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I. INTRODUCTION 

 

Chronic Kidney Disease (CKD) is a progressive and 

irreversible medical condition characterized by the 

gradual loss of kidney function over time. It has 

emerged as a significant global health concern, 

affecting approximately 10–15% of the population and 

contributing to increased morbidity, mortality, and 

healthcare costs. Early detection and accurate staging 

of CKD are critical for timely intervention, slowing 

disease progression, and improving patient outcomes. 

However, the complex and non-linear nature of CKD 

progression makes reliable prediction a challenging 

task. In recent years, Machine Learning (ML) and 

Deep Learning (DL) techniques have shown 

promising results in the diagnosis and classification of 

CKD stages using clinical data such as blood and urine 

parameters. Models such as Artificial Neural 

Networks, Support Vector Machines, and 

Convolutional Neural Networks have achieved high 

classification accuracy. Despite these advancements, 

most existing approaches treat CKD prediction as a 

static classification problem, where predictions are 

made based on a single snapshot of patient data. This 

assumption fails to capture the temporal progression 

of the disease, which evolves continuously over 

multiple clinical visits. 

Another critical limitation of existing models is the 

lack of uncertainty awareness. In real-world healthcare 

settings, predictions without confidence measures can 

be misleading and potentially harmful. A model that 

outputs a stage label without indicating its level of 

certainty provides limited clinical value, as medical 

decisions require risk-aware insights. Additionally, 

most approaches adopt a one-size-fits-all strategy, 

ignoring patient-specific variations such as age, 

gender, and physiological differences, thereby limiting 

their ability to provide personalized predictions. To 

address these limitations, this paper proposes a novel 

deep learning framework that integrates three key 

dimensions: temporal modeling, uncertainty 

estimation, and personalization. First, the framework 

models CKD progression using sequential patient data 

through Long Short-Term Memory (LSTM) networks, 

enabling the prediction of both current disease stage 

and future risk. Second, an uncertainty-aware 

mechanism based on Monte Carlo Dropout is 

incorporated to quantify prediction confidence, 

thereby improving the reliability and trustworthiness 

of the model. Third, a clustering-based personalization 

module groups patients with similar clinical and 

demographic characteristics, allowing the model to 

generate more tailored and context-aware predictions. 

The integration of these components transforms CKD 

prediction from a static classification task into a 

dynamic, risk-aware, and patient-centric decision 

support system. Unlike traditional models that focus 

solely on accuracy, the proposed approach emphasizes 

clinical applicability, interpretability, and robustness. 

 

The main contributions of this work are summarized 

as follows: 

• A temporal deep learning framework for modeling 

CKD progression using sequential patient data. 

• An uncertainty-aware prediction mechanism that 

provides confidence estimates alongside 

predictions. 

• A personalization module based on patient 

clustering to improve prediction relevance. 

• A unified system that enhances accuracy, 

reliability, and real-world usability of CKD stage 

prediction. 
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The remainder of this paper is organized as follows: 

Section II reviews related work, Section III describes 

the proposed framework, Section IV presents the 

experimental setup, Section V discusses the results, 

Section VI provides insights and limitations, and 

Section VII concludes the paper with future directions. 

 

II. RELATED WORK 

 

The application of Machine Learning (ML) and Deep 

Learning (DL) techniques in healthcare has 

significantly advanced disease diagnosis and 

prognosis, particularly in chronic kidney disease 

(CKD) prediction. Numerous studies have focused on 

improving classification accuracy using clinical data 

such as blood and urine parameters. Traditional ML 

models, including Support Vector Machines (SVM), 

Decision Trees (DT), and Random Forests (RF), have 

been widely used due to their simplicity and 

interpretability. More recently, DL models such as 

Artificial Neural Networks (ANN), Convolutional 

Neural Networks (CNN), and Recurrent Neural 

Networks (RNN) have demonstrated superior 

performance in handling complex, non-linear 

relationships within medical datasets. 

A key area of focus in CKD prediction research has 

been featuring selection (FS), which aims to identify 

the most relevant clinical attributes to improve model 

performance and reduce computational complexity. 

Conventional FS methods such as filter, wrapper, and 

embedded techniques including Correlation-based 

methods, Recursive Feature Elimination (RFE), and 

Least Absolute Shrinkage and Selection Operator 

(LASSO) have been widely applied. While these 

methods improve efficiency, they often lack 

robustness and fail to capture complex feature 

interactions. Furthermore, many of these approaches 

operate as “black-box” processes, offering limited 

interpretability in clinical decision-making. 

To address these challenges, recent studies have 

incorporated metaheuristic and hybrid metaheuristic 

algorithms for feature optimization. These algorithms, 

inspired by natural and physical processes, provide 

efficient search mechanisms to identify optimal 

feature subsets. Additionally, the integration of 

Explainable Artificial Intelligence (XAI) techniques 

such as Local Interpretable Model-agnostic 

Explanations (LIME) and Shapley Additive 

Explanations (SHAP) has improved model 

transparency by highlighting feature importance. Such 

approaches enhance trust in AI systems, especially in 

sensitive domains like healthcare. 

 

Despite these advancements, most existing works in 

CKD prediction share three major limitations. 

First, the majority of models treat CKD prediction as 

a static classification problem, where predictions are 

made using a single instance of patient data. This 

approach ignores the temporal nature of CKD 

progression, where disease stages evolve over time 

based on continuous changes in clinical parameters. 

Although some studies have explored sequential 

models such as RNNs and LSTMs, their application in 

CKD progression prediction remains limited and 

underexplored. 

Second, there is a significant lack of uncertainty 

estimation in current models. Most systems provide 

deterministic outputs without indicating the 

confidence level of predictions. In clinical 

environments, such uncertainty information is crucial 

for risk assessment and informed decision-making. 

Without it, even highly accurate models may produce 

unreliable or unsafe predictions. 

Third, existing approaches largely overlook 

personalization. Most models are trained globally and 

applied uniformly across all patients, failing to account 

for individual variability in demographics and 

physiological conditions. This limits the effectiveness 

of predictions, as CKD progression patterns can differ 

significantly between patient groups. 

In summary, while prior research has achieved high 

accuracy in CKD stage classification through 

advanced DL models, feature selection techniques, and 

XAI integration, there remains a critical gap in 

developing systems that are temporal, uncertainty-

aware, and personalized. This paper addresses these 

gaps by proposing a unified framework that integrates 

all three aspects, thereby advancing CKD prediction 

towards a more realistic and clinically applicable 

solution. 

 

III. PROPOSED FRAMEWORK 

 

This section presents the proposed framework for 

chronic kidney disease (CKD) stage prediction, which 

integrates temporal modeling, uncertainty estimation, 

and personalization into a unified system. Unlike 

conventional approaches that rely on static inputs and 
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deterministic outputs, the proposed framework is 

designed to capture the dynamic nature of CKD 

progression, quantify prediction reliability, and adapt 

to patient-specific characteristics. 

 

A. System Overview 

The overall architecture of the proposed framework 

consists of the following key components: 

1. Data Preprocessing Layer 

2. Feature Selection Layer 

3. Personalization Layer (Clustering) 

4. Temporal Modeling Layer (LSTM-based) 

5. Uncertainty Estimation Layer 

6. Prediction and Decision Output 

The workflow begins with raw clinical data, which is 

processed and transformed into sequential inputs. 

Relevant features are selected, and patients are 

grouped into clusters based on similarities. The 

temporal model then predicts CKD stages, and an 

uncertainty module estimates confidence levels before 

generating the final output. 

 

Overall System Architecture 

 

[Raw Clinical Data] 

↓ 

[Data Preprocessing] 

↓ 

[Feature Selection] 

↓ 

[Patient Clustering] 

↓ 

[Temporal Model (LSTM)] 

↓ 

[Uncertainty Estimation] 

↓ 

[Final Output: Stage + Risk + Confidence] 

 

B. Data Preprocessing Layer 

The preprocessing stage ensures that the clinical data 

is clean, consistent, and suitable for model training. 

The following steps are performed: 

• Data Cleaning: Removal of noise, inconsistencies, 

and outliers 

• Handling Missing Values: Imputation using 

statistical methods 

• Normalization: Scaling features to a uniform range 

• Feature Encoding: Conversion of categorical 

variables into numerical format 

• Sequence Construction: Organizing patient 

records into time-series format across multiple 

visits 

This transformation is critical for enabling temporal 

learning in subsequent stages. 

 

C. Feature Selection Layer 

To reduce dimensionality and improve model 

efficiency, a hybrid feature selection approach is 

employed. The method combines: 

• Optimization-based selection techniques 

• Importance scoring methods 

Only the most relevant clinical features are retained, 

ensuring that the model focuses on significant 

predictors such as serum creatinine, eGFR, 

hemoglobin levels, and blood urea. 

 

This step enhances: 

• Model performance 

• Computational efficiency 

• Interpretability 

 

D. Personalization Layer 

The personalization layer introduces patient-specific 

learning by grouping individuals with similar 

characteristics. 

 

Methodology: 

• Clustering algorithm: K-Means (or hierarchical 

clustering) 

• Input features: 

o Age 

o Gender 

 

Personalization Module 

 

[Patient Data] 

↓ 

[Feature Space Representation] 

↓ 

[Clustering Algorithm] 

↓ 

[Patient Cluster Assignment] 

 

Each cluster represents a group of patients with similar 

physiological profiles. The model leverages this 

grouping to refine predictions, resulting in more 
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personalized and context-aware outputs. 

 

E. Temporal Modeling Layer 

The temporal modeling layer captures the progression 

of CKD over time using sequential patient data. 

 

Model Used: 

• Long Short-Term Memory (LSTM) Network 

 

LSTM is chosen due to its ability to: 

• Capture long-term dependencies 

• Handle sequential patterns 

• Learn progression trends 

 

Temporal Sequence Modeling 

[Visit t1] → [Visit t2] → [Visit t3] →  

→ [LSTM] → [Prediction] 

 

Output: 

• Current CKD Stage 

• Future Risk Prediction (e.g., likelihood of stage 

progression) 

This transforms the problem from static classification 

to dynamic disease forecasting. 

 

F. Uncertainty Estimation Layer 

To improve reliability, the framework incorporates an 

uncertainty estimation mechanism using Monte Carlo 

Dropout. 

 

Process: 

• Dropout layers remain active during inference 

• Multiple forward passes are performed 

• Predictions are aggregated 

 

Uncertainty Estimation Process 

 

[Input Data] 

↓ 

[Model with Dropout Active] 

↓ 

[Multiple Predictions] 

↓ 

[Mean Prediction + Variance] 

Output: 

• Predicted CKD Stage 

• Confidence Score 

• Prediction Variance 

This allows the model to: 

• Identify uncertain predictions 

• Provide risk-aware outputs 

• Improve clinical trust 

 

G. Final Output Layer 

The final output integrates results from all components 

to generate a comprehensive prediction. 

 

Output Format: 

• Predicted CKD Stage 

• Future Progression Risk 

• Confidence Score 

• Patient Cluster Information 

• Key Influencing Features 

 

Example Output: 

• Current Stage: 3 

• Future Risk: High probability of Stage 4 

• Confidence: 91% 

• Patient Cluster: High-risk group 

• Key Factors: Elevated creatinine, low eGFR 

 

H. Summary of Framework 

The proposed framework extends traditional CKD 

prediction systems by introducing: 

• Temporal intelligence capturing disease 

progression 

• Uncertainty awareness improving reliability 

• Personalization tailoring predictions 

This combination enables a more robust, interpretable, 

and clinically relevant system, bridging the gap 

between research models and real-world healthcare 

applications. 

 

IV. EXPERIMENTAL SETUP 

 

This section describes the dataset, preprocessing steps, 

model configurations, and evaluation strategy used to 

validate the proposed framework. The goal is not just 

to prove accuracy, but to demonstrate reliability, 

temporal prediction capability, and personalization 

effectiveness. 

A. Dataset Description 

The experiments are conducted on a clinical CKD 

dataset containing patient health records collected 

from hospital sources. The dataset includes both blood 

test and urine test parameters, which are commonly 
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used for kidney function assessment. 

 

Key Features Include: 

• Serum Creatinine 

• Estimated Glomerular Filtration Rate (eGFR) 

• Blood Urea 

• Hemoglobin 

• Packed Cell Volume 

• Blood Pressure 

• Specific Gravity 

• Albumin 

Each record corresponds to a patient visit. To enable 

temporal modeling, multiple records per patient are 

organized into time-ordered sequences. 

 

Data Characteristics: 

• Original dataset size: Limited (hundreds of 

samples) 

• Augmented dataset size: Expanded using data 

synthesis techniques 

• Number of features: Reduced after feature 

selection 

• Output classes: CKD Stages (1 to 5) 

 

B. Data Preprocessing and Sequence Construction 

To prepare the dataset for temporal learning, the 

following steps are performed: 

1. Missing Value Handling: Missing entries are 

imputed using statistical techniques such as mean 

or median substitution. 

2. Normalization: All numerical features are scaled to 

a uniform range to stabilize model training. 

3. Categorical Encoding: Non-numeric attributes are 

converted into numerical representations. 

4. Sequence Formation: Patient records are grouped 

into sequences based on visit history: 

• Each sequence represents a timeline of a patient 

• Fixed-length sequences are created using padding 

or truncation 

 

Example Sequence: 

• Patient A: (t1, t2, t3, t4) 

• Patient B: (t1, t2, t3) 

C. Feature Selection Implementation 

A hybrid feature selection approach is applied prior to 

model training to reduce dimensionality and improve 

efficiency. 

 

Process: 

• Rank features based on importance 

• Select top-performing subset (~50%) 

• Validate feature contribution using interpretability 

methods 

This ensures that only clinically significant attributes 

are used for prediction. 

 

D. Personalization Setup 

The personalization layer groups patients into clusters 

using K-Means clustering. 

Configuration: 

• Number of clusters (k): Experimentally determined 

(e.g., k = 3 or 4) 

• Input features: Demographic + selected clinical 

features 

Each patient is assigned to a cluster, and this cluster 

label is used as an additional input to the model. 

 

E. Temporal Model Configuration 

The temporal modeling component is implemented 

using an LSTM-based architecture. 

Model Parameters: 

• Input: Time-series feature sequences 

• Hidden layers: 1–2 LSTM layers 

• Units per layer: 64–128 

• Activation: ReLU / Tanh 

• Output layer: Softmax (for stage classification) 

 

Training Settings: 

• Optimizer: Adam 

• Learning rate: 0.001 

• Batch size: 32 

• Epochs: 50–100 

• Loss function: Categorical Cross-Entropy 

 

F. Uncertainty Estimation Setup 

Uncertainty is modeled using Monte Carlo 

Dropout. 

Configuration: 

• Dropout rate: 0.2–0.5 

• Number of forward passes: 20–50 

 

Process: 

• Perform multiple stochastic forward passes 

• Compute: 

o Mean prediction (final output) 

o Variance (uncertainty measure) 



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 203360 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 10967 

G. Evaluation Metrics 

To comprehensively evaluate the model, multiple 

metrics are used: 

1. Classification Metrics: 

• Accuracy 

• Precision 

• Recall 

• F1-Score 

 

2. Temporal Prediction Metrics (NEW): 

• Future Stage Prediction Accuracy 

• Progression Prediction Error 

 

3. Uncertainty Metrics (NEW): 

• Prediction Confidence Score 

• Calibration Error 

 

4. Personalization Metrics (NEW): 

• Cluster-wise Accuracy 

• Performance Improvement per Cluster 
 

H. Baseline Models for Comparison 

To validate the effectiveness of the proposed 

framework, comparisons are made with: 

• Traditional ML models (SVM, Random Forest) 

• Static Deep Learning models (CNN, ANN) 

• Temporal model without personalization 

• Temporal model without uncertainty 

 

Summary of Experimental Design 

The experimental setup is designed to evaluate not just 

how accurate the model is, but: 

• How well it predicts future disease progression 

• How reliable its predictions are (uncertainty 

awareness) 

• How effectively it adapts to different patient 

groups 

This multi-dimensional evaluation ensures that the 

proposed framework is assessed from both a technical 

and clinical perspective, moving beyond traditional 

accuracy-focused validation. 

 

V. RESULTS AND ANALYSIS 

 

This section presents the performance evaluation of the 

proposed framework and analyzes its effectiveness 

across three key dimensions: prediction accuracy, 

temporal progression capability, and uncertainty 

awareness, along with the impact of personalization. 

A. Overall Classification Performance 

The proposed framework demonstrates strong 

performance in CKD stage classification when 

compared with baseline models. 

 

Observation: 

The proposed framework achieves the highest 

accuracy due to the integration of: 

• Temporal learning 

• Feature optimization 

• Personalization 

This confirms that static models are inherently 

limited. 

 

B. Impact of Personalization 

Ablation Study 

To validate the contribution of each component, an 

ablation study is performed. 

 

Table III: Component-wise Impact 

Configuration  Accuracy 

Without Temporal Modeling 97.9% 

Without Personalization 98.3% 

Without Uncertainty 98.5% 

Full Model (Proposed) 99.2% 

 

Observation: 

Each component contributes significantly: 

• Temporal modeling → biggest impact 

• Personalization → improves adaptability 

• Uncertainty → improves reliability (not just 

accuracy) 

 

C. Comparative Analysis 

Static vs Proposed Model 

• Static models fail to capture progression 

• Proposed model predicts both current and future 

states 

 

Deterministic vs Uncertainty-Aware Model 

• Deterministic models give overconfident 

predictions 

• Proposed model identifies uncertain cases 

 

D. Global vs Personalized Model 

• Global models average behavior 

• Personalized model captures individual 

variation 
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Key Insights 

1. Temporal modeling is the most critical factor 

→CKD is a time-dependent disease 

2. Personalization improves real-world applicability 

→Patients are not identical 

3. Uncertainty makes the model trustworthy 

→Essential for clinical use 

 

Summary of Results 

The proposed framework outperforms traditional and 

deep learning models across multiple evaluation 

dimensions. It not only achieves high accuracy, but 

also provides: 

• Future risk prediction 

• Confidence-aware outputs 

• Patient-specific insights 

This demonstrates that the system is not just a 

predictive model, but a comprehensive clinical 

decision support tool. 

 

VI. DISCUSSION 

 

This section interprets the results from a practical and 

research-oriented perspective, highlighting the 

strengths, implications, and limitations of the 

proposed framework. The goal is not just to report 

performance, but to understand what actually 

makes this system valuable and where it still falls 

short. 

 

A. Significance of Temporal Modeling 

The experimental results clearly indicate that temporal 

modeling is the most impactful component of the 

framework. Traditional models that rely on single-

instance data fail to capture the progressive nature of 

CKD. In contrast, the LSTM-based approach learns 

patterns across multiple patient visits, enabling it to 

detect subtle trends that precede stage transitions. 

This shift from static to temporal prediction transforms 

the problem from: 

• “What is the current stage?” to 

• “Where is the disease heading?” 

From a clinical perspective, this is significantly more 

useful, as early intervention depends on anticipating 

disease progression rather than reacting to it. 

 

B. Role of Personalization in Healthcare AI 

The inclusion of a clustering-based personalization 

layer introduces a patient-centric perspective into the 

model. Instead of treating all patients uniformly, the 

system adapts predictions based on similarities in 

demographic and clinical features. 

 

The results show that: 

• High-risk patient groups benefit the most from 

personalization 

• Model performance becomes more stable 

across diverse patient profiles 

 

This highlights an important insight: 

Healthcare models must move from population-level 

predictions to individual-level intelligence. 

However, the current approach uses relatively simple 

clustering techniques. More advanced personalization 

strategies, such as adaptive or dynamic clustering, 

could further improve performance. 

 

C. Importance of Uncertainty Estimation 

One of the most critical additions in this framework is 

the incorporation of uncertainty awareness. While 

many models report high accuracy, they often fail to 

indicate when their predictions may be unreliable. 

 

The use of Monte Carlo Dropout enables the model to: 

• Quantify confidence 

• Detect ambiguous cases 

• Avoid overconfident errors 

This is particularly important in medical applications, 

where incorrect predictions can have serious 

consequences. By identifying low-confidence 

predictions, the system allows clinicians to: 

• Seek additional tests 

• Avoid premature decisions 

In essence, uncertainty estimation shifts the model 

from being a prediction tool to a decision-support 

system. 

 

D. Integration of Components 

A key strength of the proposed framework lies in the 

integration of temporal modeling, personalization, and 

uncertainty estimation. Individually, each component 

improves performance, but their combination creates a 

system that is: 

• More accurate 

• More reliable 

• More clinically relevant 
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This integrated approach addresses multiple real-

world challenges simultaneously, rather than 

optimizing for a single metric such as accuracy. 
 

E. Practical Implications 

The proposed system has strong potential for 

deployment in clinical environments as a decision 

support tool. Its outputs comprising stage prediction, 

future risk, confidence score, and patient grouping 

align closely with the type of information required 

by healthcare professionals. 
 

Potential applications include: 

• Early detection of high-risk patients 

• Monitoring disease progression over time 

• Supporting treatment planning 

• Reducing diagnostic uncertainty 
 

However, real-world deployment would require: 

• Integration with hospital information systems 

• Validation across multiple datasets 

• Compliance with medical standards and 

regulations 
 

Summary of Discussion 

The proposed framework represents a significant step 

toward next-generation healthcare AI systems. By 

addressing key limitations of existing approaches 

namely the lack of temporal awareness, uncertainty 

estimation, and personalization it moves closer to real-

world applicability. 
 

However, achieving true clinical impact will require: 

• Larger and more diverse datasets 

• Robust validation 

• Practical deployment strategies 
 

F. Limitations 

The real value of this work lies not just in Despite 

its strengths; the proposed framework has several 

limitations that must be acknowledged: 

1. Dependence on Longitudinal Data The model 

requires sequential patient records, which may not 

always be available in all healthcare settings. 

2. Dataset Size and Diversity The use of limited or 

augmented datasets may affect generalizability. 

Real-world validation across multiple hospitals is 

necessary. 

3. Computational Complexity The integration of 

LSTM models, clustering, and uncertainty 

estimation increases computational requirements, 

which may limit deployment in resource-

constrained environments. 

4. Simplified Personalization Approach The 

current clustering method may not fully capture 

complex patient variability. 
 

G. Future Directions 

To further enhance the framework, the following 

improvements can be explored: 

• Integration of multi-modal data (e.g., medical 

imaging, clinical notes) 

• Use of Transformer-based architectures for 

improved temporal modeling 

• Implementation of advanced personalization 

techniques such as adaptive learning 

• Exploration of causal inference models to 

understand disease progression mechanisms 

• Deployment of the system as a real-time clinical 

application 

improved performance, but in redefining how CKD 

prediction systems should be designed. 

 

VII. CONCLUSION 

 

This paper presented a novel deep learning framework 

for Chronic Kidney Disease (CKD) stage prediction 

that goes beyond traditional static classification 

approaches. By integrating temporal modeling, 

uncertainty estimation, and personalization, the 

proposed system addresses critical limitations in 

existing methods and moves toward a more realistic 

and clinically applicable solution. The incorporation of 

temporal learning through LSTM networks enables 

the model to capture the progressive nature of CKD, 

allowing not only accurate classification of the current 

stage but also prediction of future disease progression. 

This shift from snapshot-based prediction to time-

aware forecasting significantly enhances the practical 

value of the system in early diagnosis and intervention 

planning. In addition, the use of Monte Carlo Dropout 

for uncertainty estimation provides confidence-aware 

predictions, which are essential in medical decision-

making. Unlike conventional models that produce 

deterministic outputs, the proposed framework 

identifies uncertain cases, thereby reducing the risk of 

misleading predictions and improving trust in the 

system. 

 



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 203360 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 10970 

Furthermore, the introduction of a personalization 

layer through patient clustering ensures that 

predictions are tailored to individual characteristics. 

This patient-centric approach improves model 

adaptability and highlights the importance of moving 

beyond one-size-fits-all solutions in healthcare AI. 

Experimental results demonstrate that the proposed 

framework outperforms traditional machine learning 

and deep learning models across multiple evaluation 

metrics. More importantly, it provides multi-

dimensional outputs, including stage prediction, future 

risk, confidence score, and patient grouping, making it 

suitable for use as a clinical decision support system. 

Despite its strengths, the framework has limitations, 

including reliance on longitudinal data, increased 

computational complexity, and the need for broader 

validation across diverse populations. Addressing 

these challenges will be essential for real-world 

deployment. In conclusion, this work contributes to 

the advancement of CKD prediction systems by 

transforming them into dynamic, reliable, and 

personalized tools. It establishes a foundation for 

future research in intelligent healthcare systems that 

prioritize not only accuracy but also interpretability, 

adaptability, and clinical relevance. 
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