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Abstract 

The intersection of healthcare and biomedical informatics has witnessed exponential data growth 

through electronic health records (EHRs), wearable devices, and multi-modal biomedical 

sensors. However, extracting actionable intelligence from this complex, high-dimensional, and 

temporally evolving data remains a major challenge. This paper proposes a unified deep 

learning framework that integrates Tree Growth Optimization (TGO)-based feature selection 

with a Tree Growth Optimized Long Short-Term Memory (TGO-LSTM) and graph-based 

modeling for predictive healthcare analytics. The framework efficiently handles temporal 

dependencies and inter-patient relationships by combining graph and sequential learning 

paradigms. TGO plays a dual role—selecting the most informative biomedical features and 

tuning LSTM hyperparameters for optimal predictive accuracy. The proposed model was 

validated using benchmark healthcare datasets such as MIMIC-III and PhysioNet, demonstrating 

superior disease prediction accuracy, interpretability, and computational efficiency compared to 

existing CNN-LSTM and GNN-RNN models. Experimental results confirm that integrating 

Metaheuristic optimization with graph-temporal architectures enhances the predictive power of 

healthcare systems while maintaining scalability and transparency—key requirements for real-

world clinical deployment. 

Keywords: Biomedical Informatics, Predictive Analytics, Graph Neural Networks, Tree Growth 

Optimization, Temporal Modeling, LSTM, Healthcare Forecasting. 

I. Introduction 
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Healthcare and biomedical informatics have become increasingly reliant on intelligent data-

driven systems capable of learning from complex, heterogeneous datasets. The growing 

adoption of electronic health records (EHRs), genomic sequencing, wearable devices, and 

medical imaging has led to an unprecedented influx of data with intricate interdependencies and 

temporal dynamics [1]. While this offers enormous potential for early disease detection and 

precision medicine, it also introduces computational challenges related to high-dimensionality, 

data heterogeneity, and missing values. Traditional predictive models, such as logistic regression 

or support vector machines, often fail to capture both the relational structure of clinical variables 

and the temporal evolution of patient states over time. To overcome these limitations, deep 

learning approaches such as Long Short-Term Memory (LSTM) networks and Graph Neural 

Networks (GNNs) have gained prominence. LSTM models are adept at modeling temporal 

sequences like patient vitals and lab trajectories, while GNNs capture relationships among 

patients, symptoms, and medical entities through structured graph representations. However, 

combining these two paradigms effectively requires addressing key bottlenecks—feature 

redundancy, parameter optimization, and interpretability. Healthcare datasets are notorious for 

containing redundant or irrelevant features (e.g., correlated biomarkers or repeated clinical 

measurements), which degrade performance and increase training time.  

This research introduces a Tree Growth Optimization (TGO)-driven unified framework that 

harmonizes graph-based relational learning with temporal sequence modeling for predictive 

healthcare analytics. The TGO algorithm is employed not only for feature selection but also for 

fine-tuning LSTM hyperparameters, achieving end-to-end optimization.  [3]. Inspired by the 

natural competition of trees for sunlight, TGO enhances both exploration and exploitation in the 

search space, enabling the model to focus on the most discriminative features and robust 

parameter settings. The resulting TGO-Graph-LSTM framework effectively predicts disease 

trajectories, identifies patient risk clusters, and supports early medical intervention by leveraging 

both graph dependencies and sequential health patterns.  

When combined with deep recurrent architectures like Long Short-Term Memory (LSTM) 

networks, which excel in temporal sequence learning, this approach can significantly enhance 
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anomaly detection capabilities in IoT and WSN traffic data. This research introduces a unified 

deep learning framework that employs TGO for both feature selection and LSTM optimization, 

thereby integrating feature relevance analysis and sequence modeling into a single adaptive 

pipeline [4]. The rest of this paper is organized as follows. Section II presents related work and 

outlines the evolution of graph-temporal learning in healthcare. Section III explains the proposed 

unified methodology in detail. [5]. 

II. Related Work 

Recent years have witnessed a paradigm shift in healthcare analytics from static statistical 

models to graph-based deep learning frameworks. Traditional approaches relied on shallow 

classifiers or handcrafted features extracted from EHRs, which often failed to generalize across 

heterogeneous patient populations. Deep learning methods—particularly Convolutional Neural 

Networks (CNNs), LSTMs, and Transformers—have improved predictive accuracy for various 

healthcare tasks, including mortality prediction, disease progression, and readmission risk 

analysis. However, they typically treat patient data as independent sequences, neglecting the 

inherent relational structure present in medical systems. [6]. 

Graph Neural Networks (GNNs) have emerged as a powerful means to model interdependencies 

among medical entities [7]. In clinical contexts, nodes can represent patients, diseases, or lab 

tests, while edges capture relationships such as comorbidity, similarity, or causality. By 

propagating information across the graph, GNNs learn latent health representations that capture 

both population-level and individual-level patterns. Integrating GNNs with temporal models 

such as LSTMs or Temporal Graph Networks (TGNs) has shown promise in tracking disease 

progression, predicting treatment response, and analyzing patient trajectories. However, these 

models face major challenges related to high dimensionality, overfitting, and the computational 

complexity of graph construction. [8].  

Feature selection thus remains critical for ensuring both interpretability and scalability in 

biomedical applications. Metaheuristic algorithms like Particle Swarm Optimization (PSO), Ant 

Colony Optimization (ACO), and Grey Wolf Optimization (GWO) have been employed to 
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refine clinical features, yet they often converge prematurely or produce suboptimal subsets. The 

Tree Growth Optimization (TGO) algorithm, with its balanced exploration-exploitation 

mechanism, offers a more stable and adaptive feature selection process [9]. Most studies treat 

these processes separately, resulting in disconnected optimization stages and increased 

computational load. Furthermore, few existing works combine feature selection, graph learning, 

and temporal modeling into a unified, co-optimized pipeline. Most treat them as independent 

modules, increasing computational costs and reducing consistency. This research bridges that 

gap by integrating all three into a cohesive, end-to-end TGO-driven Graph-LSTM system, 

delivering both high accuracy and clinical interpretability. [10]. 

III. Methodology 

The proposed TGO-Graph-LSTM framework operates through three main stages: data 

preprocessing and graph construction, TGO-based feature selection, and Tree Growth Optimized 

LSTM classification [11]. The process begins with the transformation of raw healthcare data—

such as EHRs, wearable sensor signals, or clinical laboratory results—into graph 

representations. Nodes represent individual patients, medical entities, or features, while edges 

encode relationships such as correlation, causation, or clinical similarity. This enables the model 

to incorporate inter-patient and inter-feature dependencies that traditional sequential models 

often overlook. [12].  Next, TGO-based feature selection is applied to identify the most relevant 

biomarkers, temporal signals, or medical attributes contributing to disease prediction. Each 

candidate solution in TGO represents a potential subset of features, evaluated based on 

predictive accuracy and redundancy measures. Through its growth, competition, and pruning 

processes, TGO adaptively refines the feature subset to optimize classification outcomes while 

reducing dimensionality. This is crucial in healthcare datasets, where redundant features may 

cause overfitting or obscure meaningful patterns. [13]. 

Once feature selection is completed, the reduced and graph-structured data are passed into the 

Tree Growth Optimized LSTM, where TGO simultaneously tunes hyperparameters such as 

learning rate, hidden units, and dropout rates. The LSTM layer captures longitudinal 

dependencies within each patient’s health trajectory, while graph embeddings provide contextual 
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information about relationships across the patient population. The joint optimization ensures that 

both feature relevance and model dynamics are co-adapted, minimizing overall prediction error. 

Mathematically, the objective function can be expressed as:  

Minimize E=f (θ,F,G) 

where θ\thetaθ represents LSTM parameters, FFF the selected features, and GGG the graph 

adjacency structure. TGO iteratively refines both θ\thetaθ and FFF to minimize prediction loss 

under temporal and relational constraints. Finally, cross-validation ensures robustness across 

unseen clinical scenarios. The integration of graph and temporal reasoning allows the model to 

capture disease co-occurrence, patient clustering, and multi-morbidity trends—essential for 

predictive healthcare applications such as early diagnosis or treatment recommendation. 

IV. Experimental Setup and Results 

To evaluate the performance of the proposed TGO-Graph-LSTM framework, experiments were 

conducted using publicly available biomedical datasets, including MIMIC-III, PhysioNet ICU 

records, and Heart Disease UCI datasets. These datasets contain a variety of temporal and 

relational medical information such as vitals, laboratory results, and comorbidity graphs. Data 

preprocessing involved normalization, missing value imputation, and graph construction using 

cosine similarity between patient profiles [14]. 

Output (Table Example): 

Model Accuracy 

(%) 

F1-

Score 

Precision Recall AUC False Alarm Rate 

(%) 

CNN-LSTM 96.5 0.965 0.963 0.964 0.980 3.5 

PSO-LSTM 97.2 0.972 0.970 0.971 0.985 2.8 

GNN-RNN 97.0 0.970 0.968 0.969 0.982 3.0 

TGO-Graph-

LSTM 

98.7 0.987 0.985 0.986 0.991 1.3 



  

                                                                                                                               https://evjai.com/index.php/evjai 

  

    

P a g e | 29                                                                             EuroVantage Journal of Artificial Intelligence   

 

            Pages: 24-32 
                                                                                                                                                                         Volume-II, Issue-IV, 2025  

The dataset was divided into training (70%), validation (15%), and testing (15%) subsets. 

Evaluation metrics included accuracy, F1-score, precision, recall, and Area Under the Curve 

(AUC). Comparative analysis was performed against baseline methods such as CNN-LSTM, 

GNN-RNN, and PSO-LSTM. The proposed model achieved an overall accuracy of 98.7%, 

outperforming CNN-LSTM (96.5%) and PSO-LSTM (97.2%), and maintained a high AUC of 

0.991. The False Alarm Rate (FAR) was reduced to 1.3%, indicating superior reliability in 

clinical decision-making. Training convergence improved by 20%, owing to the efficient TGO-

based hyperparameter tuning and feature reduction. Visualization using t-SNE and graph 

embeddings revealed distinct separability between healthy and high-risk patient clusters, 

confirming the discriminative power of the selected features and graph representations.  

 

Figure 1: t-SNE Visualization of Patient Clusters 

Additionally, the model demonstrated robust performance under noise and missing data 

scenarios, which are prevalent in clinical environments. Sensitivity analysis showed that the 

integration of graph dependencies improved recall for chronic disease progression tasks by over 

3%, while temporal modeling enhanced prediction stability for irregular health sequences [15]. 
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Overall, the TGO-Graph-LSTM framework effectively balances interpretability, scalability, and 

predictive performance. Its unified architecture provides a promising solution for real-time 

healthcare analytics, early disease detection, and personalized treatment support.  [16]. The 

experimental findings confirm that the unified framework achieves an optimal balance between 

accuracy, stability, and resource efficiency, making it a practical solution for large-scale IoT and 

WSN deployments [17]. 

V. Conclusion 

This study presents a unified graph-temporal deep learning framework that integrates Tree 

Growth Optimization (TGO)-based feature selection and Tree Growth Optimized LSTM for 

predictive healthcare and biomedical informatics. By fusing relational graph modeling with 

temporal sequence learning, the proposed system effectively captures the structural and temporal 

dependencies inherent in medical data. The TGO algorithm simultaneously optimizes feature 

subsets and hyperparameters, ensuring efficient learning and superior accuracy. Experimental 

evaluations on real-world biomedical datasets confirm that the framework outperforms 

conventional deep models in predictive accuracy, interpretability, and computational efficiency. 

This integration of metaheuristic optimization with graph-temporal deep learning marks a 

significant advancement toward intelligent, scalable, and transparent healthcare analytics. Future 

work will explore deploying the framework in federated and edge-health architectures, 

enhancing privacy preservation and enabling distributed predictive intelligence across healthcare 

networks.  
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