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ABSTRACT

Clinical Decision Support Systems (CDSSs) play a crucial role in modern healthcare by enabling health
professionals to efficiently analyze patient data and make accurate, evidence-based clinical decisions. In
the context of CDSSs, the analysis of Oral Potentially Malignant Disorders (OPMDs) has seen advances
through digital technologies, as Computer-Aided Diagnosis (CAD) techniques that incorporate Artificial
Intelligence (AI) and image processing play a vital role in early detection. Deep Learning (DL) in OPMD
diagnosis has the capacity to handle intricate patterns, employ differences in image quality, and
continuously improve with more data. Incorporation of DL into oral healthcare not only improves
diagnostic accuracy but also has the potential to streamline screening, minimize human errors, and
provide earlier intervention, eventually improving patient outcomes and supporting the overall treatment
of oral health conditions. This study presents an Improved Oral Potentially Malignant Disorder Diagnosis
using a Stacked Sparse Autoencoder (IOPMDD-SSAE) model to support clinical decisions in the
recognition and classification of OPMD. Oral images of patients can be uploaded to a CDSS, where
IOPMDD-SSAE can analyze them, offering an accurate and automatic investigation. IOPMDD-SSAE uses
a Wiener Filtering (WF) technique to remove noise. The complex and intrinsic features of the oral images
are captured by an SE-ResNet model. Finally, OPMD detection and classification take place using an
SSAE. A comparison of IOPMDD-SSAE with existing methods demonstrated a superior accuracy of
98.08 % on the Oral cancer (Lips and Tongue) images dataset.

Keywords-oral cancer; Internet of Things (IoT); Wiener filtering; computer-aided diagnosis; clinical decision
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I.  INTRODUCTION

Oral cancer is a general term that refers to cancer of the
salivary glands, lips, hard palate, soft palate, mouth floor,
gingiva, and tonsils. Many people suffer from Oral Squamous
Cell Carcinoma (OSCC) [1]. The occurrence of oral cancer
increases with age and displays differences in physical
distribution. Oral Potentially Malignant Disorders (OPMDs)
are a heterogeneous set of clinically definite states linked to a
high risk of progression to OSCC [2]. These clinical states
require an operation to evaluate the level of dysplasia, if
necessary. Once the expert pathologist has made the diagnosis,
it must be linked with the medical features, and a complete
analysis is required for the lesion at an exact place [3]. This
complete analysis provides the physician who handles the

patient with the finest data available to judge. Histology is
significant, and the absence of medical records hinders the
progress of a structural report [4]. Furthermore, it is significant
to recognize that not only the place of the original lesion
requires careful evaluation, but the complete oral mucosa can
also change and show greater exposure to carcinoma growth.

Machine Learning (ML) has been developed as an assistant
for medical analysis [5]. Al has gained wide attention to attain
cognitive functions of people, such as diversity, learning, and
problem-solving. Convolutional Neural Networks (CNNs),
which are capable of identifying and classifying a few
tumorous lesions, drive Computer-Aided Diagnosis (CAD)
systems.
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The credibility and widespread adoption of Clinical
Decision Support Systems (CDSSs) are influenced not only by
their diagnostic accuracy, but also by their ability to support
direct and meaningful interaction with clinicians. To effectively
integrate a CDSS into routine clinical workflows, it must
incorporate several essential design features. Foremost among
them is transparency, which enables clinicians to understand
the reasoning underlying system recommendations, as opaque
"black-box" models are generally unacceptable in clinical
practice. In addition, clinical knowledge and information
should be presented in a clear, relevant, and actionable manner
that aligns with the user's level of expertise. Ultimately, a
CDSS should be designed to support and enhance clinical
decision-making, helping healthcare professionals rather than
trying to replace human judgment or expertise.

For accurate detection and classification of oral disorders,
this study presents the Improved Oral Potentially Malignant
Disorder Diagnosis using a Stacked Sparse Autoencoder
(IOPMDD-SSAE) model. This study is based on a DL
architecture that integrates Wiener filtering (WF)-based
preprocessing, SE-ResNet feature extraction, and SSAE-based
classification for the detection of potentially malignant oral
disorders. This hybrid framework enables enhanced
representation of lesion characteristics and improves the
diagnostic performance within a medical decision support
architecture. The key functional contributions include:

e WF is employed to eliminate noise and improve oral image
quality, enhancing diagnostic performance.

e A SE-ResNet-based deep feature extraction model captures
complex and intrinsic lesion characteristics, enabling
effective representation of pathological patterns.

e A Stacked Sparse Autoencoder (SSAE) is utilized to
perform precise detection and classification of OPMDs.

e The integration of SE-ResNet with SSAE allows enhanced
representation of subtle oral lesion patterns while
conserving significant structural details in medical images.
This hybrid model improves detection performance by
exploiting feature learning and sparse representation-based
classification.

e Extensive experimental evaluations demonstrate that the
IOPMDD-SSAE model achieves superior performance
compared to existing state-of-the-art models across several
evaluation metrics.

II. RELATED WORKS

In [6], a DL model depended on the analysis of images
captured through smartphones. In addition, a resampling model
was developed to improve the quality of images from handheld
smartphone cameras. In [7], an optimum Inception-DCNN for
OPMD  Detection (OIDCNN-OPMDD) approach was
presented, where the feature extraction and identification
procedure were executed using an IDCNN. In [8], DL models
utilized effective feature extraction approaches, including
appearance and pattern-based features, and the Bee Pulse
Couple NN (BeePCNN) technique was employed to pick the
finest features. Finally, an advanced FGPSOCNN decreased

the computational cost of the CNN. In [9], patient surveys and
oral cavity images were incorporated with ResNet50,
ResNet101, VGG19, and ResNet152 models to classify oral
cavity images. In [10], a lightweight DCNN approach, based
on the pre-trained EfficientNetB0, was used to classify oral
lesions as malignant, benign, or possibly malignant using real
medical images. In [11], SFO was utilized with a Fusion-based
Classification (CADOC-SFOFC) approach, with the fusion-
based feature extraction procedure utilizing VGGNetl6 and
ResNet. In [12], an oral cancer analysis method was based on
few-shot learning.

In [13], oral cancer detection was performed using a CNN
and an improved DBN method, with their parameters improved
using a combination of PSO and Al-Biruni Earth Radius (BER)
optimizer models, termed PSOBER. In [14], Electrical
Impedance Spectroscopy (EIS) was utilized with a CNN-based
DL method. In [15], smartphone-based web-application
platforms were developed with DenseNet201 and a modified
Capsule Network (FixCaps) model. In [16], the risk of
malignant transformation was predicted using a multimodal
attention-based deep Multiple Instance Learning (COCOH)
method that combined histopathology and
immunohistochemistry whole-slide images. In [17], a DL
framework with a Cross-Channel Self-Attention Fusion Unit
(CCSAFU) model was developed for more precise and reliable
detection. In [18], a DL model was used with mixup data
augmentation and negative sample utilization to mitigate false
positives and improve detection robustness.

Many of these studies are restricted due to high imbalance,
small datasets, and inconsistent image quality, affecting the
robustness of the model. Few-shot learning and EIS-CNN
approaches partially address data scarcity but may not
generalize across the population. In addition, although some
models are lightweight, there is a research gap in achieving
real-time applicability and reliable multimodal integration.
Previous works on OSCC detection are mainly based on
traditional preprocessing and DL models, which do not
effectively resolve image noise and subtle lesion differences,
affecting diagnostic reliability. Besides, several methods are
mainly based on traditional CNN models without incorporating
attention mechanisms to highlight discriminative features in
oral images. Moreover, the limited integration of advanced
representation learning and sparse-based classification methods
limits the ability of the model to distinguish normal and cancer
images proficiently. Therefore, there is a need for a hybrid
framework that includes robust denoising, attention-enhanced
deep feature extraction, and efficient classification for
improved oral cancer detection.

III. THE PROPOSED METHOD

This study introduces a clinically driven intelligent system
for automated OPMD diagnosis, designed to support decision-
making in real-world healthcare settings. The proposed
IOPMDD-SSAE  framework  integrates  noise-resilient
preprocessing using WF with advanced feature learning
through an SE-ResNet network. Leveraging an SSAE for
classification, the system provides an accurate and automatic
analysis of oral images uploaded by patients or clinicians.
Figure 1 illustrates the entire process of [OPMDD-SSAE.

www.etasr.com

Alzanin & Alonazi: Deep Representation Learning-Based Oral Potentially Malignant Disorders ...



Engineering, Technology & Applied Science Research Vol. 16, No. 3, 2026, 34894-34899 34896
Image Pre-Processing Feature Extraction Process Detection & Classification Process
(Wiener Filtering Technique) (Squeeze and Excitation - ResNet Model) (Stacked Sparsc Autoencoder
57
/,_/Aﬂ 4 /|§ N\
a ! RAViya S
A}
& . [Y4 =
i) ﬁ N Performance Evaluations |
v
Input: Training Images /
o S o 7
(Clinical Decision Support | m
System Dataset) )
LS ) R
Fig. 1. Overall process of the IOPMDD-SSAE system.
- / _ 1 H w P
A. WF-Based Preprocessing Se = i=12j=1 o (i, ) )

At the primary level, the [OPMDD-SSAE technique uses
WF for noise elimination [19], selected for its ability to
improve image clarity without over-smoothing. This technique
employs statistical data for the image and noise to make an
optimum linear filter. With the help of the power spectrum of
the new image and noise, WF aims to decrease the Mean
Squared Error (MSE) between the true image and its filtered
form, minimizing noise while maintaining significant details.
WEF finds applications in diverse image processing activities
such as satellite images, medical imaging, and photography,
where the elimination of noise is crucial to improve overall
visual quality and to support the following interpretation or
exploration.

B. Feature Extraction Using SE-ResNet

The complex and intrinsic features of oral images can be
captured by the SE-ResNet module [20], which improves
relevant patterns and classification performance at a lower
computational cost. SE-ResNet is based on a convolutional
process that extracts useful features by combining spatial and
channel-wise data in locally accessible areas. The fundamental
module is a mixture of the SE block and the ResNet residual
block. According to CNN theory, the convolution operator
applies a transformation: T:X > 0, X € RE><H>XW" o g
RE*HXW 1 et I be the final convolution layer in the SE-ResNet
module. Assume X, the input and X = [x%,x2,x¢'] the input
of L. Let K = [kq,k,, ..., kc] be the filter kernels, where k.
denotes the ¢ filter parameters. The L output is defined as O =
[01,0,, ..., 0¢c] where:

oczkc*XzziC’ké*xi (1)

where * represents the convolution, k. = [k2, k2, k'], with k.
specifying the 2D kernel, and k. denotes a single channel that
performs on the equivalent network of X . The output is
produced by the biased outline of the entire input network, and
channel dependencies are indirectly fixed in k., but they are
tangled with the spatial correlation. The SE block adjusts per-
channel feature responses by clearly demonstrating inter-
dependencies among channels. The filter response contains
dual phases, such as squeeze and excitation. Officially, a
statistic S = [sy, Sy, ..., S¢c] € R is produced by reducing O
over spatial sizes H X W, where:

To utilize the data combined from the squeeze process, a
second phase aims to remove individual channel dependencies
completely. This phase employs a Fully Connected (FC) NN
with two Hidden Layers (HL) to absorb the non-linear interface
and non-mutually special connection among them. The FC NN
output is defined as:

S = a(Wod(W,S)) 3)

where & denotes the ReLLU activation function, ¢ specifies the
sigmoid function, W, € R¢*¢, W, € R*¢, ¢ =C/r, and r
refers to the reduction ratio. Thus, L can be rewritten as O =
[64,0,, ..., 0¢], while

3. =85, 0, “)

Here 5, €S and 0, states to the individual channel
multiplication among the scalar §, and mapping feature o, .
Supposing the input and output sizes are similar, the last output
of SE-ResNet is written as:

X=X,+0 5)

After training a set of images, the objective function
calculates the space between the forecast and objective
outcomes, giving a loss value by Backpropagation (BP):

O _ 3Cot0) _ 4 4 20

Xo - 0Xo =1+ 0Xo (6)

The SR certifies that the gradient is constantly bigger or
equivalent to 1 from the BP, evading the CNN gradient
vanishing issue. The important change is that SE-ResNet uses a
global average pooling process from the squeeze stage.

C. Classification Using the SSAE Model

Finally, the detection and classification of OPMD takes
place using the SSAE [21] model. This model efficiently learns
intrinsic and discriminative data transformations by using
sparse encoding and mitigates repetition, thereby improving
robustness against overfitting. AE is an unsupervised NN that
incorporates a decoder and an encoder. The decoder recognizes
connections among features, reducing data dimensionality.
Then, the encoder rebuilds novel data from the condensed
features. The evaluation of condensed features includes
computing the reconstruction error between the output and
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input. Assuming x the unlabeled input data with N instances,
the decoder and encoder formulations are:

h = f(x) =o.(W,x + b,) @)
y=%=g(h) =aa(Wsh+ by) ®)

where g, and o, refer to non-linear activation functions, such
as ReL.U, tanh, or sigmoid, h denotes the output of the HL, W,
and W, denote the weights and b, and b, represent the biases,
and y denotes the output. The AE error, denoted as loss, is
calculated utilizing the MSE function:

L(W,b) = %Z(y—x)z ©)

The AE aims to generate a y that estimates the input x,
diminishing the constructed error of L(W,b). SAE inserts a
sparsity restriction on AE, attaining the outcome of sparsity and
feature size decrease. To achieve this result, p is selected to a
value near 0 (usually 0.05).

p=p;=~3ifi (x) (10)

where f;(-) denotes the input. Next, the KL divergence is
employed to find p; reverse from p, as:

KL(p||p;) = plog ﬁ%—l_ (1 - p)log 11__; (11)

The SAE reconstructed error can be formulated as:

Lsparse(Wf b) =J(W,b) +ﬁ2?=1 KL(p”.b\j) (12)

where k represents the number of neurons, and f§ denotes the
penalty parameter. A common utilized technique is to stack
numerous SAE encoder designs, i.e., SSAE, whereas the HL
outcome of the preceding SAE is the subsequent SAE input. In
an unsupervised method, the SAE is trained layer-wise,
utilizing a greedy algorithm for minimizing the loss between
the output and input of every SAE, which aids in decreasing the
loss rate of the feature element.

IV.  PERFORMANCE ANALYSIS

The proposed IOPMDD-SSAE model was experimentally
evaluated on a benchmark image dataset [22]. The method was
run on Python 3.6.5 with an i5-8600k CPU, 4 GB GPU, 16 GB
RAM, 250 GB SSD, and 1TB HDD, using a 0.01 learning rate,
ReLU, 50 epochs, 0.5 dropout, and batch size 5. Overfitting
was reduced using WF-based noise removal and SE-ResNet
deep feature extraction with SSAE-based classification, while
strict data splitting prevented leakage and class weighting
addressed imbalance. Table I describes the dataset, which
comprises 131 images with two classes.

TABLE L DATASET DESCRIPTION
Classes Instance count
Cancer 87

Non-Cancer 44

Total Instances 131

Figure 2 presents the confusion matrices attained by the
IOPMDD-SSAE model at 80:20 and 70:30 training/test
(TRAPH/TESPH) splits.
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Fig. 2. Confusion matrices of (a, ¢) TRAPH for 80% and 70% and

(b, d) TESPH for 20% and 30%.

Table II shows the detection outputs of the IOPMDD-
SSAE. According to 80% TRAPH, the proposed technique
achieved an average accu,, sens,,, spec,, Fscore, and MCC of
98.08%, 98.53%, 98.53%, 97.90%, and 95.89%, respectively.
Meanwhile, based on 20% TESPH, the IOPMDD-SSAE
method attained average accu,, , sensy, specy, Fyore, and
MCC of 96.30%, 93.75%, 93.75%, 95.38%, and 91.17%,
respectively. Finally, based on 70% TRAPH, the IOPMDD-
SSAE method gained an average accu,, sens,, specy, Fycore,
and MCC of 97.80%, 96.55%, 96.55%, 97.42%, and 94.97%,
whereas on 30% of TESPH, the IOPMDD-SSAE method
achieved an average accu,, sens,, spec,,, Fycore, and MCC of
97.50%, 96.67%, 96.67%, 97.30%, and 94.73%, respectively.

TABLE II. DETECTION RESULT OF THE IOPMDD-SSAE

TECHNIQUE WITH DISTINCT CLASSES

Classes | Accu, | Sens,, | Spec, | Fscore | MCC
TRAPH (80%)

Cancer 98.08 97.06 100.00 98.51 95.89

Non-Cancer 98.08 100.00 97.06 97.30 95.89

Average 98.08 98.53 98.53 97.90 95.89
TESPH (20%)

Cancer 96.30 100.00 87.50 97.44 91.17

Non-Cancer | 96.30 87.50 100.00 93.33 91.17

Average 96.30 93.75 93.75 95.38 91.17
TRAPH (70%)

Cancer 97.80 100.00 93.10 98.41 94.97

Non-Cancer 97.80 93.10 100.00 96.43 94.97

Average 97.80 96.55 96.55 97.42 94.97
TESPH (30%)

Cancer 97.50 100.00 93.33 98.04 94.73

Non-Cancer 97.50 93.33 100.00 96.55 94.73

Average 97.50 96.67 96.67 97.30 94.73

Table III presents a comprehensive comparative analysis of
the IOPMDD-SSAE method. The results highlight that
IOPMDD-SSAE achieved improved performance.
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TABLE III. COMPARATIVE RESULTS OF IOPMDD-SSAE
WITH EXISTING MODELS

Methods Accu, Sens, Spec, Fscore
IOPMDD-SSAE 98.08 98.53 98.53 97.90
OIDCNN-OPMDD 97.50 97.83 97.83 97.46
DBN Method 86.36 84.12 91.15 85.74
CNN Technique 94.14 93.93 96.89 95.39
Inceptionv4 85.14 86.68 89.42 87.24
DenseNet161 90.06 88.21 85.59 86.22

The IOPMDD-SSAE model gained a higher accu,, of
98.08%, whereas the OIDCNN-OPMDD, DBN, CNN,
Inceptionv4, and DenseNet-161 models obtained lower accu,,
values of 97.50%, 86.36%, 94.14%, 85.14%, and 90.06%,
respectively. IOPMDD-SSAE achieved an increased Fy.,;, of
97.90%, whereas the OIDCNN-OPMDD, DBN, CNN,
Inceptionv4, and DenseNet-161 models had lower F;.,,.. values
of 97.46%, 85.74%, 95.39%, 87.24%, and 86.22%. IOPMDD-
SSAE attained an improved sens, of 98.53%, whereas the
OIDCNN-OPMDD, DBN, CNN, Inceptionv4, and DenseNet-
161 models had lower sens, values of 97.83%, 84.12%,
93.93%, 86.68%, and 88.21%, respectively. Finally, IOPMDD-
SSAE achieved a higher spec, of 98.53%, whereas the
OIDCNN-OPMDD, DBN, CNN, Inceptionv4, and DenseNet-
161 models achieved lower spec, values of 97.83%, 91.15%,
96.89%, 89.42%, and 85.59%, respectively. These
experimental results demonstrate that the IOPMDD-SSAE
method achieved increased performance.

Table IV describes an ablation study assessment of the
IOPMDD-SSAE method. The SSAE with SE-ResNet feature
extraction attained an Accu,, of 98.08%, a precision of 98.53%,
a recall of 98.53%, and an F.,, of 97.90%, respectively.
Furthermore, by removing the SE module and using only
SSAE, lower performance was obtained with an accu, of
97.33%, sens,, of 97.09%, spec, of 97.44%, and Fop, Of

97.11%, thus emphasizing the contribution of the SE
component.
TABLE IV. ABLATION STUDY OF IOPMDD-SSAE
Methods Accu, | Sens,, | Spec, | Fg.ore
(SSAE with ;%?lli\g]s)l\ll?e_tsfigfre extraction) 98.08 | 98.53 | 98.53 | 97.90
(Wsitshlgl]ft-gRE‘? jlllq:(;el) 9733 | 97.09 | 97.44 | 97.11

V. CONCLUSION

This study presented the design of the IOPMDD-SSAE
technique for clinical decision support, aiming to enable the
recognition and classification of OPMD. In the proposed
technique, oral images of patients can be uploaded to a CDSS,
where IOPMDD-SSAE can analyze them, offering an accurate
and automatic investigation. IOPMDD-SSAE uses WF for
noise elimination, while the complex and intrinsic features of
the oral images are captured by the SE-ResNet model. Finally,
detection and classification of OPMD is performed using an
SSAE model.

A comparison analysis demonstrated a superior accuracy of
98.08% over existing methods on the Oral cancer (Lips and
Tongue) images dataset [22]. The limitations of this study
include small sample sizes, class imbalance, and image
discrepancy, affecting model accuracy and generalization,
while research gaps remain in standardizing data collection and
improving robustness for real-world clinical deployment.
Future work will focus on incorporating larger datasets and
more extensive validation strategies to further improve the
generalization capability of the proposed framework.
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