 10,650 patients, the sensitivity and specificity of APRI 
at the time of cirrhosis diagnosis were found to be 9.3% and 

98.8%, and those of FIB-4 were 41.3% and 91.0%. In addition, 
the study conducted by Yen et  al. on 1716 patients empha-
sized that the cut-off values of APRI and FIB-4 scores used 
in practice should be changed for the diagnosis of cirrhosis 
and that this change should be made according to AST values. 
In the mentioned study, scores with varying diagnostic per-
formance were mentioned according to AST values (APRI's 
AUROC ranged from 0.81 to 0.68, and FIB-4's ranged from 
0.85 to 0.70) [42]. Therefore, it is not recommended to use 
these scores alone to predict advanced fibrosis or cirrhosis 

FIGURE 5    |    The five most important features in all ML algorithms.

TABLE 4    |    Model evaluations according to the cut-off values of the most important features.

Features Cut-off value COR (95% CI) p AOR (95% CI) p

Platelet (×103/mL) < 182 8.76 (6.33–12.12) < 0.001 4.82 (3.13–7.41) < 0.001

AFP (ng/mL) > 5.49 9.11 (6.62–12.51) < 0.001 3.49 (2.32–5.27) < 0.001

Age (years) > 52 5.44 (3.77–7.84) < 0.001 4.32 (2.67–6.97) < 0.001

GGT (U/L) > 39.9 5.48 (4.1–7.49) < 0.001 3.04 (2.02–4.57) < 0.001

PT (s) > 12.35 4.02 (2.98–5.42) < 0.001 2.20 (1.49–3.21) < 0.001

Note: The cut-off values were determined using ROC analysis, with the Youden Index maximizing both sensitivity and specificity for optimal classification 
performance.
Abbreviations: AOR, adjusted odds ratio; COR, Crude odds ratio.
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[7]. Consequently, there is a need for alternative non-invasive 
methods. The results of the current study also showed that 
all ML models achieved a higher performance compared with 
APRI and FIB-4 scores. Here's a concise explanation of the 
AOR and COR results for the discussion, tailored for hepatol-
ogists: These findings underscore the utility of these clinical 
markers in predicting cirrhosis, with AOR values providing 
more reliable estimates after controlling for confounding 
factors. The results suggest that these biomarkers, especially 
platelet count, AFP, and PT, should be carefully considered in 
clinical practice for cirrhosis risk stratification. These cut-off 
values represent thresholds where clinical intervention might 
be considered based on the likelihood of an adverse outcome. 
The threshold probability, linked to DCA, helps in defining the 
level of certainty (probability) at which clinical action should 
be taken. By examining net benefit across varying threshold 
probabilities, clinicians can better understand how the model 
performs at different levels of risk tolerance. For instance, a 
higher threshold probability might indicate a greater certainty 
of treatment benefit, while a lower threshold could involve 
more inclusive treatment decisions for patients at moderate 
risk. Thus, the cut-off values provide a practical and clinically 
relevant framework, offering hepatologists clear, actionable 
metrics based on the model's predictions. Additionally, DCA 
is helpful in assessing the net benefit at different thresholds, 
providing further insight into the clinical utility of the model 
across diverse risk profiles.

To date, it has been demonstrated that more successful results 
can be achieved in making sense of data with ML models. In ad-
dition, these modern techniques, which have many advantages 
compared to classical statistics, allow the determination of both 
complex relationships between features and the target variable 
and the most important features that affect the target variable 
[43, 44].

AFP, one of our most important attributes, is a glycoprotein 
secreted mainly from the fetal liver, and its main use in the 
monitoring of chronic liver diseases is HCC screening [17, 45]. 
However, it has been shown that serum AFP levels can often 
be high in CHC patients without HCC [46]. Although in-
creased serum AFP levels are associated with increased levels 
of hepatic inflammation and fibrosis, which are highest in pa-
tients with cirrhosis, the clinical significance of elevated AFP 
in CHC patients has not been clearly demonstrated [47, 48]. 
Furthermore, results involving AFP in CHC patients diag-
nosed with cirrhosis are contradictory. According to Bayati 
et  al. [49], AFP level > 17.8 ng/mL strongly suggests the di-
agnosis of cirrhosis in a population of patients with chronic 
hepatitis C, Fattovich et al. [50] reported that 43% of compen-
sated cirrhotics had AFP levels 10 ng/mL, and Tong et al. [51] 
described AFP elevations in only 10% of cirrhotic patients. 
However, when Chyntia Olivia et al.'s [52] 10 ng/mL AFP cut-
off value for HCC is considered, the results create complete 
confusion. In the study conducted by Hashem et  al., which 
included only a large number of patients, the cut-off value 
of AFP was found to be > 6.5 ng/mL and was among the im-
portant features, but this value was a prediction for advanced 
fibrosis. Therefore, we think that the value of 5.49 for AFP 
in our study, which aims to diagnose cirrhosis patients with 
CHC only with a high number of patients and takes DAA 

therapy into account, is a very important auxiliary cut-off for 
decision-makers.

In the current study, platelet, age, GGT, and PT were other im-
portant features in the top five of all the models. In patients with 
chronic liver disease, thrombocytopenia is often the first pre-
senting abnormality, seen in 6% of patients without cirrhosis, 
and in 70% of patients with cirrhosis [53]. In the current study, 
platelet was the most relevant feature, with a cut-off value of 
< 182.000/mm3 for the prediction of cirrhosis with a 4.82-fold 
increased risk. In the study conducted by Gordon et al. [54] on 
the non-invasive diagnosis of cirrhosis with discriminant score 
in patients with CHC using the scoring method, they concluded 
that 0.74 sensitivity, 0.63 specificity, and 159,000/mm3 value of 
platelet were important. On the other hand, in the meta-analysis 
conducted by Udell et al. [55], they calculated the negative likeli-
hood ratio as 0.28 (0.07–0.48) for values below 200,000/mm3. As 
a general approach to the type of hepatitis, in the study of Surana 
et al. [56], they calculated the platelet value for the diagnosis of 
cirrhosis in chronic viral hepatitis B (HBV), C (HCV), and D 
(HDV) patients as 143,000/mm3. The values in the mentioned 
studies and similar studies in the literature focus on the values 
in the range of 140,000/mm3 and 200,000/mm3. Therefore, it 
was concluded that the 182,000/mm3 platelet value we recom-
mended in our study was within the range and crucial.

Aging has been shown to lead to the impairment of hepatic func-
tions and a reduction in liver regeneration and repair [57, 58]. 
Along with age, GGT and PT are included in many indices and 
are usually scored together with other variables. Therefore, it 
is very difficult to establish any consensus regarding the cut-
off values of each of these features. However, it is known that 
there is a positive relationship between the increase in these 
attributes and impairments in hepatic functions in almost all 
scoring used in the literature. The values we found in the cur-
rent study showed that the relevance between these variables 
and cirrhosis was not different from the literature.

4.1   |   Limitations

There are some limitations in our study. First of all, since our 
study is aimed at the diagnosis of cirrhosis with CHC by con-
sidering DAA therapy, there is no equivalent in the literature. 
Therefore, this situation sometimes led us to comparisons with 
advanced fibrosis studies. In addition, while our model demon-
strates strong predictive performance for pre-treatment CHC 
patients, future research should explore its applicability to 
post-treatment cases. Another limitation was that the number 
of cases was lower than in the other group. This led to a slight 
decrease in some performance metrics.

Taken together, these results revealed that the designed RF-
based ML model could diagnose cirrhosis with high accuracy 
using only routine laboratory test results. Although AFP is not 
included in non-invasive indexes, it had a remarkable contri-
bution in predicting cirrhosis, in addition to platelet, GGT, age, 
and PT features known to be important in predicting cirrhosis 
in CHC patients. Moreover, ML algorithms with the determined 
features had higher performance than APRI and FIB-4 scores in 
assisting physicians in diagnosing cirrhosis.
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