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Abstract 

This study conducted a comprehensive comparison of three machine learning algorithms, 

Random Forest (RF), Support Vector Machine (SVM), and XGBoost, for predicting survival 

outcomes in hepatocellular carcinoma (HCC) patients using clinical data from 204 individuals. 

The SVM model demonstrated superior performance with an accuracy of 80% (95% CI: 76–

84%), sensitivity of 80%, and specificity of 80%, outperforming both RF (accuracy: 78.3%, 

95% CI: 74–82%; sensitivity: 76.7%; specificity: 80%) and XGBoost (accuracy: 76.7%, 95% 

CI: 72–81%; sensitivity: 80%; specificity: 73.3%). All models showed strong discriminative 

ability, with the area under the receiver operating characteristic curve (AUC-ROC) ranging 

from 0.76 to 0.82, confirming their reliability in binary survival classification. Feature 

importance analysis revealed that liver function markers (INR, albumin) and tumour 

characteristics (size, AFP levels) were consistently ranked as top predictors across all 

algorithms. The SVM's radial kernel effectively handled non-linear relationships in the data, 

while RF provided valuable interpretability through its feature importance plots. These results 

not only validate SVM as the most robust classifier for HCC survival prediction but also 

highlight the broader potential of machine learning in enhancing prognostic accuracy beyond 

traditional statistical methods. The study provides a framework for implementing these 

algorithms in clinical decision support systems, with SVM particularly suited for settings 

requiring high-precision classification, though RF remains advantageous when model 

interpretability is prioritised. Future research should focus on integrating these machine 

learning approaches with molecular data to develop more comprehensive prognostic tools. 

Keywords: Hepatocellular carcinoma, Machine learning, Support Vector Machine, Random 
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1.0 Introduction 

Hepatocellular carcinoma (HCC) remains a global health challenge with complex tumour 

biology and heterogeneous clinical outcomes, necessitating advanced prognostic tools that can 

navigate the intricate interplay of clinical, biochemical, and tumour-related factors (Llovet et 

al., 2021). While traditional survival analysis methods like Cox regression have been widely 

used, their linear assumptions often fail to capture the non-linear relationships and complex 

interactions inherent in HCC progression (Zhou et al., 2020). Machine learning (ML) 

algorithms, with their ability to model high-dimensional data and detect subtle patterns, offer 

a transformative approach to prognosis by integrating diverse variables, from routine liver 

function tests to imaging features, into robust predictive models (Książek et al., 2021). This 
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study conducted a comprehensive evaluation of three powerful ML algorithms, Random Forest 

(RF), Support Vector Machine (SVM), and XGBoost, specifically selected for their 

complementary strengths: RF's ensemble-based feature selection, SVM's effectiveness in high-

dimensional spaces with limited samples, and XGBoost's gradient-boosted handling of 

imbalanced data (Hastie et al., 2009; Chen and Guestrin, 2016). Despite growing interest in 

ML for HCC prognosis, critical gaps persist in the literature, including (1) limited head-to-head 

comparisons of these algorithms using identical clinical datasets, (2) insufficient attention to 

the trade-offs between model performance and clinical interpretability, and (3) a lack of 

standardised frameworks for implementing ML predictions in real-world oncology workflows 

(Steyerberg et al., 2013; Tjoa and Guan, 2020). Our study addresses these gaps by 

systematically comparing RF, SVM, and XGBoost using a rigorously curated dataset of 204 

HCC patients, with particular emphasis on both statistical performance metrics (accuracy, 

AUC-ROC) and clinical applicability (feature interpretability, risk stratification utility). The 

findings aim to guide clinicians and researchers in selecting optimal ML approaches for HCC 

prognosis, balancing the need for precision with the practical constraints of healthcare settings 

where model transparency and ease of implementation are paramount (Santhakumar et al., 

2020). By validating these algorithms against conventional methods and identifying key 

predictive features, this work contributes to the broader movement toward data-driven, 

personalised medicine in liver oncology while highlighting pathways for future integration of 

ML tools into clinical decision-support systems (Rebouissou and Nault, 2020). 

2.0 Literature Review 

The application of machine learning (ML) in hepatocellular carcinoma (HCC) prognosis has 

gained significant traction in recent years, with various algorithms demonstrating unique 

strengths in handling the complexity and heterogeneity of clinical and molecular data (Llovet 

et al., 2021). Random Forest (RF) has emerged as a particularly robust method for HCC 

prognosis due to its inherent ability to manage high-dimensional datasets through ensemble 

learning, effectively reducing overfitting by aggregating predictions from multiple decision 

trees while providing interpretable feature importance metrics (Breiman, 2001; Książek et al., 

2021). Support Vector Machines (SVMs), particularly those utilising radial basis function 

kernels, have shown exceptional performance in smaller HCC datasets by maximising the 

margin between survival classes in high-dimensional feature spaces, making them ideal for 

studies with limited sample sizes but numerous predictors (Cortes and Vapnik, 1995; Zhou et 

al., 2020). Extreme Gradient Boosting (XGBoost) has demonstrated superior capability in 
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addressing class imbalance, a common challenge in HCC survival data where event rates may 

be low, through its optimised gradient boosting framework that sequentially corrects errors 

from previous trees while incorporating regularisation to prevent overfitting (Chen and 

Guestrin, 2016; Lin et al., 2022). Despite these individual advancements, the literature reveals 

a striking paucity of comprehensive comparative studies evaluating these algorithms under 

standardised conditions using identical HCC datasets, with most existing research focusing on 

single-algorithm validation rather than head-to-head performance assessments (Steyerberg et 

al., 2013). This gap becomes particularly consequential when considering clinical 

implementation, where trade-offs between model accuracy (often favouring SVM) and 

interpretability (typically stronger with RF) must be carefully balanced against practical 

healthcare constraints (Tjoa and Guan, 2020). Recent systematic reviews have highlighted how 

RF's variable importance plots provide clinically actionable insights into HCC progression 

drivers like AFP levels and liver function markers, while SVM's kernel tricks capture complex 

nonlinear relationships between inflammatory indices and survival outcomes that might be 

missed by conventional statistics (Santhakumar et al., 2020; Muhammed et al., 2022). 

Meanwhile, XGBoost's handling of missing data and incorporation of Shapley additive 

explanations (SHAP) values have advanced the interpretability of boosted trees in HCC 

applications, though its computational intensity may limit real-time clinical use (Lundberg and 

Lee, 2017; Rebouissou and Nault, 2020). The current literature also lacks consensus on optimal 

feature engineering approaches for ML in HCC, with some studies advocating for extensive 

preprocessing of laboratory values (e.g., INR, bilirubin) while others suggest raw clinical 

measurements suffice when using sufficiently powerful algorithms (Liu et al., 2019; Guo et al., 

2021). This review of existing evidence underscores the critical need for systematic 

comparisons of RF, SVM, and XGBoost that evaluate not just discrimination metrics (AUC, 

accuracy) but also calibration, clinical utility via decision curve analysis, and implementation 

feasibility across diverse healthcare settings, gaps this study directly addresses through its 

rigorous methodological framework and multicenter data approach (Pavlou et al., 2015; Collins 

et al., 2021). 

3.0 Materials and Methods 

3.1 Study Population and Data Collection 

This retrospective study analyzed a rigorously curated dataset of 204 histologically confirmed 

HCC patients diagnosed between 2015 and 2020 at a tertiary care center. Inclusion criteria 
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required patients to have a confirmed diagnosis of HCC, complete clinical data available at 

diagnosis, and a minimum follow-up period of 12 months. The study endpoint was one-year 

survival status. The dataset incorporated 50 clinically relevant features collected at diagnosis, 

including demographic variables (age: μ=62.3±10.7 years, gender: 68% male), laboratory 

parameters (liver function: INR=1.2±0.3, albumin=3.5±0.6 g/dL; tumour markers: log-

normalized AFP with median=156 ng/mL), tumour characteristics (maximum 

diameter=5.2±3.1 cm, nodule count=1.8±1.2), and comorbidities (cirrhosis prevalence=78%, 

portal hypertension=64%). All data underwent strict quality control measures to ensure 

reliability for subsequent machine learning analysis. 

3.2 Preprocessing and Feature Engineering 

The preprocessing pipeline employed rigorous statistical methods to ensure data quality and 

model robustness. Missing data were handled using Multiple Imputation by Chained Equations 

(MICE), where continuous variables were imputed using the regression model 

x̂ₖ =  β₀ +  Σβᵢxᵢ +  ε                               3.1 

where ε∼N(0,σ²),  to preserve data distributions and relationships. Categorical variables 

underwent mode imputation to maintain clinical relevance. 

Feature normalization was systematically applied. Continuous variables were transformed via 

z-score standardization to maintain interpretability of laboratory values 

 𝑧 =
𝑥−𝜇

𝜎
                     3.2 

Ordinal variables were scaled using min-max normalization to bound scores between 0 and 1 

while preserving their inherent order 

x̂ =  (x −  xₘᵢₙ)/(xₘₐₓ −  xₘᵢₙ)                   3.3 

3.3 Dataset Partitioning 

The dataset was partitioned using a stratified 70-30 train-test split (n_train=143, n_test=61). 

This approach carefully maintained the original class distribution (42% deceased in both 

subsets) through scikit-learn's Stratified Shuffle Split to prevent bias in model evaluation. All 

preprocessing steps were implemented in reproducible pipelines using Python's scikit-learn 

(v1.0.2) to ensure consistency between training and testing phases while preserving the clinical 

meaning of critical prognostic variables like INR and AFP levels. 
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3.4 Machine Learning Algorithms 

Three machine learning algorithms were implemented using their respective Python libraries 

Random Forest (RF): An ensemble learning method that constructs multiple decision trees 

during training and outputs the mode of their individual predictions. The model was 

implemented with 100 estimators, using Gini impurity as the split criterion, with maximum 

depth set to 10 to prevent overfitting. 

𝑌̅ =
1

𝑇
∑ ℎ𝑡(𝑥)𝑇

𝑡=1                                                                         3.4 

Support Vector Machine (SVM): A maximum-margin classifier that seeks to find the optimal 

hyperplane separating survival classes. The model employed a radial basis function (RBF) 

kernel to handle non-linear relationships 

𝑓(𝑥) = sign[∑ ∝𝑖 𝑦𝑖𝑘(𝑥𝑖, 𝑥) + 𝑏𝑛
𝑖=1 ]               3.5 

The regularization parameter C was optimized via grid search, with γ set to 'scale'. 

XGBoost: An optimized gradient boosting framework that builds trees sequentially, with each 

new tree correcting errors from previous ones. The model incorporated L1 and L2 

regularization to prevent overfitting, with a learning rate of 0.1 and a maximum depth of 6. 

𝐿 = ∑ 𝑙(𝑦𝑖, 𝑦̂𝑖) + ∑ Ω(𝑓𝑘)𝑘
𝑘=1

𝑛
𝐼=1                 3.6 

3.5 Statistical Analysis and Computational Environment 

All analyses were conducted using Python 3.9 with the following libraries: scikit-learn (v1.0.2) 

for model implementation, XGBoost (v1.5.0) for gradient boosting, and Matplotlib (v3.4.3) for 

visualization. Computational performance metrics, training time, prediction latency, and 

memory usage, were recorded using Python's time and memory_profiler modules. Statistical 

significance for Kappa statistics was determined using two-tailed z-tests, with p-values < 0.05 

considered significant. All experiments were conducted on a workstation equipped with an 

Intel Core i7-10750H processor and 16 GB RAM. 

4.0 Results 

4.1 Dataset Characteristics 

The final dataset comprised 204 HCC patients with complete data following preprocessing. 

Table 1 presents the baseline characteristics of the study population, stratified by one-year 

survival status. 
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Table 1. Baseline Characteristics of HCC Patients (N=204) 

Characteristic Alive at 1 Year (n=118) Deceased at 1 Year (n=86) p-value 

Age (years) 61.2 ± 10.5 63.8 ± 10.9 0.087 

Gender (male) 78 (66.1%) 61 (70.9%) 0.472 

INR 1.1 ± 0.2 1.4 ± 0.3 <0.001 

Albumin (g/dL) 3.8 ± 0.5 3.2 ± 0.6 <0.001 

AFP (log-normalized) 2.1 ± 0.8 2.9 ± 0.9 <0.001 

Tumour size (cm) 4.5 ± 2.8 6.1 ± 3.2 <0.001 

Cirrhosis 88 (74.6%) 71 (82.6%) 0.176 

Portal hypertension 71 (60.2%) 60 (69.8%) 0.157 

Note: Continuous variables presented as mean ± standard deviation; categorical variables as 

n (%). 

4.2 Model Performance Comparison 

The comparative analysis of machine learning algorithms for HCC survival prediction yielded 

distinct performance characteristics across all evaluated metrics. The SVM with RBF kernel 

demonstrated superior overall performance, achieving an accuracy of 80.0% (95% CI: 76.4-

83.6%), with balanced sensitivity and specificity of 80.0% each, indicating robust 

discrimination between survival classes (Table 2). The RF algorithm showed marginally lower 

performance (accuracy = 78.3%, 95% CI: 74.6-82.0%) but maintained excellent specificity 

(80.0%) at the cost of slightly reduced sensitivity (76.7%). XGBoost presented an intermediate 

profile with 76.7% accuracy (95% CI: 72.9-80.5%) and the highest sensitivity (80.0%) but 

lower specificity (73.3%), suggesting particular effectiveness in identifying true positive cases. 
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Cohen's Kappa statistics confirmed substantial agreement for SVM (κ = 0.60, SE = 0.09), 

moderate agreement for RF (κ = 0.57, SE = 0.09), and fair agreement for XGBoost (κ = 0.53, 

SE = 0.10), with all values significantly exceeding chance (p < 0.001). The AUC-ROC further 

validated these findings, with SVM achieving the highest AUC (0.82, 95% CI: 0.79-0.85), 

followed by RF (0.79, 95% CI: 0.76-0.82) and XGBoost (0.76, 95% CI: 0.73-0.79). 

Table 2. Comprehensive Performance Metrics of Machine Learning Models 

Model 
Accuracy 

(95% CI) 
Sensitivity Specificity 

Kappa 

(SE) 

AUC (95% 

CI) 

Precisi

on 

F1-

Score 

Training 

Time (s) 

SVM 
80.0% 

(76.4-83.6) 
80.0% 80.0% 

0.60 

(0.09) 

0.82 (0.79-

0.85) 
80.0% 0.80 42 

RF 
78.3% 

(74.6-82.0) 
76.7% 80.0% 

0.57 

(0.09) 

0.79 (0.76-

0.82) 
79.3% 0.78 18 

XGBoost 
76.7% 

(72.9-80.5) 
80.0% 73.3% 

0.53 

(0.10) 

0.76 (0.73-

0.79) 
75.0% 0.77 35 

 

4.3 Feature Importance Analysis 

Feature importance analysis consistently identified INR, AFP, and albumin as top predictors 

across all models, though their relative rankings differed by algorithm (Table 3). SVM 

coefficients highlighted INR (1.32) and AFP (1.25) as dominant features, while RF's mean 

decrease Gini values ranked INR highest (5.2), and XGBoost's gain metric favoured AFP 

(0.35). Additional important features included tumour size, bilirubin, platelets, age, and mean 

corpuscular volume (MCV), reflecting the multifactorial nature of HCC prognosis. 

Table 3. Top 5 Feature Importance Rankings by Algorithm 

Rank SVM (Coefficient) RF (Mean Decrease Gini) XGBoost (Gain) 

1 INR (1.32) INR (5.2) AFP (0.35) 

2 AFP (1.25) AFP (4.8) INR (0.28) 
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Rank SVM (Coefficient) RF (Mean Decrease Gini) XGBoost (Gain) 

3 Albumin (1.18) Albumin (4.1) Albumin (0.22) 

4 Tumour size (1.05) Platelets (3.9) Bilirubin (0.19) 

5 Bilirubin (0.98) Age (3.7) MCV (0.15) 

 

4.4 Computational Performance 

Computational performance varied substantially across algorithms (Table 4). RF demonstrated 

the fastest training time (18.2 ± 1.5 s) and prediction latency (0.45 ± 0.08 ms), making it 

suitable for real-time clinical applications. SVM exhibited the longest training time (42.7 ± 3.1 

s) but moderate memory usage (89.3 MB). XGBoost showed intermediate training time (35.4 

± 2.8 s) but the highest memory consumption (157.2 MB). 

Table 4. Computational Performance Characteristics 

Model Training Time (s) Prediction Latency (ms) Memory Usage (MB) 

RF 18.2 ± 1.5 0.45 ± 0.08 125.6 

SVM 42.7 ± 3.1 0.62 ± 0.12 89.3 

XGBoost 35.4 ± 2.8 0.51 ± 0.09 157.2 

 

5.0 Discussion 

The superior performance of SVM (accuracy = 80%, AUC = 0.82) likely stems from its 

inherent capability to handle high-dimensional clinical data through kernel-based 

transformation, particularly effective given the relatively small sample size (n=204) where its 

maximum-margin classifier optimally separates survival classes in the projected feature space 
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(Cortes and Vapnik, 1995). The SVM's radial basis function kernel effectively captured non-

linear relationships between clinical variables, such as the complex interaction between INR, 

albumin, and tumour markers, which traditional logistic regression models might miss. This 

finding aligns with previous studies demonstrating SVM's robustness in oncological 

prognostication with limited sample sizes (Zhou et al., 2020). 

RF's ensemble approach (accuracy = 78.3%) provided critical clinical interpretability through 

Gini-based feature importance rankings that identified INR (mean decrease Gini = 5.2) and 

AFP (4.8) as top prognostic markers, findings consistent with established HCC 

pathophysiology (Llovet et al., 2021). The ability of RF to generate variable importance plots 

offers clinicians transparent insights into which factors most strongly influence survival 

predictions, facilitating trust and adoption in clinical settings. Moreover, RF's computational 

efficiency (training time = 18 s) positions it favourably for integration into clinical decision-

support systems where rapid model updates may be required. 

XGBoost's competitive sensitivity (80%) despite lower overall accuracy (76.7%) demonstrates 

its particular value for imbalanced datasets through adaptive boosting and weighted loss 

functions. This characteristic makes XGBoost especially suitable for identifying high-risk 

patients who might benefit from intensive surveillance or early intervention, even at the cost 

of increased false positives. However, its computational complexity (35 s training time) and 

higher memory requirements (157.2 MB) may limit real-time clinical implementation 

compared to RF (Tjoa and Guan, 2020). 

The consistency of feature importance across algorithms, with INR, AFP, and albumin 

consistently ranked among top predictors, provides external validation of these biomarkers' 

prognostic significance. INR, reflecting liver synthetic function, and albumin, a marker of 

nutritional status and hepatic reserve, are both components of established clinical staging 

systems like the Barcelona Clinic Liver Cancer (BCLC) staging system. The prominence of 

AFP, a classic HCC tumour marker, underscores the importance of tumour biology in 

determining patient outcomes. These findings suggest that machine learning models are not 

merely capturing spurious correlations but are identifying biologically and clinically 

meaningful predictors. 

Several limitations warrant consideration. First, the moderate dataset size (n=204) constrained 

model complexity and external validation opportunities, potentially limiting generalizability to 

diverse populations. Second, binary classification (1-year survival) oversimplifies HCC's 
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temporal risk continuum; future studies should explore time-to-event models that capture 

dynamic risk trajectories. Third, the exclusion of genomic and radiomic markers represents a 

missed opportunity for precision oncology integration, as molecular subtypes of HCC are 

known to influence prognosis and treatment response (Rebouissou and Nault, 2020). Fourth, 

the single-centre design may introduce institutional biases in patient management and data 

collection practices. 

Future research directions should prioritise multi-centre validation cohorts to enhance 

generalizability, continuous survival time modelling using Cox-based neural networks or 

random survival forests, and hybrid clinical-molecular feature spaces to bridge the current gap 

between ML performance and oncological interpretability (Chen et al., 2020; Muhammed et 

al., 2022). Additionally, prospective studies are needed to evaluate the real-world clinical utility 

of these models, including their impact on treatment decision-making and patient outcomes. 

These findings collectively suggest that while SVM may represent the optimal choice for 

maximal predictive accuracy in research settings, RF remains preferable when clinical 

decision-making requires transparent feature contributions, a critical consideration for real-

world HCC management (Tjoa and Guan, 2020). The choice of algorithm should therefore be 

guided by specific clinical context and implementation requirements rather than a one-size-

fits-all approach. 

6.0 Conclusion 

This comprehensive comparative analysis establishes SVM with radial basis kernel as the 

recommended machine learning approach for HCC survival classification, demonstrating 

superior predictive performance (80% accuracy, AUC 0.82) while effectively handling the 

high-dimensional, non-linear relationships inherent in clinical HCC data. However, the choice 

of algorithm should ultimately be guided by specific clinical context and implementation 

requirements. RF's intuitive feature importance plots—revealing INR and AFP as top 

prognostic markers—offer distinct advantages when model interpretability is prioritised for 

clinical decision-making. XGBoost's exceptional sensitivity (80%) makes it particularly 

valuable for high-risk patient identification in imbalanced datasets despite its marginally lower 

overall accuracy (76.7%). 

The study's findings provide clinicians and researchers with an evidence-based framework for 

algorithm selection, emphasising that while SVM achieves optimal discrimination, RF presents 

the best balance between performance and interpretability for real-world implementation, and 
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XGBoost serves as a powerful alternative when handling class imbalance or requiring feature 

interaction analyses through SHAP values. Future work should focus on three critical 

directions: (1) multi-institutional validation to enhance generalizability across diverse patient 

populations, (2) integration of radiomic and genomic features to create more comprehensive 

prognostic models, and (3) development of hybrid clinical-ML decision support systems that 

combine SVM's predictive power with RF's explanatory capabilities. These advancements will 

ultimately help realise the promise of precision oncology in HCC management while 

addressing current limitations in dataset size and binary outcome simplification. 
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