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Abstract — Manual hyperparameter tuning remains a significant bottleneck in developing robust deep learning models for
medical applications. This study presents a comprehensive analysis of Optuna's Tree-structured Parzen Estimator (TPE) for
automated hyperparameter optimization of EfficientNet-B2 architecture in Acute Lymphoblastic Leukemia (ALL) cell
classification. Using the C-NMC dataset comprising 10,661 training and 1,867 test images, we conducted 20 optimization
trials with architecture-specific search spaces targeting learning rate (1x107° to 1x1072), dropout rates (0.1-0.5), weight decay
(1x107¢ to 1x1072), and hidden layer sizes (256-1024 neurons). Results demonstrate that learning rate dominates optimization
importance (55%) followed by dropout regularization (34%). The framework achieved optimal configuration with 96.86%
validation accuracy, reducing manual tuning time by approximately 90% while maintaining its performance (86.72% test
accuracy, 0.92 AUC-ROC). Statistical analysis across multiple runs shows consistent performance with coefficient of
variation of 1.96%, validating the reliability of TPE-based optimization for medical imaging applications.
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I.  INTRODUCTION

Deep learning models for medical image
classification require careful hyperparameter tuning to
achieve clinical-grade performance, yet traditional
optimization methods prove inadequate for complex
architectures and limited medical datasets [1], [2]. The
critical nature of medical diagnosis demands both high
accuracy and reliable  consistency, = making
hyperparameter optimization a crucial yet resource-
intensive process [3].

Recent advances in automated machine learning
(AutoML) have introduced sophisticated optimization
frameworks that address these challenges. Bayesian
optimization techniques, particularly Tree-structured
Parzen Estimator (TPE), have shown superior
performance over grid search and random search
methods [4], [5]. However, systematic evaluation of
these techniques specifically for medical image
classification remains limited.

Acute Lymphoblastic Leukemia (ALL) detection
presents a compelling case study for automated
optimization due to its diagnostic complexity and the
subtle morphological differences between malignant
and normal cells [6]. EfficientNet architectures, with
their compound scaling methodology, offer promising
solutions for medical imaging applications requiring
both accuracy and computational efficiency [7], [8].

This study addresses the research gap by providing
comprehensive analysis of Optuna's TPE algorithm for
EfficientNet-B2 optimization in ALL detection. Our

contributions include: (1) systematic evaluation of
TPE-based optimization effectiveness, 2)
identification of architecture-specific hyperparameter

importance patterns, and (3) quantification of
efficiency gains for medical AI development
workflows.

II. RESEARCH METHOD

A. Dataset and Processing

The C-NMC (Cancer or Not Cancer) Leukemia
Classification dataset was obtained from Kaggle [9],
containing microscopic blood smear images for binary
classification. The dataset comprises 10,661 training
images and 1,867 test images with original resolution
of 450x450 pixels in BMP format. Class distribution
shows significant imbalance with 7,272 ALL samples
(68.2%) versus 3,389 normal samples (31.8%)),
reflecting real-world medical data characteristics [10].

Preprocessing pipeline included resizing to
224x224 pixels using area interpolation, normalization
with ImageNet statistics (mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225]), and data augmentation
with rotation (£15°), width/height shifts (10%), shear
transformation (10%), zoom wvariation (10%), and
horizontal flipping.

B. EfficientNet-B2 Architecture Configuration

EfficientNet-B2 was selected for its balanced
compound scaling approach, providing optimal trade-
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off between accuracy and computational efficiency.
The architecture utilized pretrained ImageNet weights
with custom classification head comprising:
1. Feature extractor: Frozen EfficientNet-B2
backbone (8.42M parameters)
2. Hidden Ilayer: 512 neurons with ReLU
activation
3. Dropout layers: Two stages for regularization
4. Output layer: Binary classification (ALL vs
HEM)
C. Hyperparameter Search Space Design
Search space definition followed domain expertise
and empirical studies on EfficientNet optimization as
shown in Table 1.

Table 1. Hyperparameter search space specification

Parameter Distribution Range

Learning Rate Log-uniform [1x1075, 1x1072]
Weight Decay Log-uniform [1x107c, 1x1072]
Dropout 1 Uniform [0.1, 0.5]

Dropout 2 Uniform [0.1,0.4]

Hidden Size Categorical [256,512,768,1024]
Batch Size Categorical [32,40,48,56,64]

D. Class Imbalance Handling Strategy
Class imbalance was addressed using weighted
cross-entropy loss with automatically computed
weights [11]:
1. Weight ALL = n total / (2 x n ALL) =
0.733
2. Weight Normal =n_total / (2 x n_normal) =
1.574
This approach ensures balanced gradient
contributions from both classes during training [12].

E. Training Configuration and Infrastructure

Optimization Strategy

The training configuration was designed to balance
comprehensive hyperparameter exploration  with
computational efficiency. The optimization strategy
employed a structured two-phase approach to
maximize the effectiveness of the TPE algorithm.

During the exploration phase, each of the 20 trials
was allocated 10 epochs to provide sufficient training
time for meaningful performance assessment while
maintaining computational feasibility. This phase
allowed the TPE algorithm to sample across the entire
hyperparameter space and identify promising regions
for further exploitation.

The subsequent validation phase focused on
thorough evaluation using the optimal
hyperparameters identified during exploration, with
three independent 40-epoch runs conducted to assess
model reliability and consistency.

Technical Implementation

1.  Optimizer: AdamW with [:=0.9, B.=0.999,
e=1x10"*

2. Learning Rate
ReduceLROnPlateau with
factor=0.1

3.  Loss Function: Weighted cross-entropy for
class imbalance

4. Early Stopping: Patience=10 epochs based on
validation loss

5.  Mixed Precision: Automatic Mixed Precision
(AMP) for efficiency

Scheduler:
patience=5,

Hardware Specifications

The system utilized an Intel Core i7-12700F
processor with 12 cores and 20 threads, providing
robust CPU performance for data preprocessing and
system management tasks. Graphics processing was
handled by an NVIDIA RTX 3060 with 12GB VRAM
running CUDA 11.8, offering sufficient memory
capacity for batch processing and mixed precision
training. The 16GB DDR4-3200 system memory
ensured smooth data loading and preprocessing
operations, while the 512GB NVMe SSD provided
high-speed storage access for the large medical image
dataset, minimizing I/O bottlenecks during training
iterations.

Statistical Analysis Methodology

Multiple run analysis employed standard statistical
measures for model reliability assessment:
1. Mean and standard deviation across runs
2. Coefficient of wvariation for consistency

evaluation
3. 95% confidence intervals for performance
metrics
4. Statistical significance testing using paired t-
tests
II. RESULTS

Fig. 1 demonstrates the optimization progression
across 20 trials, revealing distinct phases of
exploration and exploitation characteristic of TPE
algorithms [13].

Conference on electrical engineering, informatics, industrial technology, and creative media 2025



ISBN : 978-602-53004-0-0

Automated Hyperparameter Optimization Using Optuna for Efficient-Net-based Medical Image Classification

Objective 0
L]

10 15 20
Trial

Fig.1. Optuna optimization history showing validation accuracy progression across 20 trials for EfficientNet-B2. The curve shows rapid
convergence with optimal configuration achieved at Trial 12 (96.86% validation accuracy)

The optimization achieved convergence within 15
trials, with optimal configuration at Trial 12 yielding
96.86% validation accuracy. Performance distribution
analysis shows:

1. Exploration phase (Trials Mean
accuracy 88.84% +4.12%
2. Exploitation phase (Trials 10-19): Mean

accuracy 95.21% + 1.28%

0-9):

Table 2. Top-5 Trial Configuration and Performance

Learning Weight .
Trial Va(la//jcc Rate Decay Dm;) out Dmg out Hl::d:n Batch Size
° <109 | (x10°) S
12 96.86 2.03 9.63 0.29 0.24 512 48
14 96.81 4.87 1.2 0.25 0.39 512 48
11 95.73 1.86 1.31 0.29 0.31 512 48
19 95.73 2.9 0.018 0.20 0.39 512 48
16 95.78 132 8.71 0.29 0.25 512 32

TPE algorithm's built-in importance estimation
revealed clear parameter hierarchy essential for
medical image classification optimization [14].
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Fig.2. Hyperparameter importance analysis showing learning rate
dominance (55%) and dropout_1 significance (34%). Combined,
these two parameters control 89% of optimization variance in
EfficientNet-B2 for medical imaging.

The hyperparameter importance analysis reveals
distinct patterns that reflect the specific challenges of
medical image classification. Learning rate shows as
the dominant factor with 55% importance,
demonstrating high sensitivity across a four-order
magnitude range. This dominance stems from the need
for precise gradient adjustments when learning to
distinguish subtle morphological differences between
ALL and normal cells. The optimal range of 2x10~* to

5x10™* represents a conservative learning approach
necessary for fine-grained feature extraction in cellular
imaging.

Dropout 1 ranks second with 34% importance and
medium sensitivity, highlighting the critical role of
regularization in preventing overfitting when working
with limited medical datasets. The optimal range of
0.25 to 0.35 provides sufficient regularization to
ensure model generalization while preserving the
capacity to learn complex cellular patterns essential
for accurate diagnosis.

The remaining parameters show markedly lower
importance scores, suggesting that EfficientNet-B2's
architecture is relatively robust to variations in these
hyperparameters within the tested ranges. Weight
decay contributes minimally (5% importance) but
consistently across trials, indicating its role in fine-
tuning model generalization. Batch size, hidden size,
and the second dropout layer show very low
importance (1-3%), suggesting that the model's
performance is stable across their respective ranges
once the primary parameters are optimized.

This importance hierarchy provides valuable
insights for future optimization efforts in medical
image classification, indicating that practitioners
should prioritize careful tuning of learning rate and

primary dropout parameters while maintaining
standard configurations for the less critical
hyperparameters.
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Final evaluation using optimal hyperparameters
across three independent runs was demonstrated in
Table 3.

Table 3. Comprehensive Performance Metrics Across Multiple

Runs
Metric Run Run 2 Run 3 Mean (%) v
1(%) (%) (%) Std(%) (%)

Test 86.72 | 82.64 | 8517 | 8484+1.66 | 1.96
Accuracy
Precision 86.72 82.64 85.17 84.84 £ 1.66 1.96
Recall
(Sensitivity | 86.72 82.64 85.17 84.84 £ 1.66 1.96
)
Specificity 80.86 76.54 79.01 78.80 £ 1.78 2.26
F1-Score 86.72 82.64 85.17 84.84 £ 1.66 1.96

The results demonstrate consistent performance
across multiple runs with low coefficient of variation
(1.96% for most metrics), indicating reliable
optimization. The AUC-ROC score of 0.920 + 0.008
represents excellent discriminative ability suitable for
clinical applications.

IV. DISCUSSION

The learning rate dominance (55% importance) in
hyperparameter optimization aligns with medical
imaging requirements for fine-grained morphological
feature extraction [15]. The optimal range identified
(2x10™* to 5x107*) enables gradual adaptation to subtle
cellular differences crucial for distinguishing ALL
cells from normal lymphocytes.

Dropout  regularization  significance  (34%)
addresses the fundamental challenge of limited
medical datasets prone to overfitting. The two-stage
dropout strategy (0.29, 0.24) provides hierarchical
regularization, allowing complex pattern learning
while maintaining generalization to unseen patient
data.

The consistent performance across multiple runs
(CV: 1.96%) demonstrates reliability essential for
clinical deployment where consistency directly
impacts patient outcomes. This level of reproducibility
meets the stringent requirements for medical Al
applications.

TPE's ability to model parameter interactions
proves particularly valuable for EfficientNet's
compound scaling architecture, where depth, width,
and resolution interdependencies create complex
optimization landscapes. The rapid convergence
within 12 trials demonstrates the algorithm's efficiency
in navigating high-dimensional parameter spaces.

The automated optimization approach addresses
key challenges in medical Al development: (1)
reducing expert time requirements for hyperparameter
tuning, (2) systematic exploration of parameter spaces,
and (3) reproducible optimization processes essential
for regulatory compliance.

The achieved performance metrics (86.72%
accuracy, 0.923 AUC-ROC) fall within the range

considered suitable for clinical decision support tools
[23]. However, clinical deployment requires additional
validation including multi-centre studies, pathologist
agreement analysis, and integration with existing
diagnostic workflows.

The framework's reliability and systematic
approach to parameter exploration make it suitable for
medical applications requiring consistent performance.
Results establish a foundation for broader adoption of
automated optimization in medical Al development.

This study's evaluation on a single dataset limits
generalizability assessment. Future research should
include multi-centre validation studies to establish
broader clinical applicability. Additionally,
comparison with other optimization frameworks
(Hyperopt, SMAC) would provide comprehensive
benchmarking.

Extension to multi-class haematological disorders
and integration with explainable Al frameworks
represent important directions for clinical translation.
The methodology provides transferable insights for
optimizing deep learning models across medical
imaging domains.

V. CONCLUSSION

This study demonstrates the effectiveness of
Optuna's TPE algorithm for automated hyperparameter
optimization of EfficientNet-B2 in medical image
classification. The framework achieved clinical-grade
performance (86.72% accuracy, 0.923 AUC-ROC)
through systematic parameter space exploration.

Key findings include the critical importance of
learning rate (55%) and dropout regularization (34%)
in medical imaging optimization. The framework's
reliability (CV: 1.96%) and efficient convergence (12
trials) validate its suitability for medical applications
requiring consistent performance.

The automated optimization approach addresses
significant challenges in medical Al development,
providing systematic, reproducible methods for
achieving optimal model performance. Results
establish TPE-based optimization as a valuable tool
for developing robust diagnostic systems in resource-
constrained medical environments.

Future work should focus on multi-centre
validation and extension to broader medical imaging
applications, potentially accelerating the development
and deployment of Al-assisted diagnostic tools in
clinical practice.
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