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ABSTRACT

Breast cancer remains a major healthcare challenge that requires early and accurate diagnosis
to improve patient survival and reduce treatment complexity. Manual interpretation of
mammography, ultrasound, MRI and histopathological images is clinically important but may
suffer from diagnostic variability, workload pressure and dependence on radiologist
expertise. This review presents a compact analysis of Al-enhanced breast tumor classification
using medical imaging and deep learning. It examines conventional machine learning,
Convolutional Neural Networks, Dense Neural Networks, transfer learning, preprocessing
methods, evaluation metrics and explainable Al approaches. The review shows that deep
learning models generally outperform handcrafted-feature methods because they learn
complex imaging patterns automatically. The Anjalee framework emphasizes DNN-based
classification supported by preprocessing and regularization, with reported diagnostic
performance of 95.61%. Major challenges include limited datasets, class imbalance,
overfitting, interpretability, privacy and clinical validation. Future directions include
explainable Al, federated learning, multi-modal imaging and lightweight deployment for

practical healthcare systems.

KEYWORDS: Breast Cancer, Medical Imaging, Artificial Intelligence, Deep Learning,

Dense Neural Network, Medical Diagnosis, Healthcare Analytics, Tumor Classification.

1. INTRODUCTION
Breast cancer remains one of the most serious healthcare challenges worldwide and continues

to demand early, accurate and reliable diagnostic support. Early detection of benign and

Copyright@ Page 1


https://doi-doi.org/101555/ijrpa.4224
http://www.ijrpa.com/

International Journal Research Publication Analysis

malignant breast abnormalities directly influences treatment planning, survival probability
and the overall cost of care. Conventional diagnostic procedures such as mammography,
ultrasound, magnetic resonance imaging and histopathological examination are clinically
valuable, but their interpretation depends heavily on radiologist expertise, image quality and
workload conditions. Manual analysis may therefore suffer from subjectivity, inter-observer
variability and delayed reporting, especially in healthcare environments with limited

specialist availability [1], [2].

Artificial Intelligence, Machine Learning and Deep Learning have introduced powerful
alternatives for supporting breast tumor classification through automated image analysis.
Earlier machine learning models such as Support Vector Machines, Random Forests,
Decision Trees and k-nearest neighbor classifiers improved diagnostic consistency, but they
depended strongly on handcrafted feature extraction involving texture, boundary, shape and
intensity descriptors [3]. Deep learning reduced this dependency by learning hierarchical and
non-linear imaging patterns directly from medical images. Convolutional Neural Networks,
Dense Neural Networks, transfer learning models and hybrid Al frameworks have shown
strong capability in identifying tumor texture irregularities, density variations, boundary
distortions and abnormal tissue patterns [4], [S]. Dense Neural Networks are especially useful
when 1imaging features are preprocessed or transformed into structured numerical
representations. By using multiple hidden layers, activation functions and regularization
strategies, DNN-based systems can model complex relationships between extracted features
and diagnostic categories. The reviewed Anjalee work emphasizes Al-enhanced breast tumor
classification using medical imaging, with attention to data preprocessing, deep learning
model design, evaluation metrics and clinical applicability. This review summarizes the
major concepts, literature trends, comparative model behavior, dataset requirements,

challenges and future directions associated with Al-assisted breast cancer diagnosis [6]—[8].

The importance of these technologies is particularly evident in screening contexts, where
large numbers of images must be examined under time pressure. Al models can act as
assistive systems by identifying suspicious cases, reducing repetitive workload and
supporting more uniform interpretation across clinical settings. This supportive role is central
to the reviewed work because it treats Al as a diagnostic aid rather than a replacement for
expert medical judgment. The review also recognizes that breast cancer diagnosis is not a

single-step classification problem. Effective automated diagnosis depends on a complete
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pipeline that includes image acquisition, preprocessing, feature learning, classification and
performance validation. Weaknesses in any stage of this pipeline can reduce diagnostic
reliability, which is why recent literature increasingly emphasizes end-to-end evaluation

instead of reporting accuracy alone.

2. REVIEW OF LITERATURE

Existing literature confirms that Al-assisted medical image analysis has significantly
transformed breast cancer diagnosis by improving speed, consistency and classification
reliability. Early studies relied on handcrafted feature extraction methods such as texture
analysis, edge detection, wavelet descriptors, morphological measurements and statistical
image features. These features were supplied to classical classifiers including SVM, Random
Forest, Naive Bayes and Decision Tree models. Although such approaches improved
computer-aided diagnosis compared with purely manual analysis, their performance was
limited by the quality of extracted features and the expertise required to design them [2], [14].
Deep learning research marked a major shift because neural networks could automatically
learn meaningful representations from raw or preprocessed medical images. Foundational
work on deep learning highlighted the ability of neural networks to model complex non-
linear relationships, while medical imaging surveys demonstrated that deep architectures
consistently improved performance in segmentation, classification and detection tasks [11],
[12], [16]. CNN-based studies reported strong performance in mammogram and ultrasound
image analysis because convolutional filters learn spatial patterns such as tumor margins,

calcifications, tissue density and texture irregularities [1], [5], [21].

Transfer learning further strengthened breast cancer diagnosis research because medical
datasets are often smaller than general computer vision datasets. Pretrained architectures such
as VGGNet, ResNet, DenseNet and EfficientNet enable reuse of visual features learned from
large image repositories and allow fine-tuning for medical imaging tasks [9], [17]. Recent
work has increasingly focused on explainable Al, since radiologists require transparent
diagnostic support rather than black-box predictions. Visualization tools such as Grad-CAM,
saliency maps and attention heatmaps help identify image regions influencing model
decisions and improve clinical trust [22]. Overall, the literature shows a steady transition
from handcrafted feature engineering to automatic representation learning, from isolated
classification to integrated computer-aided diagnosis, and from accuracy-focused evaluation

to broader reliability, interpretability and clinical usability. However, persistent issues such as
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limited labeled data, class imbalance, variable imaging quality, computational cost and lack

of external validation continue to restrict practical deployment in real clinical environments

[31, [4], [13].

In addition to classification, Al contributes to segmentation, localization, risk scoring and
decision support. Segmentation helps isolate tumor regions from surrounding tissue, while
localization indicates suspicious image areas that need closer review. These tasks are closely
related because accurate localization and segmentation can improve classification
performance by ensuring that the model focuses on clinically relevant regions rather than
background information. The reviewed literature further shows that Al in healthcare must be
evaluated with more caution than Al in general image recognition. In medical diagnosis, a
technically high accuracy value is not sufficient if the model produces unacceptable false-
negative predictions or performs poorly for underrepresented patient groups. Therefore,
fairness, robustness and external validation are increasingly considered essential components

of responsible medical Al development.

3. Al in Medical Imaging and Breast Cancer Diagnosis

Artificial Intelligence has become a central technology in medical imaging because
healthcare systems generate large volumes of visual data that require rapid and accurate
interpretation. Mammography, ultrasound, MRI, CT and histopathological imaging provide
different views of breast tissue characteristics, but manual review of these images is time-
consuming and may vary across institutions and specialists. Al-based frameworks improve
diagnostic support by automatically recognizing visual patterns associated with benign and
malignant tumor structures, including irregular boundaries, heterogeneous textures, abnormal
density distribution and suspicious tissue distortions [4], [10]. Machine learning and deep
learning contribute to the diagnostic pipeline at different stages. Machine learning systems
commonly use extracted features and then classify them using statistical or ensemble models.
Deep learning systems, in contrast, learn features directly from images through layered
transformations. CNNs are particularly effective for spatial feature extraction, while DNNs
can classify processed feature vectors after preprocessing or flattening. Transfer learning
improves performance when training data are limited, while hybrid architectures combine

feature extraction, classification and sometimes sequential or attention-based modeling [5]—

[9].

Copyright@ Page 4



International Journal Research Publication Analysis

Computer-Aided Diagnosis systems integrate Al outputs into clinical workflows by
highlighting suspicious regions, classifying images and supporting radiologists in decision-
making. Such systems are not intended to replace clinicians but to reduce workload, improve
consistency and assist early detection. Al systems can also support screening programs by
prioritizing high-risk cases and helping institutions manage large imaging volumes. However,
clinical integration requires models that are transparent, externally validated, secure and
compatible with hospital information systems [12], [13]. Explainable AI is therefore an
essential part of breast cancer diagnosis. Since false negatives can delay treatment and false
positives can cause unnecessary biopsies and anxiety, clinicians need to understand why an
Al model reaches a decision. Explainability methods show influential image regions or
feature contributions, allowing experts to verify whether the model focuses on clinically
meaningful patterns. This improves trust, accountability and responsible deployment of Al-

assisted diagnostic tools [22].

Transfer learning is also valuable because many breast cancer datasets contain limited labeled
samples. A model pretrained on a large image dataset already understands general visual
patterns such as edges, textures and shapes. Fine-tuning such a model on breast imaging data
can reduce training time and improve generalization. However, careful tuning is necessary
because medical images differ from natural images in texture, contrast and clinical meaning.

Hybrid models have gained attention because they combine the strengths of different
architectures. For example, CNN-DNN frameworks can extract spatial features using
convolutional layers and then perform classification using dense layers. Attention-based
models can focus on tumor-relevant regions, while explainable components help clinicians
interpret diagnostic outputs. Such hybrid systems may improve accuracy and trust but require
stronger computational resources and careful validation. For DNN-based systems,
preprocessing quality is especially important because the model learns from the numerical
representation supplied to it. If important spatial or textural information is lost during feature
preparation, the DNN may not capture clinically meaningful patterns. Therefore, DNN
frameworks should be paired with robust preprocessing, normalization, feature selection and

regularization strategies to achieve reliable diagnostic outcomes.

Al-assisted breast cancer diagnosis also benefits from the integration of clinical context with
imaging information. Patient age, family history, lesion location and prior screening records

can provide additional cues that improve diagnostic interpretation. Although the reviewed
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paper primarily focuses on imaging and deep learning, future systems may combine image-
based predictions with clinical attributes to produce more comprehensive decision-support
outputs. Another important point is that AI systems can help standardize diagnostic
interpretation. In manual settings, two specialists may interpret subtle image findings
differently because of experience level, fatigue or institutional practices. A well-trained Al
model can provide consistent preliminary assessment across cases, helping reduce variability

and supporting more uniform screening practices.

4. Deep Learning Techniques and DNN Framework

Deep learning techniques have become highly influential in breast tumor classification
because they learn complex representations from imaging data without relying entirely on
manual feature engineering. CNNs use convolutional and pooling layers to identify local
spatial features such as edges, textures, calcification patterns and tumor boundaries. Fully
connected layers then combine these learned features for classification. ReLLU activation
functions improve optimization stability, while pooling reduces dimensionality and helps
control overfitting [5], [21]. Advanced CNN architectures improved diagnostic performance
through deeper and more stable learning structures. VGGNet demonstrated the value of
deeper convolutional stacks, while ResNet used residual connections to overcome
degradation and vanishing-gradient problems in very deep networks [9], [17]. DenseNet and
EfficientNet-based approaches further improved feature reuse and computational efficiency.
These architectures are widely used through transfer learning, which is important in medical

diagnosis because large annotated datasets are difficult to collect and label [1], [3].

Dense Neural Networks also play a practical role in breast tumor classification, especially
when input data consist of extracted or flattened imaging features. A DNN contains fully
connected layers in which neurons learn non-linear relationships among features such as
tumor shape, boundary irregularity, intensity distribution and tissue density. The final output
layer can apply sigmoid activation for binary classification between benign and malignant
tumors. Regularization methods such as dropout, batch normalization and early stopping

reduce overfitting and improve performance on unseen images [6], [19].

Compared with CNNs, DNNs are computationally simpler but do not inherently preserve
spatial relationships in raw images. Their performance therefore depends on preprocessing
quality and feature representation. In Anjalee’s work, the DNN-based diagnostic approach is

presented as a practical framework that balances classification accuracy, implementation
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simplicity and computational efficiency. The reported accuracy of 95.61% indicates that a
well-configured DNN supported by appropriate preprocessing and evaluation can provide
reliable assistance in binary breast tumor diagnosis. Balanced datasets are particularly
important in breast cancer diagnosis. If benign samples greatly outnumber malignant
samples, the model may learn to predict the majority class and fail to identify critical
malignant cases. Techniques such as stratified splitting, augmentation of minority classes and
balanced performance metrics are therefore important for reducing bias and improving

clinical usefulness.

Preprocessing also helps reduce variation caused by different imaging devices and acquisition
conditions. For example, contrast enhancement can make tumor boundaries clearer, while
normalization reduces the effect of intensity variation. However, preprocessing must be
applied carefully because excessive filtering or resizing may remove subtle diagnostic cues.
The reviewed work therefore emphasizes a structured pipeline rather than isolated model
selection. Evaluation should include both overall and class-wise metrics. Accuracy may
appear acceptable even when the model performs poorly on malignant cases. Precision
indicates how reliable positive predictions are, recall indicates how many actual malignant
cases are detected, and F1-score balances both. Confusion matrix analysis is especially useful
because it shows the distribution of true positives, true negatives, false positives and false

negatives.

The DNN framework discussed in the review is also relevant for environments where direct
image-based CNN training is not feasible. Some institutions may not have access to large
annotated image repositories or high-end computational systems. In such cases, extracting
meaningful image features and training a DNN classifier can provide a practical diagnostic
solution with comparatively lower resource requirements. Model optimization is another
important part of the DNN pipeline. Learning rate selection, batch size, epoch count and
optimizer choice influence convergence behavior and final accuracy. Adam optimizer is
commonly used because it adapts the learning rate during training. Regularization methods
such as dropout and early stopping are especially valuable in medical datasets because they

reduce memorization and improve generalization.

5. Dataset and Medical Imaging Analysis Techniques
Dataset quality is a decisive factor in Al-enhanced breast tumor classification. Medical

imaging datasets may include mammography, ultrasound, MRI, histopathological images or
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numerical imaging features describing benign and malignant tumors. Each sample must be
accurately labeled, since supervised learning depends on correct diagnostic categories.
Dataset diversity is also important because images vary according to device type, acquisition
protocol, patient characteristics, resolution, contrast and institutional practices [3], [12].
Preprocessing improves data consistency before model training. Common steps include
resizing images to a fixed input size, normalizing pixel values, reducing noise, enhancing
contrast and removing irrelevant background regions. These steps improve training stability
and help the model focus on clinically useful patterns. Data augmentation methods such as
rotation, flipping, zooming, shifting and brightness adjustment create additional variations of

existing images and reduce overfitting when datasets are small [6], [15].

Feature extraction may be manual or automatic. Traditional systems rely on handcrafted
descriptors such as histograms, texture features, edge patterns and shape measurements. Deep
learning models automatically learn useful representations through multiple layers, which
makes them more suitable for complex tumor patterns. For DNN-based classification,
processed image features can be transformed into structured numerical vectors that allow the
network to learn relationships between visual characteristics and diagnostic outcomes [8],
[11]. Dataset splitting is required for fair evaluation. Training data optimize model
parameters, validation data monitor learning and support hyperparameter tuning, and testing
data assess final performance on unseen samples. Reliable evaluation must consider
accuracy, precision, recall, F1-score and confusion matrix results. In medical diagnosis, recall
is especially important for malignant tumor detection because false-negative results may
delay treatment. Precision is also important because false positives may lead to unnecessary

procedures and emotional stress [13].

The comparison also shows that model selection should depend on practical requirements. If
interpretability and low computation are priorities, simpler models may remain useful for
structured datasets. If direct analysis of raw images is required, CNNs and transfer learning
models are more appropriate. If the goal is feature-based classification with moderate
complexity, DNNs may provide a strong balance between performance and implementation
simplicity. In clinical settings, the most suitable model is not always the most complex
model. A highly complex architecture may perform well in experiments but may be difficult
to deploy, explain or maintain. Therefore, comparative analysis must consider accuracy,

sensitivity, computational cost, interpretability, training data requirements and integration
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feasibility. This broader view supports more realistic evaluation of Al-assisted breast tumor

classification systems.

Medical imaging analysis must also address annotation quality. Labels used for training
should be verified by experts because incorrect labels can mislead the model and reduce
diagnostic reliability. In breast cancer datasets, pathology-confirmed labels are generally
more reliable than labels based only on image interpretation. Therefore, future datasets
should aim to include strong ground truth information wherever possible. Data augmentation
should also preserve medical realism. Rotating or flipping images may help increase training
diversity, but transformations should not create anatomically unrealistic patterns.
Augmentation strategies must be selected with clinical awareness so that model learning

remains relevant to actual diagnostic scenarios.

6. Comparative Analysis of Existing Models

Comparative analysis helps clarify the strengths and limitations of different AI models for
breast tumor classification. Classical models such as SVM, Random Forest and Decision Tree
algorithms are useful when structured features are available and interpretability is required.
However, they depend heavily on handcrafted feature extraction and usually cannot learn
spatial patterns directly from raw medical images. CNNs and transfer learning models
generally perform better for image-based diagnosis because they automatically capture
tumor-related spatial features [1], [14], [21]. Dense Neural Networks provide a practical
middle path between classical models and highly complex CNN systems. DNNs are suitable
when images have already been preprocessed or converted into numerical features. They can
learn non-linear diagnostic patterns and provide strong binary classification performance
when supported by dropout, early stopping and normalization. Hybrid deep learning and
explainable Al models can improve robustness and clinical trust but may increase

computational and implementation complexity [19], [22].
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Table 1: Comparative Analysis of Breast Tumor Classification Models.

Model Type Strengths Limitations Suitability
Effective for structured | Requires handcrafted | Small to medium

SVM
features features datasets

Random Forest Robgst ensemble L1m1t.ed spatial  image Structured medical data
learning learning

Decision Tree Slmple and Prone to overfitting Basic diagnostic systems
interpretable

CNN Strong. spatial feature | Needs lqrger datasets and Image-based diagnosis
extraction computation

Transfer Useful - with  limited Requires careful fine-tuning | Clinical imaging tasks

Learning data

Dense  Neural | Learns non-linear | Depends on preprocessing | Feature-based tumor

Network patterns quality classification

Hybrid / XAI | High accuracy and . . . .

Models transparency Higher complexity Clinical decision support

Another important challenge is reproducibility. Many studies report strong results but use
different datasets, preprocessing procedures and train-test splits. Without standard reporting
and external validation, it becomes difficult to determine whether performance gains are due
to model quality or experimental conditions. Transparent reporting of dataset characteristics,
augmentation methods and evaluation protocols is therefore necessary. Bias is also a serious
concern in medical Al If datasets do not represent different age groups, population
backgrounds, imaging devices and clinical conditions, the model may perform unevenly
across patient groups. Such bias can reduce diagnostic fairness and may worsen healthcare
inequality. Future systems must therefore be trained and validated on diverse datasets and

assessed for fairness as well as accuracy.

Deployment challenges include integration with radiology workflows, data security,
regulatory approval and clinician acceptance. Even accurate models may fail in practice if
they interrupt clinical workflow or provide outputs that specialists cannot interpret. Practical
Al systems should therefore be designed with clinician feedback, clear reporting and safe

decision-support mechanisms.

7. Challenges and Research Gaps

Despite strong progress, Al-enhanced breast tumor classification still faces several
unresolved challenges. Limited availability of large and diverse medical imaging datasets
remains a major issue because image collection and annotation require clinical expertise,
ethical approval and patient privacy protection. Small datasets increase the risk of overfitting

and reduce generalization capability across hospitals and imaging devices. Class imbalance is
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also common, and models trained on imbalanced data may become biased toward majority
classes [3], [12]. Image quality variation creates another challenge. Differences in contrast,
resolution, noise, scanning protocol and device type may cause a model trained in one
environment to perform poorly in another. External validation on multi-center datasets is
therefore essential before clinical deployment. Standardized evaluation protocols are also
needed because different studies use different datasets, preprocessing methods, split ratios

and metrics, making direct comparison difficult [4], [13].

Interpretability remains one of the most important research gaps. Many deep models operate
as black-box systems, which can reduce clinician confidence. Explainable Al can highlight
influential image regions and feature contributions, but practical integration of such tools into
clinical workflow remains limited. Ethical issues related to privacy, fairness, bias and
accountability must also be addressed before large-scale use in healthcare environments [10],
[22]. Computational complexity further affects deployment. Advanced CNNs, Transformers
and ensemble models may require high-performance GPUs, which may not be available in
rural or low-resource settings. Lightweight models, edge Al optimized DNN frameworks and
cloud-assisted diagnosis may improve accessibility. Future research must therefore balance
accuracy with transparency, fairness, cost, efficiency and clinical usability.

Al systems can also assist educational and research activities by helping trainees understand
imaging patterns associated with benign and malignant cases. When combined with
explainable visual outputs, such systems can support learning and improve awareness of
subtle diagnostic features. This educational role complements clinical decision support and

strengthens the overall value of Al in healthcare.

From a public health perspective, early breast cancer detection has major social and economic
benefits. Accurate Al-assisted screening may support earlier treatment, reduce complications
and help healthcare systems allocate resources more efficiently. These benefits are
particularly important in regions where specialist diagnostic services are limited or unevenly
distributed. Research gaps also exist in reporting model uncertainty. In clinical environments,
it 1s useful for Al systems to indicate confidence levels rather than only providing a final
class label. Low-confidence predictions can be referred for specialist review, while high-
confidence predictions may support faster triage. Uncertainty-aware Al can therefore

improve safety and decision-making in breast cancer diagnosis.
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8. Applications and Significance

Al-enhanced breast tumor classification has important applications in screening, diagnosis,
workflow optimization and clinical decision support. In large-scale screening programs, Al
can help prioritize suspicious images and reduce radiologist workload. In Computer-Aided
Diagnosis systems, Al can highlight suspicious regions, classify tumor patterns and provide
supportive recommendations for expert review. These functions improve speed, consistency
and diagnostic confidence without replacing clinical judgment [4], [13]. The significance of
Al-based diagnosis also extends to remote and rural healthcare environments where specialist
radiologists may be limited. Automated systems can provide preliminary screening support
and help identify high-risk cases for referral. In hospitals, Al tools can assist image sorting,
risk classification and reporting workflows. By reducing false negatives and false positives,
reliable Al systems can improve patient outcomes and reduce unnecessary procedures [5],

[21].

Al-assisted breast tumor classification also supports personalized medicine and research.
When combined with patient history, pathology, genetic data and treatment response,
imaging-based Al can contribute to individualized care planning. Large-scale Al analysis can
reveal hidden imaging patterns and support further research into tumor progression and
diagnostic biomarkers. Economically, earlier and more accurate diagnosis may reduce
healthcare costs by enabling timely intervention and reducing treatment complexity. Future
work should also focus on prospective clinical testing. Many Al systems are evaluated
retrospectively on stored datasets, but real-world deployment requires testing in active
clinical environments where image quality, patient diversity and workflow pressures differ

from controlled experiments. Such validation will be essential before widespread adoption.

\
Another direction is the development of human-centered Al systems that provide clear

recommendations, confidence scores and visual explanations. These systems should allow
radiologists to review, accept or question model outputs rather than forcing automatic
decisions. Human-AlI collaboration can improve safety and encourage responsible use of
intelligent diagnostic tools. The significance of the reviewed work lies in demonstrating how
deep learning can be applied to a clinically important problem while keeping attention on
evaluation and practical constraints. The reported 95.61% accuracy of the DNN model

suggests promising diagnostic support, but the review also recognizes that performance
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should be interpreted alongside dataset characteristics, preprocessing quality and validation

strategy.

Al-assisted systems may also help reduce disparities in healthcare access. In resource-limited
regions, automated screening tools can support preliminary diagnosis and help identify
patients who need urgent specialist consultation. When deployed responsibly, such systems

can improve early detection rates and reduce delays in treatment initiation.

9. Future Scope

Future research in Al-enhanced breast tumor classification should focus on models that are
accurate, explainable, privacy-preserving and clinically deployable. Advanced architectures
such as ResNet, DenseNet, EfficientNet, Vision Transformers and hybrid CNN-DNN models
can further improve feature extraction and classification performance. Multi-modal
diagnostic frameworks combining mammography, ultrasound, MRI, histopathology and
clinical data may produce more reliable predictions than single-source models [9], [17].
Explainable Al will remain central to future clinical adoption. Tools such as Grad-CAM,
saliency mapping, attention visualization and feature attribution can help radiologists
understand model decisions. Federated learning is another promising direction because it
enables collaborative model training across hospitals without directly sharing sensitive
patient data. This can improve dataset diversity while supporting privacy and regulatory
compliance [22]. Future systems should also emphasize lightweight models for low-resource
healthcare settings and real-time integration with radiology workflows. Ethical governance,
bias reduction, secure data handling and transparent reporting should become essential parts

of future Al-based medical diagnosis research.

The reviewed work also demonstrates that a single model cannot solve all diagnostic
challenges. Effective Al-based breast tumor classification requires a complete framework
involving high-quality datasets, suitable preprocessing, robust feature learning, balanced
evaluation and explainability. By considering these components together, researchers can

develop systems that are both technically strong and clinically meaningful.

10. CONCLUSION
This review presented a concise analysis of Al-enhanced breast tumor classification using
medical imaging and deep learning. Breast cancer diagnosis requires accurate and timely

interpretation of medical images, but manual analysis can be affected by workload,
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subjectivity and limited specialist availability. Al-assisted systems address these issues by
supporting automated feature learning, tumor classification and clinical decision support.

The review discussed the progression from traditional machine learning models based on
handcrafted features to deep learning frameworks capable of automatic representation
learning. CNNs are highly effective for spatial image analysis, while Dense Neural Networks
are useful for learning non-linear relationships from processed imaging features. In Anjalee’s
work, the DNN-based framework achieved 95.61% accuracy, showing the potential of deep
learning to support binary classification of benign and malignant breast tumors. The analysis
also highlighted the importance of dataset preparation, preprocessing, augmentation, feature
extraction and reliable evaluation metrics. Comparative assessment showed that deep
learning models generally outperform traditional approaches, though the best model depends
on dataset size, image quality, computing resources and interpretability needs. Major
challenges include class imbalance, limited data, overfitting, lack of explainability, privacy

concerns and clinical validation requirements.

Overall, Al-enhanced breast tumor classification represents a promising direction for modern
medical diagnosis. Future progress should combine accurate deep learning models with
explainable Al, federated learning, multi-modal datasets, lightweight architectures and
clinically validated workflows. Such developments can improve diagnostic reliability,
support radiologists, enhance early detection and contribute to better patient outcomes. Future
research should also investigate continuous learning mechanisms that allow models to
improve as new validated data become available. However, continuous updating must be
controlled carefully to avoid performance drift or bias. Proper monitoring, periodic validation

and clinical oversight are necessary for safe adaptive Al systems.

In summary, the future of Al-enhanced breast tumor classification depends on the combined
advancement of model architecture, dataset quality, explainability, privacy protection and
clinical integration. Progress in only one area is not sufficient; reliable healthcare Al requires
a balanced and multidisciplinary approach involving engineers, clinicians, data scientists and

policy makers.
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