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Abstract

The rapid digitization of healthcare and biomedical informatics has led to the generation of massive
multi-modal datasets derived from electronic health records (EHRs), medical imaging, genomic
data, and wearable sensors. These data sources enable predictive analytics for early disease
detection and patient risk assessment but simultaneously present challenges of data heterogeneity,
high dimensionality, and parameter optimization. Traditional predictive models often struggle to
balance diagnostic accuracy, interpretability, and computational efficiency. This paper introduces a
multi-domain intelligent framework that integrates Tunicate Swarm Optimization (TJO) and Tree
Growth Algorithm (TGA) with Deep Neural Networks (DNNSs) for robust biomedical prediction
and healthcare analytics. TJO is used for feature selection, reducing redundant clinical attributes,
while TGA adaptively tunes DNN hyperparameters to improve convergence and precision. The
proposed system is validated across diverse healthcare domains, including disease risk
classification, patient outcome forecasting, and biomedical signal prediction. Experimental results
demonstrate superior performance in prediction accuracy, computational efficiency, and model
generalization compared to traditional optimization-driven neural networks. This framework
establishes a scalable foundation for unified, intelligent, and interpretable predictive modeling in

healthcare informatics.

Keywords: Healthcare Informatics, Predictive Analytics, Tunicate Swarm Optimization (TJO),
Tree Growth Algorithm (TGA), Deep Neural Networks (DNN), Biomedical Prediction, Clinical

Risk Assessment.
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I. Introduction

Modern healthcare systems have evolved into data-intensive ecosystems driven by advances in
biomedical sensors, electronic health records (EHRs), and artificial intelligence (AI). These
technologies enable hospitals and research institutions to collect high-dimensional patient data in
real time, encompassing physiological signals, lab results, medical images, and genomic
information. However, the exponential growth of biomedical data introduces new computational
challenges—data heterogeneity, missing information, and the need for real-time predictive
capabilities. As healthcare moves toward precision medicine, the ability to accurately predict
disease progression, clinical outcomes, and treatment responses becomes increasingly vital for

patient safety and care optimization.[1].

Deep Neural Networks (DNNs) have revolutionized predictive modeling across multiple
biomedical applications, from disease diagnosis to drug discovery. Yet, DNNs depend heavily on
the quality of input features and the careful tuning of hyperparameters such as learning rates,
neuron counts, and activation functions. Without intelligent optimization, they often face
overfitting, unstable convergence, and high computational overhead. Furthermore, healthcare data
tends to exhibit complex temporal and inter-patient relationships that cannot be captured effectively
by conventional machine learning methods. This research proposes a multi-domain intelligent
framework that combines Tunicate Swarm Optimization (TJO) and Tree Growth Algorithm (TGA)
with DNNs to enhance predictive performance in healthcare informatics. Inspired by natural
phenomena, these bio-inspired optimizers are designed to explore large search spaces efficiently,
refining both feature selection and parameter tuning processes. TJO imitates the collective behavior
of marine tunicates to identify the most informative clinical features, while TGA simulates forest
growth dynamics to optimize DNN hyperparameters dynamically. Together, they enable a self-
adaptive deep learning system capable of addressing heterogeneous data across biomedical

subdomains.

The key innovation lies in this framework’s multi-domain adaptability—its ability to perform

consistently across diverse predictive healthcare tasks, from disease risk assessment to
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physiological signal forecasting, without major retraining. By merging biologically inspired
optimization with deep neural architectures, the proposed system provides an intelligent, cross-
domain solution for predictive analytics in modern healthcare infrastructures[2].

1. Related Work

Predictive modeling in healthcare has progressed from conventional statistical methods to deep
learning-driven frameworks capable of handling large, complex datasets. Early approaches utilized
logistic regression, Random Forests, and Support Vector Machines for disease prediction and
patient classification. While these models provided interpretability, they struggled to capture the
non-linear relationships inherent in biomedical data. Deep learning techniques such as CNNs,
RNNs, and LSTMs have since demonstrated superior capabilities in feature extraction and temporal
sequence modeling. However, these models are highly sensitive to hyperparameter initialization and

data imbalance, often resulting in unstable training dynamics.

In parallel, renewable energy forecasting has seen significant progress through hybrid deep learning
models combining optimization and prediction mechanisms. Models integrating metaheuristic
optimizers like Particle Swarm Optimization (PSO), Genetic Algorithms (GA), and Grey Wolf
Optimizer (GWO) with neural networks have improved energy forecasting accuracy. However,
their performance often deteriorates due to premature convergence and poor parameter tuning.
Additionally, these methods typically operate in isolation without considering how shared
architectures can unify energy prediction and loT-based security applications [3]. The introduction
of bio-inspired optimization algorithms has revolutionized multi-objective problem-solving in
intelligent systems. The Tree Growth Algorithm and Tunicate Swarm Optimization have emerged
as promising methods for balancing global exploration and local exploitation. Their ability to
escape local minima while maintaining convergence speed makes them suitable for optimizing non-

linear, high-dimensional datasets typical of 10T and renewable energy domains.

Despite these advances, most healthcare predictive models remain domain-specific, focusing on
isolated tasks such as ECG classification or diabetes prediction. Cross-domain adaptability—where

the same optimized model architecture performs efficiently on multiple biomedical problems—
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remains underexplored. Additionally, the integration of dual optimization strategies (TJO and TGA)
with deep learning has rarely been applied to healthcare datasets. Recent studies on multi-domain
Al suggest that a single adaptive model can effectively generalize across varying biomedical
contexts if optimization strategies are intelligently synchronized. This insight motivates the
development of the proposed TJO-TGA-DNN framework, designed to unify multi-domain
predictive healthcare analytics under one optimization-driven paradigm.

By combining swarm intelligence with ecosystem growth dynamics, this work contributes to a new
generation of adaptive and interpretable healthcare models—capable of accurate diagnosis, disease
progression tracking, and real-time patient monitoring. [4].

I11. Proposed Methodology

The proposed TJO-TGA-DNN framework introduces a unified, multi-domain predictive
architecture for biomedical analytics. It comprises three main phases: data preprocessing and
feature refinement, Tunicate Swarm Optimization (TJO)-based feature selection, and Tree Growth
Algorithm (TGA)-driven deep neural network optimization. In the preprocessing phase, healthcare
datasets (e.g., EHR-based disease prediction, EEG/ECG signal analysis, or medical imaging
features) are normalized, encoded, and filtered to remove noise and outliers. Missing values are
imputed using statistical or interpolation-based methods to ensure dataset consistency. In the
preprocessing phase, healthcare datasets (e.g., EHR-based disease prediction, EEG/ECG signal
analysis, or medical imaging features) are normalized, encoded, and filtered to remove noise and
outliers. Missing values are imputed using statistical or interpolation-based methods to ensure
dataset consistency. The TJO algorithm is then applied for feature selection. Each tunicate
represents a potential feature subset, and its fitness is evaluated based on classification or regression
performance using a preliminary DNN. Through iterative movement toward optimal solutions, TJO
eliminates redundant or irrelevant attributes—such as correlated biomarkers or low-impact vitals—

thereby improving learning efficiency and interpretability.

The DNN’s output layer is designed with flexible activation functions to handle binary

classification for intrusion detection and regression-based energy prediction tasks. The
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backpropagation process incorporates TGA-based gradient adjustments, which enhance
convergence stability [5]. Unlike conventional optimization, which fixes parameters globally, TGA
allows localized adaptation, mimicking natural growth competition in ecosystems. The hybrid
model’s training process involves a multi-stage loop where TJO performs feature refinement before
each epoch, and TGA tunes learning rates dynamically during training. This cooperative strategy
ensures optimal performance with minimal overfitting. Additionally, a domain adaptation layer
enables the model to switch between cybersecurity and energy forecasting contexts without full

retraining [6].

The DNN’s architecture supports both classification (e.g., disease detection, anomaly identification)
and regression (e.g., patient outcome forecasting) tasks. The joint operation of TJO and TGA
ensures that feature refinement and model adaptation occur iteratively, enhancing both accuracy and
generalization. Moreover, a domain adaptation layer allows smooth transfer learning across
biomedical contexts—such as switching from cardiovascular risk prediction to cancer prognosis—
without full retraining. This hybridization leads to a highly efficient and explainable predictive

system suitable for real-world healthcare applications.
IV. Experimental Setup and Results

To evaluate the proposed model, extensive experiments were conducted using benchmark
biomedical datasets including MIMIC-III, PhysioNet ICU records, and UCI Heart Disease datasets.
Each dataset was divided into 70% training and 30% testing subsets. For comparative evaluation,
traditional models such as PSO-DNN, GA-LSTM, and standard CNNs were implemented as
baselines. All experiments were conducted in Python using TensorFlow on a high-performance
computing environment. [7]. The TJO feature selection phase reduced the average feature
dimensionality by 32%, retaining approximately 97% of clinically relevant attributes. The TGA-
optimized DNN achieved faster convergence, stabilizing after 40 epochs compared to 70—90 epochs

in baseline models.
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Figure 1: Training convergence curves (loss/accuracy vs epochs).

In disease prediction tasks, the framework achieved 98.92% accuracy, 98.65% precision, and

98.88% recall, outperforming all other hybrid optimization models.

Table 1: Comparison of performance metrics across models (Accuracy, Precision, Recall, FPR,

MAPE).

Model Accuracy (%) | Precision (%) | Recall (%) | FPR (%) | MAPE (%)
TJO-TGA-DNN | 98.92 98.65 98.88 4.2 2.14
PSO-DNN 95.34 94.88 95.00 5.3 3.80
GA-LSTM 94.12 93.50 93.80 6.1 4.05
Standard CNN 92.85 91.40 91.75 7.5 4.50
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The model also demonstrated a false positive rate reduction of 21%, reflecting improved reliability
in clinical classification. For biomedical signal forecasting (e.g., ECG or respiratory rate trends), the
system achieved a mean absolute percentage error (MAPE) of 2.14%, outperforming traditional
LSTM-based forecasters [8]. Cross-domain adaptability tests showed that a model trained on
cardiovascular data could generalize to sepsis prediction and diabetic risk forecasting with 91%
retained predictive performance. This finding validates the multi-domain adaptability of the
proposed system. Computational analysis revealed a 28% reduction in training time and a 30%
reduction in memory consumption due to TJO-based dimensionality reduction and TGA-based
pruning. Visual analysis using t-SNE projections demonstrated clear separability between healthy

and high-risk patient groups, confirming the discriminative capability of the optimized feature set

[9].

t-SMNE Projection: Healthy vs High-Risk Patients

151 @ Healthy
aen e
@® High-Risk .}ﬂ ‘?‘é“)’:fo
‘.. E“.J)
10 -
5_
S
E
(]
=
B -5 -
_10_
an® 09,00
_15{ @ @ Og;. e
151 @ reraeon@e®®
.6‘3"-') o

T T T T T T
—6 —4 -2 0] 2 4 [+]
t-SMNE Dimension 1

Figure 2: t-SNE projections of patient groups (healthy vs high-risk).
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These results collectively confirm that the TIO-TGA-DNN framework achieves high predictive
accuracy, robustness, and adaptability across multiple biomedical domains. The combination of
nature-inspired optimization and deep neural modeling significantly improves performance while
maintaining interpretability—crucial for clinical adoption. [10]. These experiments collectively
establish that the integration of TJO and TGA within DNNSs yields not only superior task-specific
performance but also enables a transferable intelligence paradigm—one that operates effectively
across cybersecurity and energy prediction domains without substantial retraining overhead [11].

V. Conclusion

This study presents a multi-domain intelligent framework that integrates Tunicate Swarm
Optimization (TJO) and Tree Growth Algorithm (TGA) within a Deep Neural Network (DNN)
architecture for healthcare and biomedical predictive analytics. By coupling feature refinement with
dynamic parameter tuning, the proposed framework enhances diagnostic accuracy, forecasting
precision, and computational efficiency. The experiments demonstrate superior adaptability across
multiple biomedical domains, confirming the system’s robustness and scalability. The hybrid TJO-
TGA mechanism ensures optimal model convergence while preserving interpretability, aligning
with the ethical and practical requirements of clinical Al. Future research will explore extending
this framework to real-time hospital decision support systems and federated healthcare
architectures, enabling privacy-preserving predictive analytics at scale. This unified approach marks
a significant step toward intelligent, sustainable, and cross-domain healthcare analytics.
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