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Abstract
Liver cancer is one of the most deadly malignancies in the world with little survival 

opportunities. The conventional mathematical models of statistics do not have the ability 
to indicate intricate non-linear relationships between various forms of patient data. In this 
paper, a machine learning (Gradient Boosting Decision Trees) and deep neural networks 
(DNNs) algorithm with explainable AI (XAI) elements proposed are integrated to create 
a predictive analytics framework that precision predicts the likelihood of liver cancer. The 
model digests multimodal data such as clinical, biochemical and imaging features with state 
of art preprocess, feature selection and explainability piping like SHAP and LIME. On TCGA-
LIHC data, the experimental assessment recorded an accuracy of 92.5 percent and C-index 
of 0.89, which is higher than that of the conventional models. The framework suggested 
offers clear patient-centered predictions, which will consequently lead to the achievement of 
precision oncology and AI-based clinical decision support.
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1. Introduction 
Hepatocellular carcinoma (HCC), which is the main form of liver cancer is 

one of the most common causes of cancer deaths in the World with more than 
800,000 deaths recorded each year [1], [2]. Even with the recent progress in 
surgery and other targeted therapies, the accuracy of prognosis remains low 
particularly in patients who are known to have the disease at advanced stages 
[3]. Conventional regression based prognostic applications have been found not 
to have the capability to represent heterogeneous, nonlinear associations amid 
clinical, radiological, and biochemical variables [4], [5]. Random Forests, 
Gradient Boosting Machines, and Deep Neural Networks (DNNs) are examples 
of techniques that have obtained significant gains in the predictive accuracy 
through the identification of the latent patterns in multimodal data [5], [8]. The 
recent advances in Explainable AI (XAI) in particular SHAP and LIME have 
made additional steps towards interpretability, which is a necessity in clinical 
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implementation [9], [10]. With the combination of these improvements, AI-
based constructs have now been able to offer accuracy in prognosis [11], [12]. 
Similarly, multi-criteria decision-making models have proven effective in 
structuring complex healthcare evaluations and clinical prioritization [27]. Still, 
the current models are commonly associated with the following limitations data 
imbalance, lack of transparency, and the inability to generalize the results to the 
population [13], [14]. To close these gaps, this paper will suggest an 
amalgamation of machine learning and deep learning with explainable analytics, 
which will provide accuracy and reliability in predicting liver cancer. 

2. Literature Review 
Various researchers have used ML and DL models to predict the outcomes 

of liver cancer.The Random Forests has been applied to clinical data analysis 
with an AUC of 0.82 and no interpretability [4]. The survival prediction used 
Gradient Boosting [5] to enhance measures of discrimination. CNN was 
combined with radiomics of prognosis based on CT with AUC = 0.91 [6]. It was 
revealed that deep auto encoder fusion of multi-omics data can be used to 
enhance C-index [7]. Recent studies also demonstrated that integrating multi-
omics layers using deep neural architectures improves survival prediction 
accuracy [20, 21]. Kumar, Patel, and Srivastava [8] recommended the use of a 
hybrid ensemble of structured and imaging data. Explainable AI models like 
SHAP and LIME [9], [13] are becoming more popular to improve the trust and 
knowledge of clinicians about AI-based predictions.  

According to recent reviews [14], [18], medical AI systems need to be 
combined with accuracy, transparency, and fairness, as summarized in Table 1. 

 
Table 1 

Summary of Related Studies 

Author Method Dataset AUC/         
C-index Limitation 

[4] Random Forest  Clinical 0.82 Low interpretability 

[6] CNN CT Images 0.91 Single modality 

[7] Autoencoder Multi-omics 0.89 High 
dimensionality 

[8] Hybrid Ensemble Imaging + 
Clinical 

0.94 Limited dataset size 

[9] SHAP-DL Multi-Omics 0.90 Sample imbalance 
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3. Proposed Framework 
3.1 System Architecture Overview (Figure 1) 
 

 
Figure 1 

Shows the conceptual workflow of proposed framework 

3.2 Mathematical Model 
In this study, we consider a dataset 𝐷𝐷 = {(𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖)} , where each feature 

vector 𝑥𝑥𝑖𝑖   = [𝐶𝐶𝑖𝑖, 𝐵𝐵𝑖𝑖, 𝑅𝑅𝑖𝑖]represents the concatenation of clinical (C), biochemical 
(B) and radiomic (R) descriptors for the 𝑖𝑖𝑡𝑡ℎpatient. To guarantee numerical 
stability and enhance convergence of the models, standard z-score normalization 
was used to normalize all features: 
  𝑥𝑥   𝑥𝑥        (1)   

The hybrid prediction model was created to use gradient boosting and deep 
learning representations. The result is a convex  mixture of Gradient Boosted 
Decision Trees (GBDT) predictions and predictions of a Deep Neural Network 
(DNN): 
                                      (2) 

Here, 𝛼𝛼 ∈ [0,1]controls the contribution of each model, optimized during 
validation to balance interpretability and predictive  accuracy. Similar hybrid 
approaches integrating GBDT and DNN architectures have shown enhanced 
predictive performance in cancer prognosis [24]. 
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The model was trained using a binary cross-entropy loss   function defined 
as: 
          ∑,     (  ̂)  (      )    (     ̂)-  (3) 

For survival analysis, the predicted risk scores were further integrated into 
a Cox proportional hazards model, where the survival  probability at time 𝑡𝑡 is 
expressed as:   

   (𝑡𝑡   ⁄  )     ∫
 
 
  (   

)    (𝑡𝑡   ⁄ )       ( )  
     (4) 

Here, 𝜆𝜆0(𝑡𝑡) is the baseline hazard function, and 𝛽𝛽 represents the estimated 
regression coefficients reflecting the influence of covariates on patient risk. 

3.3 Explainability Integration 
To ensure clinical transparency and interpretability, two model-agnostic 

explainability frameworks were incorporated: 
SHAP (Shapley Additive Explanations) quantifies each feature’s 

contribution to the prediction using the cooperative game-theoretic formula: 
      ∑ ,  (   * +)   ( )-   * +     (         )      

       (5)   

This allows an even and equal distribution of significance amongst features 
[22], [23]. Furthermore, explainable artificial intelligence frameworks have been 
applied effectively to evaluate complex health parameters and predictions [26]. 

4. Results and Discussion 
The experiments were performed through the TCGA-LIHC dataset that 

included 360 liver patients who had complete clinical, biochemical, and imaging 
data. The dataset was divided into: 70% for training; 15% for validation and 
15% for testing. The model was coded in Python (TensorFlow + Scikit-Learn), 
and trained on an NVIDIA RTX 4080 graph and tested in terms of Accuracy, 
Precision, Recall, F1-score, ROC-AUC, and Concordance Index (C-index). The 
hybrid model on GBDT and Deep Neural Network proposed the best ROC-AUC 
(0.94) and C-Index (0.89) shows good survival predictive and high 
discrimination performance among other algorithms. 

4.1 Model Performance Evaluation 
Table 2 presents the comparative results among conventional, machine 

learning, and proposed hybrid AI models. These results align with independent 
ensemble survival model validations conducted on hepatocellular carcinoma 
datasets [25]. 
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Table 2 
Comparative model performance for liver cancer prognosis 

Model Accuracy 
(%) 

Precision                    
(%) 

Recall                   
(%) 

F1- 
Score 

ROC-
AUC C- Index 

Logistic 
Regression 

74.3 73.1 70.8 0.72 0.75 0.68 

Random Forest 85.7 83.4 84.0 0.84 0.87 0.79 

XGBoost 87.2 86.9 85.6 0.86 0.89 0.82 

Deep Neural 
Network 

88.9 88.5 86.8 0.87 0.91 0.83 

Proposed AI 
Hybrid 
Framework 

92.5 91.6 91.0 0.91 0.94 0.89 

4.2 Analysis 
A scatter plot shown in Figure 2 compares the predicted and actual one-

year survival probabilities for patients with liver cancer. Figure 3 shows the bar 
chart of mean SHAP values showing the top predictive features influencing 
prognosis.  

 

 
Figure 2 

Predicted vs Actual Survival Times 
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Figure 3 

SHAP Summary Plot Interpretation 
 
These findings are consistent with prior multimodal fusion studies 

highlighting the complementary prognostic value of imaging and biochemical 
features [17]. 

4.3 Statistical Validation 
As depicted in Figure 4, the paired t-tests were statistically significant to 

ensure the improvement of the accuracy of the hybrid model and C-index when 
compared to Random Forest and XGBoost (p < 0.05). 

 

 
Figure 4 

Different model comparison with proposed model 



3422� S. MANN ET AL.

5. Conclusion and Future Scope 
The experiment showed that the suggested hybrid ensemble model (GBDT 

+ DNN) had a 92.5 percent accuracy and a C-index of 0.89, which was better 
than the conventional statistical and independent AI models. The results validate 
that the process of combining heterogeneous data and explainable AI techniques 
could play a crucial role in enhancing predicting survival and risk stratification 
in liver cancer prognosis. Future scope includes combination of genomic and 
histopathology data, federated and privacy-preserving learning [16], longitudinal 
data analysis [15] and clinical deployment and real-time decision support [19]. 
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