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ABSTRACT

The success of Deep Learning (DL) in biomedical imaging heavily relies on optimal hyperparameter
selection, which remains a complex and computationally intensive challenge. This paper introduces a
metaheuristic-inspired Optuna framework for efficient hyperparameter optimization and validates its
effectiveness using U-Net as a case study for brain MRI segmentation, leveraging Bayesian Optimization
(BO) with adaptive pruning and Tree-structured Parzen Estimator (TPE). The proposed framework
dynamically searches the hyperparameter space to maximize segmentation accuracy while reducing
training overhead. The proposed framework adjusts key architectural, training, and regularization
parameters, including the number of filters, optimizer, learning rate, and dropout rate, using a well-
defined search space. Experimental results on a brain MRI dataset demonstrate that the proposed
framework achieved mean scores of 0.941, 0.8763, and 0.983 for Dice Coefficient (DC), Intersection over
Union (IoU), and Structural Similarity Index (SSIM), respectively, with 95% confidence intervals. These
results confirm Optuna's effectiveness over traditional and metaheuristic baselines and demonstrate its
scalability for broader biomedical AI applications.

Keywords-hyperparameter optimization; metaheuristic algorithms; Bayesian optimization; Optuna framework;

lightweight U-Net; biomedical image analysis; brain MRI segmentation

I.  INTRODUCTION

The integration of Artificial Intelligence (AI) into
biomedical imaging has ushered in a new era of medical
diagnostics and image analysis [1]. DL models, particularly
Convolutional Neural Network (CNN) [2-4] and U-Net [5]
architectures, have demonstrated remarkable success in tasks
such as tumor segmentation, disease -classification, and
anomaly detection in medical scans. These next-generation Al
systems are transforming healthcare by providing automated
and accurate solutions that augment the capabilities of
radiologists and clinicians. However, the performance of these
models is heavily dependent on the careful selection of
hyperparameters, which remains a critical challenge in DL
optimization [6, 7]. Identifying the optimal set of
hyperparameters is a high-dimensional, non-trivial problem
that requires sophisticated tuning to avoid issues such as
overfitting, slow convergence, or suboptimal performance [1].

Conventional hyperparameter tuning methods like Grid
Search (GS) and random search are computationally inefficient
due to their brute-force and non-adaptive nature [8, 9]. By
failing to incorporate knowledge from prior evaluations, these
methods are slow and impractical for DL models. To address
these limitations, metaheuristic algorithms such as Particle
Swarm Optimization (PSO) and Genetic Algorithms (GA) have
been explored for hyperparameter optimization [10, 11].
Although these methods enable more efficient heuristic-guided
searches compared to brute-force approaches, they still demand

significant computational resources and many iterations to
converge, rendering them less scalable for large-scale DL
applications.

Unlike metaheuristic approaches that rely on heuristic-
based exploration, BO-based methods leverage probabilistic
models to efficiently identify promising hyperparameter
configurations [2]. Among them, Optuna has gained
prominence for its ability to combine adaptive sampling with
intelligent resource management. Optuna utilizes a TPE to
guide the hyperparameter search based on results from
previous trials, focusing on computational resources on high-
potential configurations for faster convergence. Additionally, it
incorporates pruning mechanisms, analogous to exploitation
strategies in metaheuristics, which terminate underperforming
trials early to optimize resource utilization. Optuna also
supports multi-objective optimization, enabling balanced trade-
offs between metrics such as accuracy and computational cost
[11, 12]. These capabilities position Optuna as a scalable and
effective tool for optimizing DL models.

This study proposes a metaheuristic-inspired Optuna
framework for efficient hyperparameter optimization in
biomedical imaging Al models. As a case study, the framework
is applied to U-Net, a state-of-the-art DL model widely used
for medical image segmentation. The focus is on brain MRI
segmentation, optimizing U-Net's hyperparameters such as
dropout rate, number of filters, optimizer type, and learning
rate using Optuna's adaptive search strategy. The results show
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that the proposed framework enhances segmentation accuracy
while reducing training time, highlighting the potential of
metaheuristic-inspired optimization in the advancement of
biomedical Al

II. RELATED WORKS

Recent advances in metaheuristic optimization have
significantly enhanced DL performance across medical
imaging applications. Heap-based optimization with gray wolf
mechanisms has improved the classification accuracy for
colorectal cancer, brain tumors, and chest X-rays using deep
residual networks [10], while Enhanced Ant Colony
Optimization (EACO) with opposition-based learning has
demonstrated superior performance in breast cancer
classification using ResNet101 [13]. These approaches have
shown remarkable adaptability across diverse imaging
modalities: the Manta Ray Foraging Optimizer (MRFO) has
proven effective for both brain tumor classification [8] and skin
cancer detection [14], and Grey Wolf Optimization (GWO) has
enhanced diagnostic accuracy in SE-DenseNet ensembles

incorporating DL classifiers [6]. Similarly, the Aquila
optimizer has advanced breast cancer analysis through
combined segmentation and classification using

ConvNeXtTiny and DL architectures [7].

However, these methods face persistent limitations in
computational efficiency and convergence speed. Recent
reviews highlight their limited adaptability across medical
imaging tasks and the need for an improved exploration-
exploitation balance review [15, 16]. Hybrid approaches such
as FTra-UNet [17], HM-EDA [18], and the Archimedes
optimization algorithm with hybrid loss functions [19] have
enhanced accuracy but retain substantial computational
overhead. Even advanced variants, such as the polynomial
Chebyshev symmetric chaotic golden jackal optimizer [20],
struggle with scalability in clinical implementations.

In contrast, Bayesian-Optimization (BO) frameworks have
emerged as more computationally efficient alternatives for
hyperparameter ~ optimization. = Recent  studies  have
demonstrated the effectiveness of BO techniques, particularly
Optuna, in applications such as necrotizing fasciitis detection
[2], breast cancer classification [21], and Alzheimer's disease
prediction from MRI data [12]. Beyond Optuna, other
frameworks like HyperOpt and SMAC3 have also been widely
adopted in machine learning. Table I provides a comparative
overview that highlights key differences in surrogate modeling,
pruning strategies, and scalability. Compared to HyperOpt and
SMAC3, Optuna offers integrated dynamic pruning and
adaptive sampling, making it more suitable for computationally
intensive biomedical image segmentation tasks [2, 12]. Based
on these advantages and its proven success in biomedical
applications, Optuna was selected as the optimization
framework for this study.

Building on these advances, this study introduces an
Optuna-based framework for biomedical Al hyperparameter
optimization. The framework leverages Optuna's core
capabilities, including adaptive search space exploration,
intelligent trial pruning mechanisms, and efficient Bayesian
sampling strategies to achieve optimal hyperparameter

configurations. Through a comprehensive evaluation on the U-
Net architecture for brain MRI segmentation, this study aims to
demonstrate how Optuna can serve as a computationally
feasible alternative to traditional —metaheuristic-based
hyperparameter tuning while maintaining high segmentation
accuracy.

TABLE L COMPARISON OF BO-BASED OPTIMIZATION
FRAMEWORKS
Aspects Optuna | HyperOpt SMAC3
Surrogate model TPE TPE Random forest
Pruning dynamic No No
Sampling Adaptive | Sequential Model-based
Scalability High Moderate Low

1. METHODOLOGY

The problem is formulated as an objective-driven search to
maximize segmentation performance. Next, the proposed
framework uses BO with TPE for adaptive hyperparameter
sampling and early pruning.

A. Problem Formulation

The objective is to find the optimal hyperparameters (1*)
that maximize a model's segmentation performance (e.g., Dice
Coefficient - DC), which can be mathematically represented as,

A* = argmax e, f (A1) ey

where A represents the predefined hyperparameter search space
and f(4) is the validation performance metric. Since f(4) is
noisy, non-differentiable, and costly to evaluate, traditional
methods, such as GS, are inefficient. Instead, metaheuristic
approaches (e.g., PSO) use adaptive sampling to dynamically
refine the search, improving optimization efficiency.

B. Proposed Framework

The proposed framework integrates Optuna as a
metaheuristic-driven optimizer to automate the search for
optimal hyperparameters in biomedical image segmentation
models, as shown in Figure 1. Instead of relying on exhaustive
evaluations, Optuna incorporates BO with TPE to intelligently
navigate the hyperparameter space through four key phases:

1. Define the Hyperparameter Search Space: The
optimization process begins with defining an appropriate
search space that encompasses key hyperparameters
influencing model performance, including architectural
choices such as the number of layers and filters, training
parameters like learning rate and batch size, and
regularization techniques including dropout rate and
weight decay. Continuous parameters are sampled from
uniform or log-uniform distributions, while categorical
parameters are selected from predefined discrete sets,
ensuring flexibility across different models and tasks.

2. Metaheuristic-Based Sampling Strategy with TPE: Unlike
brute-force methods such as GS or random search, TPE
dynamically models hyperparameter values by maintaining
two probabilistic models: P(x|y <y*) for high-
performing configurations, and P(x|y = y*) for low-
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performing ones. TPE refines these distributions and
selects the next hyperparameter configuration x* by
maximizing the likelihood ratio [12, 21]:

P(x|y<y™) )

x* = argmax
9 P(x|y zy*)

This Bayesian approach balances the exploration of
uncertain regions with the exploitation of known high-
performing values, optimizing efficiency by avoiding
unpromising trials [2]. The adaptive process makes TPE a
powerful metaheuristic optimizer.

3. Trial Execution and Dynamic Pruning: Each sampled
hyperparameter configuration A; undergoes training for a
set number of epochs. During training, Optuna applies
dynamic pruning to terminate trials that are unlikely to
outperform the current best. At predefined checkpoints, the
validation DC, f(x;) is evaluated, and a trial is pruned if it
satisfies [12]:

f(x) > flxpest) + 6 3)

where f(xp.s¢) 1S the best score observed so far, and § is a
small margin to prevent premature termination due to
minor fluctuations. This adaptive pruning strategy
significantly reduces computational overhead while
guiding the search toward more promising hyperparameter
regions.

4. Final Hyperparameter Selection: Once all trials are

completed, the best-performing hyperparameter
configuration is selected as [2]:
2 = argmax;, f() )

where A* corresponds to the hyperparameter configuration
that achieves the highest validation performance. The final
model is then retrained using A* to maximize segmentation
accuracy while ensuring computational efficiency.

Brain MRI
Dataset

, Model Evaluation . I

N
Dice Coefficient 1 e
| Optimized
Structural Similarity |4— Model
Intersection over |
Union |
i
/

Fig. 1.
AL

Proposed metaheuristic-inspired optuna framework for biomedical

Although TPE is grounded in BO, its operation inherently
mirrors metaheuristic principles. The balance between
exploration and exploitation in TPE parallels strategies found
in algorithms such as PSO and Simulated Annealing (SA),

where search agents dynamically balance global exploration
and local refinement. Furthermore, the dynamic pruning
mechanism in Optuna serves a similar role to exploitation
phases in metaheuristics, aggressively focusing resources on
high-potential trials, analogous to selection pressure in
evolutionary algorithms. Thus, the proposed framework
leverages both probabilistic modeling and metaheuristic-
inspired adaptive search strategies to optimize hyperparameters
efficiently.

IV. EXPERIMENTAL SETUP

A. Dataset Description

This study uses a publicly available brain MRI dataset
derived from The Cancer Genome Atlas Low-Grade Glioma
(TCGA-LGG) [22], designed to support cancer research and
explore genotype-phenotype relationships in medical imaging.
The dataset was processed and released for use in medical
image segmentation tasks [22, 23]. The dataset comprises
3,929 axial slices (256x256 resolution) from 110 LGG patients,
including 1,373 tumor and 2,556 non-tumor images,
accompanied by manual tumor masks. It is split into 70% for
training and 30% for testing, providing a solid benchmark for
evaluating tumor segmentation performance. Figure 2
illustrates sample MRI slices.

A B

Fig. 2.
(bottom).

Sample brain MRI slices (top) and corresponding GT masks

B. Data Preprocessing

All brain MRI slices and corresponding masks were resized
to 224x224 pixels and normalized to a [0, 1] range. To enhance
generalization, the training data underwent real-time
augmentation, including random rotations (+0.4 radians), shifts
(5%), shearing (0.02), zooming (+4%), and vertical flips
applied consistently to both images and masks using a fixed
seed [23]. The test set was left unaltered to ensure unbiased
evaluation.
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C. U-Net as a Case Study for Brain MRI Segmentation

DL has revolutionized biomedical image segmentation by
enabling automated and precise delineation of anatomical and
pathological regions. Among various DL architectures, U-Net,
with its encoder-decoder structure and Skip Connections (SC),
effectively preserves spatial detail while capturing essential
contextual information [5, 24]. This study adopted U-Net as a
benchmark architecture to evaluate the effectiveness of
Optuna-driven hyperparameter optimization in brain MRI
segmentation tasks.

The U-Net architecture, shown in Figure 3, consists of four
encoder and decoder blocks, a bottleneck, and SC that retain
fine-grained features. Each encoder block includes
convolutional layers with ReLU activation, optional batch
normalization, max pooling, and dropout. The decoder uses
transposed convolutions for upsampling. A final 1x1
convolution with sigmoid activation generates the binary
segmentation mask. The model was trained using Binary
Cross-Entropy (BCE) loss, and performance was evaluated
using DC, which quantifies the overlap between predicted (P;)
and ground truth (G;) masks [24, 25].

2%iP;iG;

bt = YiPi+X;G;

(&)

output 224x224x1

e m—

Input 224x224x3

—
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4 blocks

e
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_Transpose |
—1
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N

Encoder

Schematic of the U-Net architecture

Fig. 3.

To evaluate the effectiveness of hyperparameter
optimization, this study tunes key components of the U-Net
model across three categories: architectural (number of filters,
which scale through the network), training (optimizer and
learning rate), and regularization (dropout rate). These
parameters are treated as tunable variables and optimized using
the proposed metaheuristic-inspired Optuna framework, as
detailed in the methodology section. This approach enables the
model to dynamically adjust its learning capacity and
regularization strategy, leading to improved segmentation
performance, particularly in the complex domain of brain MRI
analysis.

D. Hyperparameter Optimization Details

Building on the U-Net model described above, Optuna was
utilized to optimize key hyperparameters that encompass
architectural, training, and regularization aspects [26]. The
search space included the following:

1. Number of Filters (n_filters): Categorical values,
determining the representational capacity at each U-Net
level.

2. Dropout Rate (dropout): Uniformly sampled from [0.1,
0.5] to control overfitting.

3. The optimizer was chosen between Adam and SGD to
explore different update dynamics.

4. Learning Rate: Log-uniformly sampled from [le-4,1e-2],
allowing fine-grained tuning of convergence behavior.

A total of 15 trials were conducted, each with a unique
hyperparameter combination. Optuna's pruning mechanism was
applied to discard underperforming trials early, enhancing
efficiency. The best-performing configuration was selected for
retraining and final evaluation, illustrating the effectiveness of
the proposed optimization framework in improving
segmentation performance.

V. RESULTS AND DISCUSSION

A. Hyperparameter Optimization Evaluation

This section evaluates the effectiveness of Optuna in
optimizing U-Net hyperparameters by analyzing trial
convergence behavior and the role of dynamic pruning. It also
examines how individual parameters affect segmentation
performance.

1) Optimization Behavior and Trial Performance

To assess the optimization dynamics of the proposed
Optuna-based framework, the optimization history across 15
trials is visualized in Figure 4, where the y-axis represents the
objective value (DC) and the x-axis tracks the number of trials.
Each blue dot corresponds to the validation performance of a
trial, and the red curve traces the best value observed up to
each point. The best-performing trial is highlighted with a red
circle.

0.99 > . * v e @
L J e ©
0.98
o
2 0.97
0
>
2096 °
F=
o
£0.95
°
0.94 P
e Objective Value
093] ® Best Value
° @ Best Trial
0 P 4 6 8 10 12 14
Trials
Fig. 4. Optimization history of U-Net using the proposed Optuna
framework.
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The results show that the objective value improved rapidly
within the first few trials, with a plateau observed from trial 3,
suggesting a rapid convergence of the search process. While
some trials underperformed (e.g., trial 7), the pruning
mechanism effectively avoided wasting resources on poor
configurations. The best configuration was achieved at trial 13
with a DC score exceeding 0.99, demonstrating the
effectiveness and efficiency of the metaheuristic-inspired
optimization approach in discovering high-performing
hyperparameter combinations.

2) Hyperparameter Impact Analysis

To gain deeper insight into the impact of each
hyperparameter on segmentation performance, slice plots were
generated for the four parameters tuned during optimization:
dropout rate, learning rate, number of filters, and optimizer
type. In Figure 5, each subplot illustrates the relationship
between a hyperparameter and the corresponding DC score,
with the best-performing configuration marked in red. The

@® Best: n_filters=32 ® Best: dropout=0.4398

® Best: optimizer=adam

results show that a dropout rate of around 0.44 yielded the best
performance, suggesting that moderate regularization improves
generalization. A low learning rate (0.0003) promoted stable
convergence on limited data. Models using 32 filters captured
more detailed features than those with 16, and Adam
consistently outperformed SGD due to its adaptive learning
dynamics. These findings demonstrate Optuna's ability to
identify synergistic hyperparameter combinations that improve
segmentation accuracy while providing transparency on
parameter sensitivity.

B. Optimized U-Net Model Performance Evaluation

1) Qualitative Performance Analysis

To evaluate segmentation performance qualitatively, the
results from two brain MRI slices (A and B, shown in Figure 2)
were analyzed across four model configurations: baseline
(unoptimized), GS-optimized, PSO-optimized, and the
proposed Optuna-optimized model (Figure 6).

@® Best: learning_rate=0.0003

5 J
0.99 L ® sl |e

0.98
0.97
0.96
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Objective Value

0.94

0.93

14
ol [o N

- 12

- 10

Trial

20 25 30 0.1 0.2 0.3 0.4 0.5 sgd
n_filters dropout

Fig. 5.

Fig. 6.
Optuna model.

adam 0.000 0.002 0.004 0.006

optimizer learning_rate

Slice plots showing the impact of hyperparameter optimization on DC score across Optuna trials.

A B C D

Segmentation results on two brain MRI samples comparing four approaches: (A) Unoptimized, (B) GS, (C) Metaheuristic-PSO, and (D) Proposed
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The baseline U-Net demonstrated broad tumor region
detection but exhibited limited boundary precision. The GS-
optimized model produced fragmented and noisy segmentation
masks, particularly evident in sample A, suggesting suboptimal
hyperparameter tuning. The PSO-optimized model showed
structural improvements over GS but still failed to capture fine-
grained details and maintain edge continuity. In contrast, the
Optuna-optimized model consistently produced cleaner and

more accurate masks that closely match ground-truth
annotations. In sample A, it maintained compact tumor
boundaries with minimal noise, while in sample B, it
demonstrated smoother and more complete segmentation of the
tumor region. These visual comparisons validate the
effectiveness of the proposed hyperparameter tuning approach
in enhancing segmentation quality, especially in capturing fine
structures and reducing false positives.

TABLE II. PERFORMANCE METRICS OF THE U-NET MODEL COMPARING FOUR DIFFERENT OPTIMIZATION APPROACHES
. Sample Brain MRI (A Sample Brain MRI (B
Model variants DC [I)()U SSIM( ) T bC II)()U SSIM( ) o
Unoptimized 0.6873 | 0.5236 | 0.9716 | 0.1407 | 0.8845 | 0.7929 | 0.9647 | 0.0992
Grid Search (GS) 0.8000 | 0.6667 | 0.9830 | 0.1086 | 0.9236 | 0.8581 | 0.9728 | 0.1009
Meta-heuristic PSO | 0.8089 | 0.6791 | 0.9830 | 0.1468 | 0.9183 | 0.8489 | 0.9724 | 0.0990
Proposed model 0.8851 | 0.7938 | 0.9884 | 0.1080 | 0.9359 | 0.8795 | 0.9736 | 0.0680
2) Quantitative Performance Analysis 1.0
To objectively assess segmentation performance, Table II o
summarizes four evaluation metrics, DC, IoU, SSIM, and H 0.9
Inference Time (IT), for the two brain MRI samples across four @
strategies: unoptimized, GS-optimized, PSO-optimized, and the § 0.8
proposed Optuna-based optimization method. The Optuna- g 07
optimized model outperformed all baselines in both samples. In 5
sample A, it achieved the highest DC (0.8851) and IoU E i -
. . . . . 0.6 mmm Dice Coefficient
(0.7938) scores, indicating superior segmentation results and N .
overlap with ground-truth. SSIM was also the highest, — Sl

reflecting better structural fidelity, while the inference time was
kept low (0.1080), showing computational efficiency.
Similarly, in sample B, the proposed model recorded the best
scores across all metrics, including a DC of 0.9359 and the
lowest inference time (0.0680), confirming its ability to
generalize across varying inputs. These results validate that
Optuna-based tuning not only enhances segmentation precision
but also improves structural consistency and runtime
performance, making it well-suited for real-time biomedical
imaging applications.

3) Statistical Performance Analysis

To ensure the reliability of the performance comparisons
between different model variants, a statistical analysis was
conducted based on 95% confidence intervals for DC, IoU, and
SSIM metrics. The mean values and confidence intervals for
unoptimized, GS, PSO, and the proposed Optuna-based model
are given in Table III and visualized in Figure 7.

TABLE IIL PERFORMANCE METRICS WITH 95%
CONFIDENCE INTERVAL FOR U-NET COMPARING FOUR
DIFFERENT OPTIMIZATION APPROACHES

Optimization DC ToU SSIM
approach

Unoptimized 0.7826 0.7264 0.9611
[0.6458-0.8932] | [0.5706-0.8127] | [0.9407-0.9783]

Gs 0.8819 [0.6875- 0.8038 0.9678
0.9244] [0.5942-0.8740] | [0.9636-0.9894]

PSO 0.9208 [0.7916— 0.8291 0.9765
0.9577] [0.6256-0.8913] | [0.9683-0.9848]

Proposed h 0.8763 0.9839
[0.7627-0.9294] | [0.9771-0.9906]

Unoptimized  Grid Search PSO
Model Variants

Proposed

Fig. 7. Optimization history of U-Net using the proposed Optuna
framework.

The results show that the proposed model consistently
achieved higher mean scores of 0.941, 0.8763, and 0.983 for
DC, IoU, and SSIM, respectively, with narrower confidence
intervals compared to baseline methods. This demonstrates not
only superior segmentation accuracy but also reduced
variability across test samples, reinforcing the statistical
robustness of the improvements achieved through the proposed
hyperparameter optimization framework.

C. Performance Comparison with Related Works

The segmentation performance of the proposed Optuna-
optimized U-Net model was compared with several recent
approaches, as summarized in Table IV, using DC and IoU as
evaluation metrics.

TABLE IV. PERFORMANCE COMPARISON WITH RELATED
WORKS
Ref. DL Model Used DC IoU
[3] U-Net + FPN 0.92 0.86
[24] U-Net + ResNet50 0.891 0.883
[27] U-Net + Vggl6 0.9181 0.8264
[5] U-Net + DA 0.9158 -
[28] U-Net + EfficientNetB7 0.9387 | 09174
Proposed Optuna Optimized U-Net | 0.9415 0.8963

The U-Net improved with Feature Pyramid Networks
(FPN) [3] achieved a DC of 0.92 and IoU of 0.86 but exhibited
limited adaptability to complex tumor structures. U-Net with
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ResNet-50 [24] achieved a DC of 0.891 and IoU of 0.883,
reflecting moderate multi-scale feature handling. The VGG16-
based U-Net [27] reported a higher DC (0.9181) but a lower
IoU (0.8264), indicating challenges in fine boundary
segmentation. Znet [5] incorporated U-Net with SC and data
augmentation to achieve a DC of 0.9158, though with a slightly
lower IoU. EffUNet++-TL [28], combining EfficientNetB7
with U-Net++, demonstrated strong results (DC 0.9387, IoU
0.9174) through enhanced multi-scale feature fusion. In
comparison, the proposed model achieved the highest DC
(0.9415) while maintaining a competitive IoU (0.8963),
confirming its superior accuracy in brain tumor segmentation.

VI. CONCLUSION

This study demonstrated that the proposed Optuna-based
framework provides a computationally efficient and effective
solution for hyperparameter optimization in biomedical Al
applications. Using U-Net as a case study for brain MRI
segmentation, the framework identified optimal combinations
of architectural, training, and regularization parameters. The
optimized model achieved a DC of 0.94, significantly
outperforming traditional GS and PSO-based methods in both
qualitative and quantitative evaluations. These results
underscore the framework's ability to enhance segmentation
accuracy, generalization, and computational efficiency.
Overall, the findings validate the practical value of
metaheuristic-inspired BO for advancing next-generation Al
systems in healthcare.

Although the proposed framework demonstrated strong
optimization performance, it was evaluated primarily on 2D
medical images. Extending it to 3D volumetric data and scaling
to larger models, such as Vision Transformers (ViT), would
introduce additional computational and memory challenges.
Future work will focus on adapting the framework to address
these challenges and incorporating multi-objective strategies to
balance accuracy, model size, and inference latency for
deployment in resource-constrained environments.
Furthermore,  experimental  comparisons  with  other
optimization frameworks, such as HyperOpt and SMAC3, will
be explored to further validate and benchmark performance.
Ethical considerations must also be acknowledged, as public
datasets such as TCGA may exhibit demographic biases and
institutional ~ variability,  potentially = limiting  model
generalizability. Addressing these concerns by integrating more
diverse datasets and applying fairness-aware optimization
techniques will also be a priority for future research.
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