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ABSTRACT: Automated oral cancer image classification has attracted increasing attention as deep learning offers
opportunities to support diagnostic image analysis. However, limited dataset availability, redundant observations, and
insufficient clinical metadata can compromise model reliability and the generalizability of reported performance. This
study presents an improved Multi-Scale Attention EfficientNet (MSA-EfficientNet) framework that integrates
hierarchical visual representations through attention-guided feature fusion. The proposed architecture extends
EfficientNet-BO by combining intermediate and deep feature maps, adaptive multi-scale weighting, and progressive
transfer learning within a reproducible classification pipeline. The methodological framework incorporates duplicate-
aware data partitioning, controlled augmentation, probability calibration, and model interpretability. An assessment of
the Oral Cancer Multispectral Imaging Dataset (OC-MSI) identified 950 RGB images, comprising 500 cancer and 450
non-cancer observations, including 36 exact duplicates and leaving 914 unique images. The available archive lacks
patient-level identifiers and independently accessible spectral channels, limiting the evaluation to RGB image
classification. A completed preliminary DARC-Net experiment achieved 63.77% classification accuracy, 69.01%
sensitivity, 58.21% specificity, and an area under the receiver operating characteristic curve of 0.6523. A separate
simulation-based analysis reported 93.48% accuracy and an ROC-AUC of 0.975, alongside a structured 30-epoch
optimization profile; these values are not measured outcomes of MSA-EfficientNet. The study establishes a technically
specified architectural framework and comprehensive evaluation strategy for investigating attention-enhanced
EfficientNet classification. Experimental implementation, matched-baseline comparisons, ablation analysis, and
independent validation remain necessary to determine the model's actual predictive effectiveness and potential clinical
relevance.

Keywords: Oral cancer classification, multi-scale attention, EfficientNet-B0, Transfer learning, Deep learning, Model
reliability.

I. INTRODUCTION

Oral cancer represents a substantial global health challenge because of its associated morbidity,
mortality, and the clinical consequences of delayed diagnosis. Oral squamous cell carcinoma (OSCC)
accounts for the predominant proportion of oral malignancies and requires accurate identification to
support timely clinical intervention and appropriate treatment planning. Global epidemiological evidence
shows considerable geographical variation in oral cancer incidence, underscoring the need to improve
diagnostic access and early detection strategies [1]. Histopathological examination remains fundamental to
confirming malignancy, particularly through identifying abnormal cellular morphology, tissue
architecture, and invasive growth patterns. Nevertheless, differences in diagnostic expertise, tissue
characteristics, and image interpretation may complicate consistent assessment. These challenges have
encouraged the development of artificial intelligence (Al)-assisted classification systems that can identify
discriminative image features and support diagnostic investigations. Previous research has demonstrated
the technical feasibility of convolutional neural networks (CNNs) for classifying oral squamous cell
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carcinoma in histopathological images, providing a foundation for further methodological development
[2].

Deep learning has transformed medical image analysis by enabling computational systems to learn
hierarchical representations directly from visual information. Unlike traditional machine-learning
approaches that frequently depend on manually designed morphological or textural descriptors, CNNs
automatically extract increasingly complex features through successive convolutional operations. These
representations can capture local image patterns and broader spatial relationships relevant to classification.
Recent reviews of medical image classification demonstrate the widespread adoption of CNN-based
architectures and highlight the continuing importance of architecture selection, feature representation, data
preprocessing, and robust validation [3]. Among established deep learning architectures, EfficientNet has
attracted considerable attention because of its efficient approach to balancing network depth, width, and
image resolution through compound scaling. This strategy improves representational capacity while
maintaining comparatively efficient computational requirements [4]. Consequently, EfficientNet provides a
suitable architectural foundation for investigating image classification tasks involving relatively limited
computational resources and training data.

Transfer learning further supports applying deep neural networks to smaller medical imaging datasets
by initializing models with representations learned from large-scale source datasets. However, the
effectiveness of transferred features depends on the relationship between the source domain and the target
medical imaging task. Previous investigations have demonstrated that pretrained models do not
necessarily outperform simpler architectures in every medical imaging setting, highlighting the importance
of controlled experimental comparisons [5]. Furthermore, conventional classification networks may
produce highly confident predictions that do not accurately reflect their probability of correctness.
Research on neural network calibration has demonstrated that model confidence and classification
accuracy must be evaluated separately, particularly when prediction probabilities are intended to inform
consequential decisions [6]. These observations suggest that improving classification performance requires
an integrated consideration of feature representation, optimization, probability reliability, and evaluation
quality rather than relying exclusively on architectural complexity.

Multi-scale feature learning provides a promising direction for strengthening conventional EfficientNet-
based classification. Images may contain informative characteristics at different spatial resolutions, with
shallow convolutional layers retaining localized textures and deeper layers representing more abstract
visual structures. Reliance on the final feature map alone may therefore limit the direct integration of
complementary information distributed across network stages. Attention mechanisms offer a way to
adaptively refine feature representations by emphasizing informative channels and spatial locations. For
example, Woo et al. introduced the Convolutional Block Attention Module (CBAM), demonstrating how
channel-wise and spatial attention can be integrated into convolutional architectures to improve feature
refinement [7]. Building on this methodological foundation, integrating multi-scale feature extraction and
attention-guided fusion within EfficientNet represents a plausible approach for learning complementary
visual characteristics. Nevertheless, the effectiveness of such integration for oral cancer classification
remains an empirical question and must be established through comparisons against conventional
EfficientNet models under identical experimental conditions.

Despite continuing advances in image classification, several methodological limitations restrict the
reliability and generalizability of deep learning models developed using relatively small medical imaging
datasets. These include limited sample diversity, class imbalance, overfitting, inconsistent preprocessing,
and insufficient separation between training and evaluation data. In particular, duplicated images, related
observations, or data-dependent preprocessing can introduce information leakage and produce
misleadingly optimistic performance estimates. Roberts et al. emphasized the importance of rigorous data
handling, appropriate evaluation procedures, and transparent reporting when developing medical imaging
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models [8]. Data augmentation may help improve model robustness and reduce overfitting, but it must be
applied carefully to avoid introducing unrealistic transformations or contamination between development
and testing subsets [9]. Furthermore, high overall accuracy does not adequately describe the clinical
consequences of false-negative and false-positive predictions. Reliable evaluation therefore requires
complementary performance indicators, including sensitivity, specificity, precision, Fl-score, receiver
operating characteristic analysis, and uncertainty assessment.

The Oral Cancer Multispectral Imaging Dataset (OC-MSI) provides a relevant image collection for
investigating these methodological challenges. The supplied archive comprises 950 RGB JPEG images
categorized into 500 cancer and 450 non-cancer observations. A preliminary examination identified 36
exact duplicate files, leaving 914 unique images. Although the dataset is described as a multispectral
imaging resource, the available files do not contain separately accessible wavelength channels or
comprehensive acquisition metadata. Furthermore, patient-level identifiers are unavailable, preventing
direct verification of patient-independent evaluation. These findings are derived from the dataset audit
conducted for the present research and are not conclusions drawn from the published literature. They
indicate the importance of employing duplicate-aware preprocessing, carefully controlled data
partitioning, and appropriate restrictions on the interpretation of diagnostic performance. Accordingly, the
current investigation focuses on classification using the available RGB image representations rather than
making unsupported claims regarding wavelength-specific learning or clinical generalizability.

The central research problem is developing a computationally efficient and methodologically reliable
classification framework that extracts complementary visual features from a limited image dataset while
minimizing overfitting and evaluation bias. Although pretrained EfficientNet provides an established
foundation for visual feature extraction [4], the contribution of intermediate and high-level representations
remains an important consideration when designing task-specific classification systems. Integrating multi-
scale features through attention-based refinement may strengthen representation learning, but any
improvement must be distinguished from the independent effects of pretrained initialization, training
duration, augmentation, and hyperparameter optimization [5, 7]. At the same time, duplicate-aware data
preparation and rigorous validation are necessary to ensure that observed performance reflects meaningful
generalization within the available image collection rather than unintended overlap between experimental
subsets [8].

To address these challenges, this study proposes an improved EfficientNet-based classification
framework incorporating multi-scale feature extraction, attention-guided feature fusion, and progressive
transfer learning. The proposed architecture integrates feature representations from different network
stages, enabling the classification head to use both localized visual information and higher-level image
characteristics. The methodological framework additionally incorporates duplicate-aware dataset
partitioning, training-specific augmentation, regularization, validation-based model selection, and
probability calibration. Consistent with established research on model confidence, calibration is evaluated
as a separate component of predictive reliability rather than as a guaranteed mechanism for improving
classification accuracy [6]. Explainable AI methods, particularly Gradient-weighted Class Activation
Mapping (Grad-CAM), are also proposed to visualize image regions contributing to classification
decisions, while recognizing that visual attribution does not independently establish diagnostic correctness
[10].

The primary objective of this research is to develop a reproducible framework for investigating whether
multi-scale attention can enhance EfficientNet-based oral cancer image classification. More specifically, the
study aims to assess the value of complementary feature representations, compare the proposed
architecture with established classification models, examine the effects of progressive fine-tuning and
regularization, and evaluate classification reliability through complementary diagnostic metrics and
calibration analysis. The experimental design also emphasizes reproducible data partitioning, controlled
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baseline comparisons, ablation studies, and statistical assessment of performance variability. These
objectives are informed by established findings concerning CNN development, attention-based
representation learning, transfer learning, and methodological reliability in medical imaging [3-9].

The principal contribution of this study is the proposed integration of multi-scale attention-based
feature learning into an EfficientNet classification framework tailored to the characteristics of the available
OC-MSI images. The architectural contribution combines intermediate and deep feature representations
through an adaptive fusion mechanism, while the methodological contribution focuses on duplicate-aware
evaluation, progressive fine-tuning, and transparent assessment of classification reliability. Additional
contributions include explicit documentation of dataset constraints, a structured approach to assessing
model interpretability, and an ablation-based experimental design intended to isolate the contribution of
individual components. Together, these elements establish a testable framework for investigating more
reliable Al-assisted oral cancer image classification. Importantly, the proposed architectural advantages
remain to be demonstrated through actual training and independent evaluation; hypothetical performance
scenarios are not treated as empirical evidence.

II. RELATED WORK

Recent advances in artificial intelligence have encouraged the development of automated classification
systems for oral cancer detection using clinical images, histopathological representations, and multispectral
imaging. Convolutional neural networks have demonstrated considerable potential for extracting
discriminative visual patterns associated with malignant and non-malignant oral tissue. Warin et al. [11]
investigated deep learning architectures for oral cancer classification using photographic images,
demonstrating the applicability of convolutional feature extraction to oral lesion recognition. Subsequent
investigations expanded this approach to oral potentially malignant disorders and multiple oral lesion
categories [12, 13]. These studies established an important foundation for image-based oral cancer analysis,
although differences in imaging modalities, diagnostic categories, and evaluation protocols limit direct
comparisons of reported classification accuracy. More directly related to the present research, Grace et al.
[14] proposed a hybrid meta-ensemble framework for oral tissue phenotype classification using the Oral
Cancer Multispectral Imaging Dataset (OC-MSI). Their approach combined multiple ensemble-learning
strategies, including stacked classification, weighted soft voting, gradient boosting, and neural ensemble
learning. The authors reported an accuracy of 99.47% and an ROC-AUC of 0.9994 using a dataset described
as containing 950 images. These findings establish an important dataset-specific reference for the present
investigation. However, the reported performance should be interpreted within the original experimental
design, and its direct comparability with the present work depends on verification of image provenance,
preprocessing, data partitioning, and available spectral information.

Other studies have examined the application of pretrained convolutional architectures to oral cancer
image classification. Baydogan [15] investigated hybrid deep learning strategies using a Kaggle oral cancer
dataset containing 950 images, including 500 cancer and 450 non-cancer observations. The study
demonstrated the feasibility of combining pretrained visual representations with conventional
classification techniques. Although these dataset characteristics resemble those of the present OC-MSI
archive, the identity of the underlying image collections has not been established. Consequently, this work
is considered relevant supporting evidence rather than a confirmed experiment on the same dataset.
EfficientNet-specific research in oral squamous cell carcinoma (OSCC) has also emerged, although most
published applications analyze histopathological images rather than the RGB representations available in
OC-MSI. Albalawi et al. [16] applied EfficientNet to histopathological OSCC classification, and Soni et al.
[17] investigated an improved EfficientNet approach for the same diagnostic domain. These studies
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motivate an EfficientNet-based backbone, but differences in image acquisition and annotation prevent
direct transfer of their reported accuracy to the present dataset.

For clinical photographic images, Saldivia-Siracusa et al. [18] examined convolutional classification of
oral potentially malignant disorders and OSCC. This study is task-relevant but uses a different image
collection and diagnostic grouping. Accordingly, evidence from external oral-image datasets should be
discussed in terms of model design and validation practices rather than ranked against the present study
by unadjusted accuracy alone. Feature fusion has also been investigated in other medical-imaging
domains. Zebari et al. [19] combined representations from several deep models for brain-tumor
classification in magnetic resonance images, while Salih and Abdulazeez [20] examined fusing ResNet-
derived features for a related MRI classification task. In mammography, Zebari et al. [21] integrated
regional feature information in a breast-cancer classification framework. These studies support the broader
motivation for combining complementary representations; however, their imaging modalities, data, and
fusion mechanisms differ from the OC-MSI RGB images and the proposed attention-weighted EfficientNet
branches. Their reported results are therefore not direct performance benchmarks for this study. From an
architectural perspective, EfficientNet provides a computationally efficient foundation for extracting
hierarchical visual representations through compound scaling [4]. Attention-based learning offers an
additional mechanism for emphasizing informative feature channels and spatial regions [7]. Nevertheless,
conventional transfer-learning models may not fully exploit complementary information from different
backbone stages. Integrating multi-scale features through attention-guided fusion therefore represents a
promising direction for enhancing feature representation, particularly when discriminative image patterns
occur at different spatial resolutions.

Despite these advances, important methodological challenges remain, including limited dataset
provenance, redundant images, potential information leakage, and uncertainty about model generalization.
This study addresses these concerns by proposing an improved Multi-Scale Attention EfficientNet (MSA-
EfficientNet) framework for binary oral cancer image classification using available OC-MSI RGB images.
Unlike ensemble-based approaches, the proposed architecture emphasizes hierarchical feature integration
and adaptive attention fusion within a single EfficientNet-based network. Its contribution lies in a
specifically defined architectural design and a duplicate-aware evaluation framework intended to establish
whether multi-scale attention provides reproducible improvements over conventional EfficientNet. The
effectiveness of the proposed model remains to be experimentally validated.

ITII. MATERIALS AND METHODS
PROPOSED METHOD

This study proposes an improved EfficientNet-based deep learning framework for automated oral
cancer image classification using the Oral Cancer Multispectral Imaging Dataset (OC-MSI). The proposed
method integrates systematic data preparation, transfer learning, multi-scale feature extraction, and
attention-guided feature fusion within a unified classification framework. Its primary objective is to
enhance the representation of discriminative visual characteristics while maintaining computational
efficiency and reducing the risk of overfitting associated with limited training samples. The methodological
design builds on EfficientNet's efficient feature extraction capabilities [4] and established attention
mechanisms [7], with particular emphasis on reproducibility and reliable model evaluation.

The proposed framework begins with dataset acquisition and quality assessment to identify corrupted
images, duplicated observations, and potential inconsistencies. After data verification, preprocessing
procedures standardize image dimensions, normalize pixel intensities, and improve input consistency. The
dataset is subsequently partitioned into training, validation, and testing subsets using a duplicate-aware
strategy to minimize information leakage. Appropriate data augmentation is applied exclusively to the
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training subset to improve image diversity and support model generalization [9]. These procedures
establish a consistent foundation for the subsequent learning process.

The core architecture employs a pretrained EfficientNet backbone to extract hierarchical representations
from the input images. Unlike conventional approaches that rely predominantly on final-layer features, the
proposed method incorporates multi-scale feature extraction to capture complementary information from
intermediate and deeper network stages. An attention-guided fusion mechanism subsequently integrates
these representations by adaptively emphasizing informative feature responses and reducing the
contribution of less relevant information. The resulting feature representation is passed to a regularized
classification head to generate the final prediction.

The proposed model is optimized through progressive fine-tuning, allowing pretrained representations
to be gradually adapted to the target classification task. Its performance is assessed using an independent
evaluation procedure, supported by comparisons with conventional architectures and ablation experiments
designed to determine the contribution of individual components. The framework also incorporates
prediction reliability and interpretability assessments to support a more comprehensive examination of
model behavior. These evaluations are planned components of the improved EfficientNet study and do not
imply that its expected performance has already been experimentally established.

. 2 Attention-
P Multi-Scal
Input Dataset P ’ Data Ef;ﬁzti;ar::::t :et;ticrze Guided Classification | | Classification
Dataset Audit [ERIOCE=SI0E Partitioning : Feature Head Output
Backbone Extraction Fusi
usion
[ Evaluation ]

FIGURE 1. General framework of the proposed improved EfficientNet method.

The framework illustrates the main methodological stages, including dataset preparation,
preprocessing, data partitioning, EfficientNet feature extraction, multi-scale attention fusion, classification,
and evaluation. It provides an integrated overview of the proposed approach for oral cancer image
classification.

DATASET DESCRIPTION AND PREPARATION

The study utilizes the Oral Cancer Multispectral Imaging Dataset (OC-MSI), comprising 950 labeled
RGB JPEG images: 500 cancer and 450 non-cancer images. The files in the supplied archive have original
dimensions of 144 x 150 pixels. An earlier integrity audit identified 36 exact duplicate files, leaving 914
unique images. These duplicates must be removed or assigned to the same partition before splitting to
reduce leakage risk. Although the dataset is named multispectral, the accessible archive does not provide
individual spectral bands; consequently, the proposed analysis concerns RGB images rather than
wavelength-specific measurements.

Image preparation consists of file integrity checks, exact and perceptual duplicate detection, resizing,
normalization, and training-specific augmentation. Images are proposed to be resized to 224 x 224 pixels
and normalized with the statistics expected by ImageNet-pretrained EfficientNet weights. Moderate
rotations, flips, and carefully constrained brightness or contrast adjustments may be applied to training
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images, provided that clinically meaningful characteristics are preserved [9]. No augmentation is applied
to validation or test images.

Following similarity-group auditing, allocate the data to training, validation, and locked test sets using
approximately 70%, 15%, and 15% of the eligible images, respectively, with stratification where feasible.
Every exact or near-duplicate group must remain within one partition. Hyperparameters, model
checkpoints, thresholds, and calibration settings are selected using only the training and validation sets.
The locked test set is accessed once for final evaluation. Since patient identifiers are unavailable, image-
level separation cannot establish patient-level independence.

Observed dataset class counts

500

n w & wu
= =} =} =1
=% S =} =1

=
o
=1

Images in supplied archive

Cancer Non-cancer

FIGURE 2. Original archive composition and duplicate-aware image inventory.

DATA PREPROCESSING

Data preprocessing is an essential stage of the proposed framework, ensuring image consistency,
reducing potential sources of bias, and preparing the dataset for EfficientNet-based classification. The Oral
Cancer Multispectral Imaging Dataset (OC-MSI) contains 950 RGB images, comprising 500 cancer and 450
non-cancer observations, with an original resolution of 144 x 150 pixels. An initial dataset assessment
identified 36 exact duplicate files, resulting in 914 unique images. Accordingly, duplicate detection and
image integrity verification are incorporated into the preprocessing procedure to minimize redundant
information and reduce the risk of data leakage between experimental subsets.

Following dataset verification, images are standardized to 224 x 224 pixels to support the proposed
EfficientNet-BO architecture. Pixel values are normalized according to the preprocessing requirements of
the pretrained backbone to ensure consistency between the original training domain and the target dataset.
The resulting images retain their RGB representation, as the available dataset does not provide
independently accessible multispectral wavelength channels. Image resizing and normalization are applied
consistently across training, validation, and testing subsets.

To improve training diversity and reduce overfitting, controlled data augmentation is incorporated into
the training procedure. The proposed transformations include horizontal flipping, moderate rotation, slight
scaling, and limited brightness and contrast adjustments. These transformations are intended to simulate
reasonable variations in image appearance while preserving diagnostically relevant visual characteristics.
Consistent with established recommendations for image augmentation [9], augmentation is restricted to
the training subset and is not applied to validation or testing images.

After duplicate assessment, the dataset is divided into training, validation, and testing subsets using an
approximately 70:15:15 stratified partitioning strategy. Identical images and any identified near-duplicate
groups are assigned to the same subset to minimize information leakage. The training subset is used for
parameter optimization, the validation subset supports hyperparameter selection and model
checkpointing, and the testing subset is reserved for final performance assessment. Because patient
identifiers are unavailable, the evaluation remains image-based and does not establish patient-level
independence. These preprocessing procedures are designed to establish standardized inputs, preserve
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image information, and support reproducible experimental evaluation. By combining image verification,
duplicate-aware partitioning, normalization, and controlled augmentation, the proposed framework aims
to improve the reliability of subsequent EfficientNet training and classification assessment.

IMPROVED MULTI-SCALE ATTENTION EFFICIENTNET

The proposed Multi-Scale Attention EfficientNet (MSA-EfficientNet) is designed as a binary image-
classification architecture that extends a pretrained EfficientNet-BO backbone with explicit fusion of
features from multiple network depths. It aims to exploit both localized visual patterns and more abstract
representations when distinguishing cancer from non-cancer images in the available OC-MSI archive. The
method follows the compound-scaling rationale of EfficientNet [4] and the channel- and spatial-attention
principles of CBAM [7]. These are established building blocks; the proposed contribution is their specified
integration and the controlled evaluation of the additional multi-scale fusion component. No improved-
model accuracy is claimed at this stage.

As illustrated in Figure 3, the proposed MSA-EfficientNet takes an RGB image X € R"(224x224x3) as
input to an ImageNet-pretrained EfficientNet-BO encoder. Feature tensors from selected intermediate and
deeper stages are projected to a common channel width and resized to a shared spatial resolution. Channel
and spatial attention then refine each aligned map, and normalized trainable weights fuse the multi-scale
representations before binary prediction. This subsection describes the architecture itself; dataset
preparation and experimental evaluation are presented elsewhere in the Methodology.

(a) Original EfficientNet-B0 Architecture

i MBConv Stages (Compound Scaling) Y

Input Stem [ MBConv1 | [ MBConv6 | | MBConvé | | MBConvé | MBConvé | | MBConve | [ MBConv6 | | [ cony Global | | Fully
(224x224x3) | Conv ™ | (112x112) > (112x112) > (56x56) > (28x28) > (14x14) > (14x14) > (7x7) | > axy [ Average Connected
(3x3,5=2) ' x1 x2 %2 %3 x3 x4 %1 | Pooling ‘ (2 classes)

(b) Proposed MSA-EfficientNet Architecture (MSA-EfficientNet)

i) 1x 1 Conv ( Attention
j 3 (56 % 56 x C”f > (Alignment) \ (Channel + Spatial) |
Pretrained Vo= \ Multi-Scale Global Fully
- 41)(“'2’::)( j > EfficientNet-B0 Fi(14x14xC) |—»> (Ll’; lnmC:lI"l‘K’) @ a’:r':;':ﬂs":ﬁal) ; Feature Fusion —» Average —» Connected
(Feature Extraction) g it o ) (Adaptive Weights) Pooling (2 classes)
T 1 x 1 Conv [ Attention ‘
‘ Pl > (Alignment) | (Channel + Spatial) |

FIGURE 3. Comparison of the original EfficientNet-B0 and the proposed MSA-EfficientNet architectures.

The upper panel summarizes the original EfficientNet-B0O feature-extraction backbone [4]. The lower
panel illustrates the proposed extension, in which feature maps from multiple backbone depths are
aligned, refined through attention, and combined using adaptive fusion weights before binary
classification. The illustrated MSA-EfficientNet modifications remain an untested design rather than a
demonstrated performance improvement.

EfficientNet-B0 is adopted as the feature encoder because its mobile inverted bottleneck convolutional
blocks offer a comparatively efficient feature hierarchy [4]. Rather than using only the terminal feature
map, the model draws on m selected backbone stages that differ in receptive field and spatial granularity.
Earlier selected stages are expected to preserve relatively fine image structures, whereas later stages encode
broader combinations of patterns. For input image X and backbone parameters 6, the output of stage i is
defined as:

Fi = fi(x; 0), i€ {1..,m} (1)
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Here, Fi € RMHixWixC;) is the feature tensor at the selected backbone stage, and H;, W;, and C; denote its
height, width, and channel dimension. Figure 3 schematically displays three fusion branches from
successive backbone stages. Their exact block identifiers, feature dimensions, and output strides must be
recorded in the implementation to ensure that the model can be reproduced.

Because the selected feature maps have different sizes, direct addition is not valid without alignment.
Each F; is passed through a learnable 1 x 1 convolution to obtain a common projection width C¥, and then
through a specified resizing operator to obtain a common spatial resolution H* x W¥, For a selected feature
map, this operation is expressed as:

Zy = Pi(F)) € RMH*XW xxC*) (2)

The operator P; combines channel projection and spatial alignment, for example by adaptive pooling or
interpolation. A fixed alignment rule is used across experiments, and any batch normalization or activation
placed after the projection must be reported. This stage is necessary to permit mathematically valid feature
fusion rather than simply concatenating incompatible feature tensors.

Following alignment, an attention block refines each projected feature tensor. In the proposed design,
channel attention estimates the relative importance of feature channels using pooled summaries, while
spatial attention estimates the relative importance of locations within the image. This sequential operation
is inspired by CBAM [7], but we do not assume its benefits will transfer automatically to OC-MSI. The
attention-refined feature map is written as:

F; = Ai(Zi) = M5 Q© (Mci O] Zi) (3)

In Equation (3), M4 and M3 are channel and spatial attention masks, respectively, and © denotes
element-wise multiplication with appropriate broadcasting. Both masks are learned from the training
subset. This mechanism is intended to suppress less informative responses and retain complementary
patterns, although attention weights are not clinical explanations themselves.

The attention-refined tensors are combined using normalized trainable scale scores. Rather than
assigning the same contribution to every backbone depth, softmax normalization allows the network to
adjust the relative importance of each feature scale during optimization:

a; = exp(sy) /[ Zi=1Mexp(s), Ziai"ai =1 (4)

F_fusion = Zi..,"a; F; (5)

The scalar s; is a trainable parameter associated with scale i, a; is its non-negative normalized weight,
and F_fusion is the combined H* x W* x C* tensor. This construction makes the contributions of individual
scales explicit and enables a direct ablation test against equally weighted fusion or a terminal-feature-only
EfficientNet baseline. It does not imply that learned a; values are stable or biologically meaningful across
independently trained models.

The fused representation is summarized using global average pooling (GAP) to produce a fixed-
dimensional vector. Dropout regularization is applied during training, and a fully connected layer with
sigmoid activation estimates the cancer-class probability. The classification operation is defined as:

p = o(W - D(GAP(F_fusion)) + b) (6)

Here, D denotes training-time dropout, W and b denote the classification-layer weights and bias, o
denotes the sigmoid function, and p € [0, 1] is the predicted cancer probability. At inference, dropout is
disabled, and 1 - p'is the complementary non-cancer probability. The default decision threshold is not
assumed to be optimal: any operating threshold intended to prioritize sensitivity or specificity must be
selected using training/validation data only and then evaluated once on the locked test set.

The newly introduced projection, attention, fusion, and classification layers are initialized for the target
task, while the backbone uses pretrained ImageNet weights. A staged optimization strategy is proposed:
initially freeze backbone parameters while training the new modules, then gradually unfreeze selected
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deeper backbone blocks at a reduced learning rate. Binary cross-entropy is the planned primary objective,
with AdamW optimization, regularization, validation-based checkpoint selection, and recorded epoch-
wise metrics. The exact learning rates, batch size, dropout probability, selected feature stages,
augmentation policy, and random seeds are configuration decisions to be fixed before the experimental run
rather than retrospectively inferred from expected results.

The architecture must be compared with standard EfficientNet-BO trained under the same data split,
preprocessing, pretrained initialization, and optimization budget. Component ablations should separately
remove multi-scale fusion, remove attention, and replace learned scale weighting with equal weighting.
Repeated runs and confidence intervals are needed to characterize variability. The earlier four-epoch
DARC-Net pilot is a completed preliminary experiment, whereas the proposed MSA-EfficientNet has not
yet been trained and tested on OC-MSI. Likewise, the previously prepared 30-epoch curves and 93.48%
classification scenario are illustrative targets, not empirical outputs of this model.

The resulting design is a testable extension of EfficientNet rather than evidence that attention-based
fusion necessarily improves oral cancer classification. A performance claim requires implementing the
specified stages, fixing training settings, matching comparisons with standard EfficientNet-BO, running
repeated trials, and evaluating on a locked test set. Because the available archive contains RGB JPEG
representations without patient identifiers or separately accessible spectral bands, any eventual claims
must remain limited to image-level RGB classification until patient-level and external validation become
possible.

MODEL TRAINING AND CLASSIFICATION

The proposed Multi-Scale Attention EfficientNet (MSA-EfficientNet) uses a two-stage transfer-learning
strategy to adapt pretrained visual representations for binary classification of cancer and non-cancer
images. During the first stage, the ImageNet-pretrained EfficientNet-B0 backbone remains frozen while the
newly introduced feature-alignment layers, attention modules, weighted fusion mechanism, and
classification head are optimized. This stage allows the task-specific components to develop useful
representations without immediately altering the pretrained encoder. During the second stage, selected
deeper backbone blocks are progressively unfrozen and fine-tuned at a lower learning rate. Such gradual
adaptation is intended to retain transferable features while improving the model’s sensitivity to image
characteristics relevant to the OC-MSI classification task.

The proposed optimizer is AdamW, which decouples weight decay from the gradient-based parameter
update [22]. Binary cross-entropy is adopted as the primary loss function because each image belongs to
one of two mutually exclusive classes. For a training batch of images, the objective is defined as:N

Lpce = —% iz1[yilog(®) + (1 — y)log(1 — B))]. @)

Here, N is the number of images in the training batch, y; € {0,1} is the reference label (1 = cancer; 0 =
non-cancer), and p; is the predicted cancer probability. The network parameters are updated through
backpropagation to minimize this loss. In the final implementation, optimizer settings, learning rates for
the two stages, batch size, weight decay, and dropout probability must be specified before training and
retained in the experimental record.

Training regularization incorporates dropout, weight decay, training-only image augmentation, and
validation-monitored learning-rate scheduling. An initial maximum budget of 30 epochs is proposed, with
model checkpointing and optional early stopping based on a prespecified validation criterion rather than
selection of the last epoch by default. The training and validation subsets are used for parameter estimation
and model selection, respectively; the locked test subset must remain untouched until final evaluation.
Loss, accuracy, and class-sensitive measures are to be exported after each epoch to document convergence,
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overfitting, and optimization stability. The 30-epoch curves supplied in the earlier expected-results report
are synthetic illustrations, not logs obtained from training the proposed network.

At inference, an input image is passed through the EfficientNet backbone, multi-scale attention fusion
module, and binary classification head. The output sigmoid score p; € [0,1] estimates the cancer-class
probability, while 1 — p; is the complementary non-cancer probability. The predicted class label is assigned
using a decision threshold 7:

- 1, pi=1
=l bi<r ®

A threshold of T = 0.5 provides an initial decision rule. If a different sensitivity—specificity balance is
required, the threshold should be selected using training or validation data and frozen before independent
test-set evaluation. Post-hoc probability calibration, if performed, must also be fitted without using the
locked test labels. The final experimental protocol will compare the proposed architecture with standard
EfficientNet-BO under matched data partitions and training conditions, thereby separating architectural
effects from differences in optimization or evaluation. The proposed model has not yet been evaluated
experimentally on OC-MSI; classification outcomes must therefore be reported only after execution and
independent assessment.

4. RESULTS AND PROSPECTIVE EVALUATION

Evidence status. The OC-MSI file audit and shortened DARC-Net pilot are completed assessments. The
improved MSA-EfficientNet experiments, 30-epoch traces, ROC scenario, and ablation figures are
prospective simulations, not empirical outputs of the proposed model. Consequently, the latter are
presented solely to demonstrate the intended evaluation and reporting protocol.

The proposed architecture should be compared with a baseline convolutional neural network, ResNet,
standard EfficientNet-BO, and relevant feature-fusion variants under the same data partitions and
consistent preprocessing [4, 23]. Ablation experiments should distinguish the contributions of pretrained
initialization, progressive fine-tuning, multi-scale alignment, and attention-based fusion. The full
architecture must be compared with an otherwise identical EfficientNet model without attention;
calibration is evaluated separately because it principally targets probability reliability rather than top-1
accuracy [6]. Use repeated random seeds, consistent compute budgets, and matched-sample error analysis.
Any change to the architecture or operating threshold must be made using development data, not the held-
out test set.

EVALUATION FRAMEWORK

Classification performance will be assessed using the confusion matrix and complementary measures:
accuracy, cancer sensitivity, non-cancer specificity, precision, F1-score, balanced accuracy, and the area
under the receiver operating characteristic curve (ROC-AUC). With true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN), the primary metrics are:

TP+ TN
AcCUracy = 4o TN ¥ FP 4 N’
o TP
SenSlthlty = m,
. TN
Specificity = TN + FP
o TP
Precision = W

VOLUME 3, 2026 66


https://doi.org/10.48161/qjms.v3a91

QUBAHAN JOURNAL OF MEDICAL SCIENCES
VOL. 3, November 2026
https://doi.org/10.48161/qjms.v3a91l

2TP
Fi=r7—
2TP +FP+FN
Sensitivity + Specificity
> .

Balanced Accuracy =

ROC-AUC summarizes discrimination over possible thresholds. The final study should include
uncertainty intervals for test metrics and a repeated-seed summary to characterize training variability.
Because missed cancer images and false alarms have different practical implications, report both sensitivity
and specificity instead of relying only on aggregate accuracy. A decision threshold, if different from 0.5,
must be specified before final test evaluation.

DATASET AUDIT

The dataset contained 950 RGB images distributed across two folder labels. Removal of 36 exact
duplicate copies produced an inventory of 914 unique image files. This is a completed file-level audit, not
verification of patient-level independence. The main practical implication is that random image splitting of
the unprocessed 950 files could allow copies of the same content to appear in different partitions. Near-
duplicate images and cross-specimen dependencies remain unresolved.

CLASSIFICATION PERFORMANCE AND TRAINING DYNAMICS

The classification performance of the proposed improved Multi-Scale Attention EfficientNet (MSA-
EfficientNet) is examined through a simulation-based evaluation scenario incorporating confusion-matrix
analysis, diagnostic classification indicators, receiver operating characteristic (ROC) analysis, and epoch-
wise optimization behavior. The analysis is designed to demonstrate a comprehensive performance-
reporting framework for the proposed architecture and to establish quantitative targets for subsequent
experimental validation. The numerical results in this section represent simulated performance outcomes
rather than measurements obtained from an executed MSA-EfficientNet training experiment.

The classification scenario considers a test sample comprising 138 images, including 71 cancer and 67
non-cancer observations. As illustrated in Figure 4, the assumed classification outcome correctly identifies
67 cancer images and 62 non-cancer images, for a total of 129 correct predictions. The remaining
observations comprise four false-negative and five false-positive classifications. Based on these outcomes,
the calculated classification accuracy reaches 93.48%, reflecting a relatively balanced distribution of correct
predictions across both diagnostic categories.

Actual non-cancer

Actual cancer

Predicted non-cancer Predicted cancer

FIGURE 4. Confusion matrix for the simulated classification scenario.
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The matrix presents 67 true positives, 62 true negatives, five false positives, and four false negatives,
demonstrating the relationship between assumed classification outcomes and the resulting diagnostic
performance indicators.

The detailed performance indicators are presented in Table 2. The calculated sensitivity of 94.37%
indicates that approximately 94 of every 100 cancer images would be correctly identified under the
specified scenario, while the corresponding specificity of 92.54% reflects the ability to distinguish non-
cancer observations. Precision reaches 93.06%, indicating a relatively low proportion of false-positive
predictions among images classified as cancer. The Fl-score of 93.71% shows a favorable balance between
precision and sensitivity, while the balanced accuracy of 93.45% indicates comparable performance across
the two categories. These indicators collectively characterize a strong simulated discrimination profile,
although their clinical relevance cannot be established without actual testing on appropriately independent
observations.

Table 2. Simulated classification performance indicators.

Metric Result
Accuracy 93.48%
Sensitivity / recall 94.37%
Specificity 92.54%
Cancer precision 93.06%
Cancer F1 93.71%
Balanced accuracy 93.45%
ROC-AUC 0.975

The classification indicators are calculated from the specified confusion matrix, whereas ROC-AUC is
derived from separately simulated prediction probabilities. Their interpretation remains restricted to the
constructed evaluation scenario.

The discrimination characteristics are further illustrated through the ROC curve presented in Figure 5.
The simulated area under the curve is 0.975, indicating strong separation between cancer and non-cancer
observations across classification thresholds. This value suggests a favorable discrimination target for the
proposed architecture and complements the threshold-dependent indicators reported in Table 2.
Nevertheless, ROC-AUC cannot be established from confusion-matrix counts at a single threshold.
Experimental confirmation requires individual prediction probabilities from the trained model, along with
appropriate confidence intervals and an independent test set.
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FIGURE 5. Receiver operating characteristic curve.
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The simulated ROC curve illustrates the relationship between sensitivity and the false-positive rate
across decision thresholds, with an area under the curve of 0.975.

In addition to classification performance, the optimization behavior of the proposed model is illustrated
through a structured 30-epoch training scenario. Figures 6 and 7 present the training and validation
trajectories, while Table 3 provides the corresponding numerical values. The simulated accuracy curves
demonstrate progressive improvement throughout optimization, with training accuracy increasing from
61.0% during the initial epoch to 96.4% at Epoch 30. Validation accuracy follows a comparable trajectory,
increasing from 59.0% to 92.3%. The largest improvements occur during the earlier training stages,
followed by smaller incremental gains as optimization progresses.

g5 { = Training
Validation

90 A
85
80

75 1

Accuracy (%)

70 1

65

60

5 10 15 20 25 30
Epoch

FIGURE 6. Training and validation accuracy across 30 simulated epochs.

The curves illustrate progressively increasing classification accuracy, with final training and validation
accuracies of 96.4% and 92.3%, respectively.

The simulated loss trajectories exhibit a corresponding reduction in optimization error. Training loss
decreases from 0.828 at Epoch 1 to 0.098 at Epoch 30, while validation loss declines from 0.877 to 0.193. The
simultaneous reduction in both losses indicates a stable optimization pattern, with the largest decreases
occurring during the initial training epochs. As optimization continues, the rate of improvement gradually
diminishes, indicating convergence toward a comparatively stable performance level within the

constructed scenario.
0.9
== Training
0.8 1 Validation
0.7 1
0.6 1
0.5 1
0.4 1

0.3 1

Binary cross-entropy loss

0.2 1

0.1 1

5 10 15 20 25 30
Epoch

FIGURE 7. Training and validation loss across 30 simulated epochs.

Both loss trajectories decline progressively, with final training and validation losses of 0.098 and 0.193,
respectively.
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The relationship between training and validation performance provides additional insight into the
illustrated learning behavior. At Epoch 30, the difference between training and validation accuracy reaches
4.1 percentage points, while the corresponding loss difference is 0.095. Such differences may be examined
when assessing potential overfitting in an actual experiment. However, the constructed trajectories do not
independently demonstrate model convergence, generalization, or resistance to overfitting because they
were not generated by optimization of the proposed architecture.

Table 3. Training and Validation Performance Across 30 Simulated Epochs

Epoch Train loss Val. loss Train acc. (%) Val. acc. (%)
1 0.828 0.877 61.0 59.0
2 0.753 0.801 64.7 63.2
3 0.686 0.733 68.0 66.9
4 0.625 0.672 71.1 70.1
5 0.570 0.617 73.8 729
6 0.520 0.568 76.2 754
7 0.476 0.524 784 77.6
8 0.435 0.485 80.4 79.5
9 0.398 0.450 82.1 81.2
10 0.365 0.418 83.7 82.6
11 0.336 0.390 85.2 83.9
12 0.309 0.365 86.5 85.0
13 0.284 0.342 87.6 86.0
14 0.262 0.322 88.7 86.9
15 0.243 0.303 89.6 87.6
16 0.225 0.287 90.5 88.3
17 0.209 0.273 91.3 88.9
18 0.194 0.260 92.0 89.4
19 0.181 0.248 92.6 89.8

20 0.169 0.237 93.1 90.2
21 0.158 0.228 93.6 90.6
22 0.148 0.219 94.1 90.9
23 0.140 0.212 94.5 91.1
24 0.132 0.205 94.9 91.4
25 0.125 0.201 95.2 91.6
26 0.118 0.198 95.5 91.7
27 0.112 0.195 95.8 91.9
28 0.107 0.194 96.0 92.0
29 0.102 0.194 96.2 92.2
30 0.098 0.193 96.4 92.3
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The table presents the complete simulated optimization profile. It illustrates changes in accuracy and
loss across successive epochs and provides a structured basis for reporting future experimental training
histories.

Collectively, the classification metrics, ROC analysis, and epoch-wise learning trajectories provide an
integrated assessment framework for the proposed MSA-EfficientNet architecture. The simulated
classification scenario shows how sensitivity, specificity, precision, and Fl-score jointly characterize
discrimination between cancer and non-cancer images, while the learning curves illustrate optimization
behavior across successive epochs. The numerical patterns within the constructed scenario suggest
favorable performance targets, including balanced classification indicators and progressively improving
training and validation metrics. Nevertheless, these values are not derived from an executed model and
therefore do not establish actual classification capability, convergence, or generalization. Experimental
verification using reproducible training records, controlled comparisons, and an independent test partition
remains necessary to determine the effectiveness of the proposed architecture.

ABLATION ANALYSIS OF THE PROPOSED MODEL

Ablation analysis is considered an essential component of the proposed experimental framework for
examining the contribution of individual architectural modifications to classification performance. The
analysis considers five model configurations, beginning with a conventional convolutional neural network
(CNN) and progressing toward the complete Multi-Scale Attention EfficientNet (MSA-EfficientNet)
architecture. The comparative framework investigates the potential benefits of pretrained feature
extraction, progressive fine-tuning, probability calibration, and attention-guided multi-scale feature fusion.
The reported accuracy values represent predefined simulation-based performance targets rather than
results obtained from completed ablation experiments.

Figure 8 presents the proposed performance progression across the five configurations. The conventional CNN serves
as the reference model with an accuracy target of 79.7%, while the pretrained EfficientNet backbone is assigned a target
of 84.8%. Progressive fine-tuning increases the projected accuracy to 89.1%, reflecting the anticipated benefit of
adapting pretrained visual representations to the characteristics of oral cancer images. Adding probability calibration
maintains the same accuracy target because calibration primarily addresses the reliability of predicted probabilities
rather than directly improving classification correctness [6]. The complete proposed MSA-EfficientNet architecture
achieves the highest simulated target of 93.5%, representing the intended contribution of multi-scale feature integration
and attention-guided fusion.

RGB CNN baseline 79.7%

Frozen EfficientNet encoder
Progressive fine-tuning 89.1%
Fine-tuning + calibration 89.1%

Full improved method 93.5%

0 20 40 60 80 100

Hypothetical accuracy (%)

FIGURE 8. Classification Accuracy Across Proposed Model Configurations.
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The figure illustrates the predefined accuracy targets for successive classification configurations,
ranging from 79.7% for the conventional CNN to 93.5% for the complete proposed MSA-EfficientNet
architecture. These values describe anticipated performance differences and have not been experimentally
validated.

The proposed comparative framework is intended to determine whether architectural enhancements
provide measurable advantages beyond conventional transfer learning. To establish the contribution of
multi-scale attention, the complete model should be compared with configurations that exclude the
attention mechanism, replace adaptive fusion weights with uniform weighting, or utilize only the final
EfficientNet feature representation. All experiments should employ identical training, validation, and
testing partitions, consistent preprocessing procedures, and comparable optimization settings. Repeated
training runs and appropriate uncertainty estimates are also necessary to distinguish reproducible
architectural improvements from variation associated with model initialization and training conditions.

Overall, the ablation framework establishes a structured basis for evaluating the proposed MSA-
EfficientNet architecture and identifying the contribution of its individual components. Although the
simulated accuracy targets illustrate a potential improvement over conventional classification approaches,
they do not constitute evidence of architectural superiority. The actual effectiveness of multi-scale attention
fusion must be determined through controlled experimental comparisons and reproducible evaluation on
independent test images.

IV. DISCUSSION

This study investigates the potential of an improved Multi-Scale Attention EfficientNet (MSA-
EfficientNet) framework for oral cancer image classification. The proposed architecture integrates
pretrained EfficientNet representations, multi-scale feature extraction, and attention-guided fusion to
address limitations associated with conventional single-scale classification approaches. The simulation-
based performance assessment demonstrates how complementary diagnostic indicators, receiver operating
characteristic analysis, and training dynamics can be incorporated into a comprehensive evaluation
framework. Although the simulated classification accuracy of 93.48%, sensitivity of 94.37%, specificity of
92.54%, and ROC-AUC of 0.975 represent favorable performance targets, these values do not establish the
proposed model's actual predictive capability. Their principal contribution is to define an analytical
benchmark for subsequent experimental validation.

The dataset assessment provides important methodological findings relevant to the reliability of future
model development. The identification of 36 exact duplicate images within the original collection
demonstrates a potential source of information leakage, particularly when highly similar observations are
distributed across training and testing subsets. Previous research has emphasized that inadequate data
separation can substantially inflate reported model performance and undermine reproducibility [8, 24].
Accordingly, duplicate-aware partitioning and transparent preprocessing are essential for obtaining
credible classification estimates. The available dataset also lacks patient-level identifiers and independently
accessible multispectral wavelength information, restricting the analysis to RGB image classification and
preventing verification of patient-independent generalization. These characteristics highlight the
importance of distinguishing apparent image-level discrimination from clinically meaningful diagnostic
performance.

The proposed architectural enhancement is motivated by the complementary nature of features
extracted at different network depths. EfficientNet provides a computationally efficient foundation for
hierarchical representation learning [4], while attention mechanisms enable adaptive refinement of
informative feature channels and spatial regions [7]. By integrating intermediate and high-level
representations, the proposed MSA-EfficientNet framework aims to improve the extraction of localized
textures and broader visual patterns associated with oral cancer images. However, increased architectural
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complexity does not necessarily guarantee improved performance. The contribution of attention-guided
fusion must therefore be established through controlled experiments comparing the complete model with
conventional EfficientNet-BO and variants that exclude individual components. Such comparisons are
essential for determining whether observed improvements arise from multi-scale integration rather than
pretrained initialization, progressive fine-tuning, or differences in optimization conditions.

The preliminary DARC-Net experiment provides a measured reference point for the current research.
Its classification accuracy of 63.77% and ROC-AUC of 0.6523 indicate limited discrimination under the
implemented four-epoch training configuration. These findings suggest that the preliminary model and
restricted optimization budget were insufficient to establish strong classification performance on the
available test images. Nevertheless, they do not define the dataset's maximum achievable performance or
demonstrate the superiority of the proposed MSA-EfficientNet architecture. A scientifically meaningful
comparison requires identical data partitions, consistent preprocessing procedures, comparable training
budgets, and repeated experimental runs. The planned ablation analysis provides a framework for
examining the contributions of pretrained feature extraction, progressive fine-tuning, and attention-based
feature fusion, although the reported accuracy targets remain unverified.

From a clinical perspective, reliable oral cancer classification requires more than favorable numerical
performance. Sensitivity is particularly important because false-negative predictions may result in
malignant abnormalities being incorrectly classified as non-cancerous. Specificity must also be considered
because excessive false-positive classifications may increase unnecessary clinical investigations. However,
neither metric establishes clinical usefulness on its own without representative patient samples,
dependable reference diagnoses, and evaluation under realistic diagnostic conditions. Furthermore,
probability calibration should be assessed independently from discrimination because accurate class
ranking does not necessarily imply reliable predictive confidence [6]. Explainability techniques such as
Grad-CAM can provide qualitative information about image regions influencing model decisions [10], but
activation maps cannot independently confirm that the network has identified medically valid pathological
features. Transparent reporting is also central to interpreting medical-image classification results. The
CLAIM 2024 update [25] emphasizes clear descriptions of dataset selection, model development,
evaluation units, and uncertainty. These requirements are particularly relevant here because the image-
level audit is completed, but the proposed MSA-EfficientNet training, calibration assessment, and external
validation remain outstanding.

Several limitations constrain the interpretation of the present research. Most importantly, the proposed
MSA-EfficientNet architecture has not yet undergone complete experimental training and evaluation;
therefore, its classification accuracy, calibration, and comparative advantage remain undetermined. The
reported 30-epoch optimization history, confusion-matrix-derived classification indicators, ROC-AUC, and
ablation accuracy values were constructed for simulation-based evaluation and do not represent
experimentally observed outcomes. In addition, the available dataset contains a relatively limited number
of images and lacks patient or specimen identifiers, preventing verification of independence at the clinical
sampling level. The absence of raw spectral measurements restricts the analysis to RGB representations
despite the dataset's multispectral designation. Furthermore, independent external validation, confirmed
diagnostic reference standards, and prospective clinical evaluation are not available in the current research
materials.

These limitations establish several priorities for subsequent investigation. Future experiments should
implement the complete proposed architecture, document all training configurations, and evaluate
performance using duplicate-aware and independently maintained data partitions. Repeated training runs,
component-specific ablation experiments, uncertainty estimates, and error analysis are necessary to
determine the stability and reproducibility of any observed improvements. Additional investigations using
patient-level identifiers, clinically verified labels, and independent datasets would strengthen the
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assessment of generalizability and diagnostic relevance. Collectively, these steps are essential for
establishing whether the proposed multi-scale attention framework provides a meaningful improvement
over conventional EfficientNet-based classification.

The study therefore contributes a structured methodological foundation rather than definitive evidence
of improved diagnostic accuracy. Its principal value lies in specifying a testable architectural enhancement,
identifying important dataset constraints, and establishing transparent procedures for evaluating
classification performance, optimization behavior, and prediction reliability. The effectiveness and clinical
applicability of MSA-EfficientNet remain dependent on rigorous empirical validation.

V. CONCLUSION

This study presents an improved Multi-Scale Attention EfficientNet (MSA-EfficientNet) framework for
oral cancer image classification, integrating hierarchical feature extraction, attention-guided multi-scale
fusion, and progressive transfer learning within a structured experimental methodology. The proposed
architecture aims to overcome limitations associated with conventional single-scale feature representations
by combining complementary information from intermediate and deeper EfficientNet stages. Its
methodological design also incorporates duplicate-aware preprocessing, controlled optimization,
probability calibration, and visual interpretability to support reliable, reproducible classification
assessment. The dataset investigation identified important constraints affecting model development and
evaluation, including duplicated image records, limited sample availability, and the absence of patient-
level identifiers and independently accessible spectral measurements. These findings demonstrate the
importance of rigorous data preparation and cautious interpretation when developing medical image
classification systems from publicly available resources. The preliminary DARC-Net experiment provided
measured evidence of modest classification performance, while the simulation-based analysis established
structured performance targets and demonstrated the reporting of diagnostic indicators, ROC
discrimination, and optimization behavior. However, the projected improvements of the proposed MSA-
EfficientNet architecture remain unverified and cannot be interpreted as established classification gains.
The principal contribution of this research is a technically motivated architectural enhancement and an
evaluation framework that enables systematic investigation of its effectiveness. Future experiments should
implement the complete model, conduct matched-baseline and component-specific ablation comparisons,
examine performance variability across repeated training runs, and evaluate generalizability using
independent datasets with reliable clinical annotations. Such investigations are necessary to determine
whether multi-scale attention fusion provides reproducible advantages over conventional EfficientNet and
whether the resulting predictions can support clinically meaningful image analysis. Overall, the proposed
framework establishes a methodological foundation for advancing reliable and interpretable deep learning
approaches to oral cancer classification, while emphasizing the need for rigorous empirical validation
before clinical or diagnostic claims can be supported.
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  F ᵢ   =   f ᵢ ( X ;   𝜃 ) ,           i   ∈   { 1 ,   … ,   m }


  Z ᵢ   =   P ᵢ ( F ᵢ )   ∈   ℝ ^ ( H ∗ × W ∗ × C ∗ )


  F ̃ ᵢ   =   A ᵢ ( Z ᵢ )   =   M ˢ ᵢ   ⊙   ( M ᶜ ᵢ   ⊙   Z ᵢ )


  𝛼 ᵢ   =   e x p ( s ᵢ )   /   𝛴 ⱼ ₌ ₁ ᵐ   e x p ( s ⱼ ) ,           𝛴 ᵢ ₌ ₁ ᵐ   𝛼 ᵢ   =   1


  F _ f u s i o n   =   𝛴 ᵢ ₌ ₁ ᵐ   𝛼 ᵢ   F ̃ ᵢ


  p ̂   =   𝜎 ( W   ·   D ( G A P ( F _ f u s i o n ) )   +   b )


  N


   ℒ BCE = −  1  N   ∑  i = 1  N   [   y  i log  (     p ^  i ) +  ( 1 −   y  i ) log  ( 1 −     p ^  i ) ] .


  N


    y  i ∈ { 0 , 1 }


      p ^  i


      p ^  i ∈  [ 0 , 1 ]


  1 −     p ^  i


  𝜏


      y ^  i =  {    1 ,      p ^  i ≥ 𝜏 ,   0 ,      p ^  i < 𝜏 .


  𝜏 = 0 . 5


  Accuracy =   T P + T N  T P + T N + F P + F N ,


  Sensitivity =   T P  T P + F N ,    


  Sensitivity =   T P  T P + F N ,    


  Specificity =   T N  T N + F P ,


  Specificity =   T N  T N + F P ,


  Precision =   T P  T P + F P ,  


  Precision =   T P  T P + F P ,  


      F 1 =   2 T P  2 T P + F P + F N ,


  Balanced   Accuracy =   Sensitivity + Specificity 2 .


  Balanced   Accuracy =   Sensitivity + Specificity 2 .

