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Abstract

Cervical cancer is one of the leading causes of cancer-related mortality
among women worldwide, with early detection playing a crucial role in
improving survival rates. Traditional screening methods such as Pap
smear tests and colposcopy are often time-consuming, subjective, and
prone to human error. Recent advancements in deep learning have
significantly improved the automation of cervical cancer detection and
segmentation by enabling accurate analysis of cytology and
histopathological images. Deep neural networks, particularly
convolutional neural networks (CNNs), have demonstrated superior
performance in feature extraction, classification, and segmentation tasks
compared to conventional machine learning approaches. This review
explores recent developments in deep learning-based cervical cancer
detection systems, focusing on segmentation and classification
frameworks. Special emphasis is given to optimization techniques such as
sparsity-aware orthogonal initialization, which improves model
convergence, generalization, and computational efficiency. These
methods reduce redundancy in neural networks and enhance feature
learning, particularly in  high-dimensional medical imaging
datasets.Segmentation models such as U-Net, Mask R-CNN, and DeepLab
variants are widely used for identifying cervical cell boundaries, while
classification models including EfficientNet, ResNet, and hybrid CNN
architectures are employed for detecting cancerous abnormalities.
Studies show that deep learning-based systems achieve high diagnostic
accuracy, often exceeding 95% in classification tasks. The review
highlights key trends such as hybrid architectures, multi-scale feature
extraction, and optimization-driven model design. However, challenges
such as data scarcity, class imbalance, and model interpretability remain
critical barriers to clinical deployment.

Introduction

annually. Early detection is critical for reducing

Cervical cancer is a major global health concern,
ranking among the most common cancers
affecting women worldwide. According to recent
global health reports, it is the fourth most
frequently diagnosed cancer in women, with
hundreds of thousands of new cases reported
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mortality rates; however, existing diagnostic
techniques often fail to detect the disease in its
early stages. Traditional screening methods such
as Pap smear tests and colposcopy rely heavily on
manual examination by medical experts. While
these methods have been effective to some

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://journals.mriindia.com/
https://journals.mriindia.com/
https://journals.mriindia.com/

Deep Learning and Optimization Approaches in Automatic Cervical Cancer Detection and Segmentation Using Sparsity-
Aware Orthogonal Initialization in Deep Neural Network Classifiers: A Review

extent, they are time-consuming, prone to
variability, and require skilled professionals.
Furthermore, manual diagnosis often leads to
false positives and false negatives, reducing
diagnostic reliability.

Recent advancements in Artificial Intelligence
(AI) and deep learning have revolutionized
medical image analysis. Deep learning models,
particularly convolutional neural networks
(CNNs), have shown remarkable success in
analyzing medical images for disease detection.
These models can automatically learn
hierarchical features from raw image data,
eliminating the need for handcrafted feature
extraction. In cervical cancer detection, deep
learning techniques are applied to cytology
images (Pap smear), histopathological images,
and colposcopy images. These techniques enable
automated detection, segmentation, and
classification of abnormal cells, significantly
improving diagnostic accuracy.

Semantic segmentation plays a crucial role in
identifying abnormal cell regions. Accurate
segmentation allows for precise localization of
cancerous cells, which is essential for diagnosis
and treatment planning. Deep learning-based
segmentation models such as U-Net, Mask R-
CNN, and Fully Convolutional Networks (FCNs)
have significantly improved segmentation
performance. Classification models complement
segmentation by determining whether detected
cells are benign or malignant. CNN-based
architectures such as ResNet, DenseNet, and
EfficientNet are widely used for classification
tasks due to their ability to capture complex
patterns in medical images.

A major challenge in deep learning models is
optimization. Training deep neural networks
requires careful initialization of weights to
ensure stable convergence. Poor initialization
can lead to vanishing gradients, slow training,
and suboptimal performance. Sparsity-aware
orthogonal initialization has emerged as an
effective optimization technique for deep neural
networks, ensuring that weight matrices are
initialized in a manner that preserves
orthogonality while maintaining sparsity. This
approach enhances training stability by
maintaining consistent signal propagation across
layers, enables faster convergence during the
learning process, reduces the risk of overfitting
by minimizing redundant parameters, and
improves overall generalization of the model. In
medical imaging applications, where datasets are
often limited and high-dimensional, such
optimization techniques play a crucial role in
achieving reliable and efficient model
performance. Recent research also emphasizes
hybrid architectures that combine segmentation
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and classification models. For example, Mask R-
CNN combined with CNN classifiers has
demonstrated high performance in cervical cell
segmentation and classification, achieving
accuracy above 90%.

Despite these advancements, several challenges
remain. Data scarcity, class imbalance, and
variability in imaging conditions limit model
performance. Additionally, deep learning models
are often considered black boxes, making it
difficult to interpret their predictions. This
review aims to provide a comprehensive
overview of deep learning and optimization
approaches for cervical cancer detection,
focusing on segmentation, classification, and
sparsity-aware initialization techniques.
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Literature Review

1. Introduction to Deep Learning in Cervical
Cancer Detection

Cervical cancer remains a major global health
challenge, particularly in low- and middle-
income countries where access to screening
programs is limited. Early detection is critical for
improving survival rates, yet traditional
diagnostic methods such as Pap smear analysis
and colposcopy are often labor-intensive,
subjective, and prone to human error. To address
these limitations, recent research has
increasingly focused on deep learning-based
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approaches for automated cervical cancer
detection and segmentation.

Deep learning, particularly convolutional neural
networks (CNNs), has demonstrated remarkable
performance in medical image analysis due to its
ability to automatically extract hierarchical
features from raw image data. Unlike traditional
machine learning approaches, which rely on
handcrafted features, CNNs can learn complex
patterns directly from data, enabling more
accurate classification and segmentation of
cervical cancer images.

Recent studies (Sarhangi et al., 2024; Yang et al.,
2022) highlight that deep learning-based
systems significantly outperform conventional
methods in terms of diagnostic accuracy,
sensitivity, and specificity. These models are
particularly effective in analyzing cytology
images, histopathological images, and
radiological scans.

2. Semantic Segmentation Techniques in
Cervical Cancer

Semantic segmentation plays a crucial role in
identifying abnormal cervical cell regions and
delineating tumor boundaries. Accurate
segmentation is essential for diagnosis,
treatment planning, and disease progression
monitoring.

U-Net and Its Variants: The U-Net architecture
(Ronneberger et al.) remains the most widely
used model for medical image segmentation. Its
encoder-decoder structure with skip
connections allows it to capture both local and
global features effectively.

Recent  improvements in  segmentation
architectures have significantly enhanced the
performance of deep learning models in cervical
cancer detection. Advanced models such as
UNet++ (Zhou et al) improve feature
propagation through the use of nested skip
connections, enabling better information flow
between encoder and decoder layers. Similarly,
Attention U-Net (Oktay et al.) enhances
segmentation accuracy by focusing on the most
relevant tumor regions, reducing the influence of
irrelevant background features. Another major
advancement is nnU-Net (Isensee et al., 2021),
which automatically adapts its architecture and
hyperparameters based on dataset
characteristics, making it highly robust and
versatile across different medical imaging tasks.
Furthermore,  Outeiral et al (2023)
demonstrated that nnU-Net achieves state-of-
the-art performance in cervical cancer
segmentation, significantly improving Dice
scores compared to traditional U-Net models,
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thereby highlighting its effectiveness in real-
world clinical applications.

Advanced Segmentation Models: Recent
studies have explored more advanced deep
learning architectures to further improve
cervical cancer detection and segmentation
performance. Models such as Mask R-CNN have
been utilized for instance segmentation, enabling
precise identification of individual abnormal
cells within complex medical images. DeepLab
variants have demonstrated strong contextual
learning capabilities through the use of atrous
(dilated) convolutions, allowing the model to
capture both local and global features effectively.
Additionally, Feature Pyramid Network (FPN)-
based models enhance multi-scale feature
extraction, making them well-suited for detecting
tumors and abnormalities of varying sizes.
Furthermore, Kalantar et al. (2023) introduced a
multi-head dilated convolutional encoder, which
significantly improves segmentation accuracy by
capturing multi-scale contextual information,
thereby enabling better representation of
complex tumor structures.

Key Insight: Multi-scale and context-aware
models have been shown to significantly
outperform traditional segmentation approaches
by effectively capturing both fine-grained details
and broader contextual information within
medical images. These advanced architectures
are better equipped to handle variations in tumor
size, shape, and boundary complexity, leading to
more accurate and reliable segmentation results.
As a result, recent studies report that such
models consistently achieve high performance,
with Dice scores typically exceeding 0.80 to 0.90,
highlighting their superiority over conventional
methods.

3. C(lassification Techniques for Cervical
Cancer Detection

Classification models are used to distinguish
between normal, precancerous, and cancerous
cells.

CNN-Based Classification: CNN architectures
dominate cervical cancer classification tasks due
to their ability to extract spatial features. Tan et
al. (2024) demonstrated that deep CNN models
achieve high accuracy in Pap smear classification
tasks, often exceeding 95% accuracy.

Transfer Learning Approaches: Transfer
learning has become a key technique in cervical
cancer detection, primarily due to the limited
availability of large and well-annotated medical
datasets. By leveraging knowledge from models
pre-trained on large-scale datasets, transfer
learning enables improved performance even
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with smaller medical image datasets. Pre-trained
architectures such as ResNet, DenseNet, and
EfficientNet are widely used for cervical cancer
classification tasks, as they provide strong
feature extraction capabilities and reduce the
need for extensive training from scratch, thereby
improving accuracy, efficiency, and
generalization.

EfficientNet and Advanced ModelsEfficientNet
models provide several advantages in cervical
cancer classification tasks, including better
accuracy, lower computational cost, and
improved generalization compared to traditional
convolutional neural networks. Their compound
scaling approach allows for an optimal balance
between network depth, width, and resolution,
resulting in efficient yet powerful feature
extraction. Studies have shown that EfficientNet-
based models consistently  outperform
traditional CNN architectures in classification
performance, particularly in medical imaging
applications. A key insight from the literature is
that transfer learning significantly enhances
performance when working with small datasets,
and among pre-trained models, EfficientNet
offers the best balance between efficiency and
accuracy, making it highly suitable for real-world
clinical applications.

4. Multi-Modal and Hybrid Deep Learning
Models

Recent research emphasizes hybrid models that
combine segmentation and classification.
Ghoniem et al. (2021) proposed a multi-modal
deep learning framework that integrates imaging
and clinical data, improving diagnostic accuracy.
Hybrid architectures in cervical cancer detection
typically integrate multiple components,
including convolutional neural networks (CNNs)
for feature extraction, segmentation models such
as U-Net or Mask R-CNN for precise localization
of abnormal regions, and classification layers for
final decision-making. By combining these
elements within a unified framework, these
models leverage the strengths of each approach
to achieve superior performance. As a result,
hybrid architectures improve overall accuracy,
reduce false positives by focusing on relevant
regions, and enhance robustness across diverse
datasets, making them highly effective for
complex medical imaging tasks.

5. Optimization Techniques in Deep Neural
Networks

Optimization plays a critical role in improving
deep learning model performance.
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Importance of Weight Initialization: Improper
weight initialization in deep neural networks can
lead to several critical issues that negatively
impact model performance. It may cause
vanishing or exploding gradients, which hinder
effective training and prevent the model from
learning meaningful patterns. Additionally, poor
initialization can result in slow convergence,
increasing training time and computational cost.
It can also lead to poor generalization, where the
model fails to perform well on unseen data,
ultimately reducing its reliability in real-world
medical imaging applications.

Orthogonal Initialization: Orthogonal
initialization ensures that weight matrices
maintain orthogonality during the training of
deep neural networks, which plays a crucial role
in enhancing model performance. By preserving
the norm of input signals across layers, it
stabilizes the training process and prevents
issues such as gradient vanishing or explosion.
This approach also helps maintain smooth and
consistent gradient flow throughout the network,
enabling more effective learning. As a result,
orthogonal initialization leads to improved
convergence, allowing models to train faster and
achieve better performance.

Sparsity-Aware Initialization: Sparsity-aware
initialization further enhances deep learning
model performance by introducing sparsity into
the network, which reduces redundant
connections and improves computational
efficiency. By  minimizing  unnecessary
parameters, it also helps prevent overfitting,
making the model more robust during training. In
medical imaging tasks, where datasets are often
limited, sparsity-aware initialization plays a
particularly important role by improving
generalization, enabling the model to perform
well on unseen data. Additionally, it enhances
feature learning by focusing on the most relevant
patterns and reduces overall model complexity,
resulting in more efficient and reliable diagnostic
systems.

6. Role of Dilated Convolution in Cervical
Cancer Detection

Dilated convolution expands the receptive field
without increasing parameters.

Comparison
Feature Standard Dilated
CNN CNN
Receptive Field | Limited Expanded
Context Low High
Awareness
Efficiency Moderate High
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Kalantar et al. (2023) demonstrated that dilated
CNN models significantly improve segmentation
performance by capturing global context.

7. Ensemble Learning and Multi-Model
Approaches

Ensemble learning combines multiple models to
enhance overall performance by leveraging the
strengths of different architectures. In cervical
cancer detection, recent studies show that
ensemble CNN models consistently outperform
single-model approaches, achieving higher
accuracy, improved robustness, and reduced
overfitting. By aggregating predictions from
multiple models, ensemble methods provide
more reliable and stable results, particularly in
complex medical imaging tasks. However, these
advantages come with certain limitations, as
ensemble techniques increase computational
costand require more training data, making them
more resource-intensive and  potentially
challenging to deploy in real-time clinical
environments.

8. Performance Trends (2020-2023)

Across the reviewed studies, deep learning
models for cervical cancer detection have
demonstrated strong performance, with
classification accuracy typically ranging from
90% to over 99%, segmentation Dice scores
between 0.80 and above 0.90, and sensitivity and
specificity values exceeding 90%. These results
indicate significant improvements in both
detection and segmentation tasks compared to
earlier methods. Key trends observed in the
literature include the increasing use of hybrid
architectures that combine multiple deep
learning techniques for enhanced performance,
the widespread adoption of transfer learning to
address limited dataset challenges, and the
integration of advanced optimization techniques
to improve training efficiency and model
generalization.

9. Challenges Identified in Literature

Comparative Table

Several critical challenges continue to affect the
effectiveness of deep learning models in cervical
cancer detection. Data scarcity remains a major
issue, as there are limited annotated datasets
available and the process of annotation is both
time-consuming and costly. Class imbalance
further complicates model training, as uneven
distribution of normal and abnormal samples can
lead to biased predictions and reduced
performance.  Generalization is  another
significant concern, with models often failing to
perform consistently across different datasets
due to variations in imaging conditions and
patient populations. Additionally, the lack of
interpretability in deep learning models, which
are often considered black-box systems, limits
clinical trust and  adoption.  Finally,
computational complexity poses a major
challenge, as advanced hybrid models require
substantial computational resources, making
them difficult to deploy in real-world clinical
environments.

10. Literature Synthesis and Research Gap
The literature indicates that while deep learning
has significantly improved cervical cancer
detection, no single approach addresses all
challenges.

The best-performing combination identified in
recent studies integrates multiple
complementary deep learning components to
achieve superior performance in cervical cancer
detection. In this framework, CNN or EfficientNet
models are used for efficient and accurate feature
extraction, while segmentation architectures
such as U-Net or Mask R-CNN are employed for
precise localization of abnormal regions. Dilated
convolutional neural networks are incorporated
to enhance contextual learning by capturing
long-range spatial dependencies, and sparsity-
aware initialization techniques are applied to
optimize training efficiency and improve
convergence. This integrated approach leverages
the strengths of each component, resulting in
improved accuracy, robustness, and scalability
for medical imaging applications.

Study / | Yea | Model / | Techniq | Datas | Applicat | Perform | Key Strength | Limitatio
Approa | r Architec | ue et /| ion ance Contrib | s ns
ch ture Moda Metrics | ution

lity
YOLO- | 202 | Detectio | Object Pap Cell Accurac | Real- Fast Lower
based 0 n CNN Detectio | smea | detectio | y~97% | time inferenc | specificit
Model n r n detectio | e y

imag n

es
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DeepCe | 202 | Hybrid Feature | Medi | Classific | Accurac | Multi- High High
rvix 1 CNN Fusion cal ation y ~99% | feature accuracy | complexi
imagi integrati ty
ng on
Mask 202 | Mask R- | Segment | Cytol | Cell Accurac | Instance | Precise Computa
R-CNN | 2 CNN + | ation + | ogy segment | y ~92% | segment | localizati | tional
Study CNN Classific | imag | ation ation on cost
ation es
Sarhan | 202 | CNN Review / | Multi | Detectio | High DL Broad Limited
gietal. |3 Classific | - n accurac | framew | insights | validatio
ation moda y ork n
1 analysis
SE- 202 | CNN Classific | Pap Multi- Accurac | Channel | High Overfitti
ResNet | 4 (Attenti | ation smea | class y attentio | precisio | ngrisk
on- r classific | ~99.6% | n n
based) ation integrati
on
U-Net 202 | U-Net / | Segment | Medi | Tumor Dice: Encoder | Strong Weak
Models | 0- | UNet++ | ation cal localizat | 0.80- - localizati | global
202 | / imagi | ion 0.90 decoder | on context
3 Attentio ng segment
n U-Net ation
nnU- 202 | Adaptive | Auto- MRI / | Tumor Dice: Self- Robust Dataset
Net 1- Segment | configur | CT segment | 0.73- adaptive | generaliz | depende
202 | ation ed DL ation 0.86 framew | ation ncy
3 ork
Deepla | 202 | Dilated Context | Medi | Segment | High Global Strong High
b 2- | CNN Learnin | cal ation IoU & | context | contextu | complexi
Variant | 202 g imagi Dice capture | al ty
s 3 ng learning
Dilated | 202 | Multi- Context- | MRI Segment | Dice = | Multi- Handles | Risk of
CNN 3 head aware datas | ation 0.82+ scale irregular | artifacts
(Kalant Dilated DL ets contextu | structur
ar et CNN al es
al.) learning
Efficien | 202 | Efficient | Classific | Multi | Cancer Accurac | Efficient | Best Requires
tNet 0- Net ation - classific | y: 95- | scaling efficienc | tuning
Models | 202 moda | ation 99% y-
3 1 accuracy
balance
Hybrid | 202 | CNN + | Hybrid Multi | Detectio | Accurac | Integrat | Best High
DL 1- Segment | Architec | - n + |y 95-|ed overall computat
Models | 202 | ation + | ture moda | Segment | 99%, framew | perform | ional cost
4 Attentio 1 ation Dice ork ance
n >0.90
SAOI- 202 | DNN + | Optimiz | Medi | Training | Faster Sparse Efficient | Limited
based 3 SAOI ation cal improve | converg | optimiza | training | practical
Models datas | ment ence tion adoption
ets
Ensem | 202 | Multi- Ensembl | Multi | Classific | Improv | Model Robust High
ble 2- | CNN e - ation ed aggregat | predictio | resource
CNN 202 Learnin | moda accurac | ion ns requirem
Models | 4 g 1 y ent
Comparative Analysis to advanced deep learning frameworks
The comparative analysis demonstrates a integrated with optimization strategies. Early
significant evolution in cervical cancer detection approaches, including Support Vector Machines,
from conventional machine learning techniques Random Forests, and K-Nearest Neighbors, relied
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heavily on handcrafted feature extraction
methods such as texture, shape, and statistical
descriptors. Although these techniques achieved
moderate classification accuracy, they struggled
to capture complex spatial patterns and
contextual information present in medical
images. The introduction of Convolutional Neural
Networks (CNNs), including VGGNet and ResNet,
transformed automated diagnosis by learning
hierarchical image features directly from raw
data. Residual learning in ResNet further
improved feature extraction and enabled deeper
architectures, resulting in classification accuracy
exceeding 90%. However, these models remained
limited in multi-scale representation and precise
lesion localization.

Semantic segmentation models significantly
enhanced cervical cancer diagnosis by enabling
accurate delineation of abnormal cell regions. U-
Net and its variants became widely adopted
because of their encoder-decoder architecture
and skip connections, which preserve spatial
information during feature reconstruction.
Advanced architectures such as nnU-Net,
DeepLab, Feature Pyramid Networks (FPN), and
dilated convolutional neural networks further
improved segmentation by incorporating
adaptive configurations, multi-scale feature
fusion, and expanded receptive fields. These
approaches demonstrated higher Dice similarity
scores and superior localization of irregular
lesions while maintaining robust performance
across diverse imaging datasets.

Hybrid deep learning architectures represent the
most effective solutions by integrating CNN-
based feature extraction, segmentation
networks, attention mechanisms, and
classification modules into a unified framework.
These models consistently achieve classification
accuracies between 95% and 99% while
reducing false positives and improving diagnostic
reliability. A major advancement supporting
these architectures is Sparsity-Aware Orthogonal
Initialization (SAOI), which enhances neural

network training through stable gradient
propagation, faster convergence, reduced
parameter  redundancy, and improved

generalization. EfficientNet-based models and
transfer learning further optimize computational
efficiency by delivering high predictive
performance with relatively fewer parameters,
making them suitable for large-scale medical
imaging applications.

Despite these remarkable advancements, several
challenges continue to limit widespread clinical
adoption. Limited annotated datasets, class
imbalance, variability in imaging conditions, lack
of model interpretability, and high computational
requirements remain significant concerns.
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Although ensemble and multimodal learning
approaches further improve robustness and
diagnostic accuracy, they require greater
computational resources and complex data
integration. Overall, the analysis indicates that
hybrid deep learning frameworks combining
semantic segmentation, multi-scale feature
learning, contextual understanding, and SAOI-
based optimization provide the most promising
approach for automatic cervical cancer detection.
Future research should emphasize explainable
artificial intelligence, computational efficiency,
and large-scale clinical validation to develop
reliable, scalable, and clinically deployable
diagnostic systems.

Discussion

Deep learning has transformed cervical cancer
detection and segmentation by enabling
automated, accurate, and efficient analysis of
medical images. Compared with traditional
machine learning methods, Convolutional Neural
Networks (CNNs) automatically learn
hierarchical features from raw image data,
significantly improving diagnostic accuracy,
sensitivity, and robustness. Segmentation models
such as U-Net, nnU-Net, and Mask R-CNN have

demonstrated excellent performance in
identifying cervical lesions and tumor
boundaries, thereby supporting precise

diagnosis and treatment planning. Among these,
nnU-Net has shown remarkable adaptability by
automatically configuring its architecture
according to dataset characteristics, ensuring
consistent performance across different imaging
modalities. Advanced techniques incorporating
dilated convolutions and multi-scale feature
extraction further improve segmentation quality
by effectively handling irregular tumor
structures and complex anatomical patterns.

Deep learning-based classification models,
including ResNet, DenseNet, and EfficientNet,
have achieved high diagnostic accuracy, often
exceeding 95%. EfficientNet provides an optimal
balance between predictive performance and
computational efficiency through its compound
scaling strategy, while transfer learning enhances
model performance when annotated medical
datasets are limited. Hybrid architectures that
integrate segmentation, classification, attention
mechanisms, and multi-scale feature learning
consistently outperform standalone models.
Additionally, Sparsity-Aware Orthogonal
Initialization (SAOI) improves training stability,
accelerates convergence, reduces redundant
parameters, and enhances generalization,
making deep neural networks more efficient for
large-scale cervical cancer detection. Multimodal
learning approaches that combine Pap smear,
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MRI, CT, and histopathological images further
strengthen diagnostic accuracy by utilizing
complementary clinical information.

Despite these advancements, challenges remain
regarding limited annotated datasets, class
imbalance, imaging variability, computational
complexity, and the lack of model interpretability.
Black-box decision-making continues to limit
clinical acceptance, emphasizing the need for
explainable artificial intelligence and
standardized evaluation frameworks. Future
research should focus on lightweight, scalable,
and interpretable hybrid deep learning models
integrated  with  advanced  optimization
techniques such as SAOI to improve robustness,
clinical reliability, and real-world deployment for
early cervical cancer diagnosis and patient care.

Conclusion

Deep learning and optimization techniques have
significantly advanced automatic cervical cancer
detection and segmentation, offering improved
accuracy and efficiency over traditional machine
learning methods. Segmentation models such as
U-Net, nnU-Net, and Mask R-CNN effectively
identify cervical cell boundaries and tumor
regions, with nnU-Net demonstrating superior
adaptability across diverse datasets.
Classification models, particularly EfficientNet-
based architectures, achieve high accuracy in
distinguishing normal, precancerous, and
cancerous cells, while transfer learning enhances
performance when training data are limited.
Optimization strategies, including sparsity-
aware orthogonal initialization, improve training
stability, reduce overfitting, and enhance model
generalization. Dilated convolutional neural
networks further strengthen contextual feature
extraction, enabling more accurate identification
of abnormal tissues. However, challenges such as
limited annotated datasets, class imbalance, lack
of model interpretability, and computational
complexity continue to hinder widespread
clinical adoption. Future research should
prioritize lightweight, explainable models,
multimodal data integration, and federated
learning to enhance diagnostic reliability,
facilitate clinical deployment, and improve early
detection and patient outcomes.
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