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Abstract

The early and precise diagnosis of breast cancer is one of the most important factors in enhancing survival
rates. Despite considerable improvements in screening methods, medical imaging, and treatment approaches, the
issue of reliable early detection remains a significant problem due to instability in clinical interpretation and the
complexity of diagnostic information. Conventional methods of diagnosis emphasize the analysis of clinical and
histopathological information, which are prone to inter-observer error and do not necessarily reveal subtle patterns
related to disease progression. Artificial Intelligence has demonstrated enormous potential in alleviating these
weaknesses. Ensemble methods, as well as support vector machines and gradient boosting-based algorithms such as
XGBoost and LightGBM, have shown excellent results in the analysis of structured clinical data. Simultaneously,
deep learning (DL) systems, specifically convolutional neural networks (CNNs), have been demonstrated to be
exceptionally successful in medical image analysis such as mammography and histopathology. However, the
interpretability of such models remains a major obstacle to their usage in clinical practice. To address this problem,
Explainable Artificial Intelligence (XAI) methods, including SHAP, LIME, and Grad-CAM, have been proposed to
improve model transparency and contribute significantly to understanding how decisions are made. This paper
reviews recent developments in ML, DL, and XAl in relation to breast cancer diagnosis. It examines commonly
used datasets, evaluation metrics, and trends, and also reports the most significant issues, including data constraints,
lack of interpretability, and challenges in multimodal integration. Moreover, this paper identifies knowledge gaps in
existing research and highlights the necessity of developing robust, explainable, and actionable Al-based diagnostic
systems.
Keywords: Breast Cancer; Machine Learning; Deep Learning; Explainable Artificial Intelligence (XAl); Medical
Imaging

1. Introduction

Breast cancer remains a major cause of fatalities among women worldwide, stating the necessity of
effective diagnostic procedures. The global health reports indicated that breast cancer attack was on the increase
because of the lifestyle changes, the aging of people, and the awareness that has contributed to positive screening
procedures. Early diagnosis and detection are very crucial in improving the survival rates and decreasing the
complexity of the treatment. The classic diagnostic techniques that are common in clinical practices are
mammography, ultrasound imaging, magnetic resonance imaging (MRI) and biopsy tests [1]. These methods are
effective, however, it can be time consuming, costly and require an expert interpretation unlike other methods,
which can result in inconsistencies in the results of a diagnosis. Artificial intelligence (Al) technologies have
become the pioneer to assist medical workers with detecting diseases and making decisions in the past few years.
Machine Learning (ML) and Deep Learning (DL) approaches have already demonstrated the promise of delivering
desirable outcomes in the area of automating the task of breast cancer classification, based on the clinical parameter
and medical imaging data. These systems aim at improving the diagnostic accuracy, reducing the human error, and
helping the physicians to identify the malignant and benign tumors at the initial stages. The growing access to
medical data and the growth of the computational capabilities have added impetus to the study of this area even
more.

Machine learning methods are aimed at studying organized clinical data containing the numerical variables
(tumor size, tumor texture, tumor radius, tumor smoothness, and other cellular variables). The Support Vector
Machines, the Logistic Regression, the Random Forest, the k-Nearest neighbors and the ensemble have all
extensively been applied in the classification of breast tumors using the supervised learning algorithms, which in this
instance learns the pattern using the labelled data and formulates predictive models which can be used to classify the
cases of cancer and the non-cancer ones. The most commonly utilized performance evaluation measures of model
efficiency are accuracy, precision, recall, F1-score, sensitivity and specificity [2]. Convolutional Neural Networks
(CNNs) and other deep learning methods have been discovered to provide the best possible results in the analysis of
medical images (mammograms and histopathology slides). Contrary to the classical models of machine learning that
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are based on the manual extraction of features, deep learning architectures learn hierarchical representations of
features through raw image data by default. The transfer learning methods based on pre-trained models have become
popular as well, allowing effective training with a small amount of medical data. Such mechanisms help in higher
classification and strength in the image-based breast cancer detection systems [3]. Although high predictive
performance has been realized, most ML and DL models are black-box systems, which give little insight into their
actions. Interpretability is an essential concept in healthcare applications since medical practitioners need clear
reasons before they can accept Al-driven tools in the clinic. To overcome this shortcoming, the Explainable
Artificial Intelligence (XAl) techniques have been embraced to induce transparency and trust [4]. The analysis of
feature importance, visualization, local explanation models, and attention mechanisms are among methods that
enable the clinician to have insights on which features or image locations contributed the most to the outcome of the
prediction. The explainability is not only beneficial in terms of user trust, but it can aid not only in the regulation but
also in ethical use of Al in healthcare settings. The availability and the diversity of datasets is also another crucial
factor in breast cancer research. Accessible publicly available datasets of clinical records and medical images have
helped researchers to test and compare different algorithms in similar conditions. Nevertheless, the problems of
imbalance in classes, small size of the sample, the heterogeneity of the data, and privacy remain to influence the
generalization of the models to real-life applications. To address these shortcomings and increase the reliability of
the system, researchers are actively working on the data augmentation, preprocessing methods, and hybrid learning
schemes. Most of the literature published over the last ten years suggests various machine learning, deep learning,
and interpretable artificial intelligence algorithms to detect breast cancers [5]. Although a number of surveys have
discussed either machine learning or deep learning frameworks separately, there exists a need to have a study that
consolidates the recent developments in the fields of ML, DL, and XAl. It is necessary to understand the strengths,
limitations, datasets in use, evaluation metrics, and methodological trends to determine the gaps in the research and
to lead to future developments of intelligent diagnostic systems.

The purpose of the survey is to make a comprehensive review of the recent achievements in the area of
breast cancer detection in terms of the machine-learning, deep-learning, and explainable Al methods. Frequently
used algorithms, publicly available datasets, performance appraisal strategies, and interpretability methods are
considered. Moreover, it also discusses about the current problems and outlines the future research directions in
order to create the accurate, reliable, and transparent systems of breast cancer diagnostics. This paper aims to
address the state of Al-based healthcare solutions evolution and help to advance the creation of clinically capable
decision-support systems by synthesizing the results of recent literature. The general structure of a breast cancer
detection system based on Al is depicted in Figure 1. To start with, multimodal data, such as clinical records,
medical images, and genomic data, are collected, followed by the preprocessing and feature extraction of the
obtained data. Diverse machine learning, deep learning, and combinations are then utilized in classification. Lastly,
explainable Al methods (SHAP, LIME, and Grad-CAM) are also included to increase interpretability and facilitate
clinical decision-making.
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Figure 1 General framework of Al-based breast cancer detection system
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2. Literature Survey
Machine Learning-Based Approaches

Machine learning (ML) tools have been widely applied to the breast cancer prediction with structured
clinical and diagnostic data and provide credible and interpretable results. Various research studies have tested
various ML algorithms in order to improve classification. Arravalli et al. (2025) and Rathore et al. (2024),
demonstrated ensemble models including the Random Forest model and stacked learning models showed high
performance in terms of high Fl-scores [6], [7]. Likewise, Alzahrani et al. (2025) proposed with a hybrid ML
model, which was 99.3% accurate with balanced samples, which is robust and can generalize [8]. Srinivasu et al.
(2024) proposed a CatBoost-MLP hybrid model combined with SHAP to analyze the importance of their features,
demonstrating a high predictive accuracy [9], whereas Abd Karim et al. (2025) combined association rule mining
with ensemble learning to successfully identify the essential biomarkers with the help of the explainability methods
[10]. Silva-Aravena et al. developed a decision support model on the basis of ML models, XGBoost showed better
predictive results, and SHAP was utilized to present explainable results about clinical variables [11]. In the similar
way, cost-sensitive CatBoost coupled with LIME has been used to resolve the issue of class imbalance and augment
metastasis forecasting in addition to providing patient-specific explanations [12]. SHAP-based methods involving a
combination of feature selection techniques with LIME and decision tree-based models have increased the level of
model interpretability and performance as well [13].

The conventional ML classifiers e.g. Random Forest, SVM, KNN, and ensemble voting techniques all
perform well with their accuracy rates going beyond 98% in previous studies [14-16]. Moreover, patient
registration-based screening models that are based on MLs have demonstrated effectiveness in early risk detection
with sensitivity and specificity that are balanced [17]. More innovations involve ML models to predict the
involvement of lymph nodes and heart risks and show the growing scope of ML use in clinical decision support
systems [18-19]. These results indicate that ML methods are still highly efficient and in particular with the help of
feature engineering and explainability. Similar findings have also been reported in other studies focusing on feature-
based classification, hybrid algorithms, and stage prediction in breast cancer diagnosis [20-23]. Based on Table 1,
conventional machine learning models like Random Forest, SVM, and ensemble methods have high accuracy of
classification with a high probability (up to 98). Ensemble and hybrid methods also increase performance and
robustness, whereas combinations with explainability methods such as SHAP and LIME can increase
interpretability. These models however rely mainly on structured data and feature engineering. Figure 2 shows the
taxonomy of Al approaches to breast cancer detection. The solutions are loosely grouped into machine, deep
learning and hybrid techniques incorporated with methods of explainable Al. The categories contain well-known
algorithms and models, which indicate the development of the traditional approach to cutting-edge deep learning
and explainable systems.

Table 1 Comparison of Machine Learning-Based Approaches

Ref Method / Model Dataset Type Key Contribution Performance
No.
[6-7] Random Forest, Stacked | Clinical data Ensemble improves | High F1-score
Ensemble classification
[8] Hybrid ML Model Balanced dataset | Robust classification 99.3% accuracy
[9] CatBoost + MLP + SHAP Clinical data Feature importance using | 99.3% accuracy
SHAP
[10] CAR + RF + GB Clinical data Biomarker identification Improved
interpretability
[11] XGBoost + SHAP Clinical data Decision support system 0.81 accuracy
[12] Cost-sensitive CatBoost + | Clinical data Handles imbalance + | FL77%
LIME explanation
[13] DT + SVM + SHAP/LIME WBCD Feature selection + rule | Improved
extraction performance
[14] Random Forest WDBC Best ML classifier 98.6% accuracy
[15] Majority Voting Ensemble WDBC Combines LR, SVM, CART | 99.3% accuracy
[17] kNN, SVM Clinical records | Screening model Balanced performance
[16] RF, SVM, NB, DT UCI dataset Early prediction RF best
[18] ML framework Clinical data Lymph node prediction AUC 67%
[19] RF, ANN Multi-cancer Risk prediction >90% accuracy
dataset
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Figure 2 Taxonomy of Al techniques for breast cancer detection
Deep Learning-Based Approaches

The application of deep learning (DL) has led to major breakthroughs in breast cancer detection, especially
in the medical imaging system (mammography, ultrasound, MRI, and histopathology). Singh and Patnaik (2026)
suggested ETCapsNet that uses EfficientNetV2, Transformers, and Capsule Networks, but attain 99.6% accuracy
with multimodal data [24]. A hybrid segmentation-classification framework with U-Net and Capsule Networks was
developed [25], obtaining more than 99 percent [13]. Models like ResNet, DenseNet, and EfficientNet have also
been used by applying transfer learning techniques that have shown almost perfect performance in classifications
[26-27]. Lightweight and hybrid architectures, such as LBNet and DRM-Net, have been studied recently, they are
more efficient in computational time, but preserve quality as high as possible [28-29]. Grad-CAM++ and other
visualization methods to create hybrid CNN models have also increased the accuracy in lesion localization and
interpretability [30].

Table 2 Comparison of Deep Learning-Based Approaches

Ref No. Model Technique Application Performance
[24] ETCapsNet CNN + Transformer + | Multimodal 99.6%
Capsule
[25] U-Net + Capsule Segmentation + | Imaging >99%
Classification
[26-27] ResNet, DenseNet, | Transfer Learning Mammograms High accuracy
EfficientNet
[28-29] LBNet, DRM-Net Lightweight DL Multi-dataset High
performance
[31-32] Multimodal CNN, MobileNet | Multimodal learning Imaging 99-99.97%
+ViT
[33-34] ResNet18 + BYOL Self-supervised learning Limited data 96.7%
[38] Mask R-CNN + DL Segmentation + prediction Ultrasound 81% accuracy
[36] DenseNet + Xception Ensemble DL Histopathology | ~97%
[40] DL MRI Model Triage system MRI 100% sensitivity
[41] DL Biomarker Model H&E images PD-L1 AUC 0.91-0.93
prediction
[42] CNN (convoHER?2) Classification HER?2 detection | 85-88%
[43] CLAM Weakly supervised learning | Mammography | AUC ~0.89
[44] CNN Thermal imaging Diagnosis 98% accuracy
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Multimodal DL systems that resemble using several imaging sources have delivered a very large accuracy
of up to 99.97, proving to be a rather robust DL in complicated diagnostic procedures [31-32]. BYOL as a form of
self-supervised learning has been demonstrated to perform well using ResNet architectures and does not require
much labeled data [33-34]. Histopathological image classification has been extensively done using CNN-based and
hybrid models and they have been shown to be highly accurate and possess better feature extraction features [35-
37]. Most developed DL systems that combine segmentation and classification, like the frameworks of Mask R-
CNNs have enhanced the metastasis and tumor features prediction [38-39]. MRI triaging and biomarker prediction
which are also large-scale DL models, successfully used with high sensitivity and clinical applicability [40-41].
Federated learning techniques also resolve the issue of privacy and produce high performance in distributed datasets
[42]. Attention-based models with weak supervision can also increase the performance in low-labeled data scenarios
as well as offer partial interpretation [43-44]. On the whole, the performance of the DL approaches in image-based
breast cancer diagnosis is better and it still prevails in this field. Additional deep learning-based approaches and
benchmark studies have further validated the effectiveness of advanced architectures in medical image analysis [45-
46]. As shown in Table 2, deep learning models, especially the CNN-based models and hybrid models, show a
higher performance level of breast cancer detection, mainly in medical imaging data. Such techniques as transfer
learning, self-supervised learning, and multimodal frameworks dramatically increase the accuracy, which is almost
always above 99%. Although these kinds of models have demonstrated effectiveness, they need large datasets and
have low interpretability.

Explainable Al (XAIl) and Hybrid Approaches

Explainable Artificial Intelligence (XAI) has become an important aspect of healthcare to enhance
transparency, trust and clinical uptake of Al models. Few studies have combined XAl methods, including SHAP,
LIME, and Grad-CAM to explain model predictions and indicate clinically significant characteristics [47-49].
Hybrid systems of ML and DL with XAl have demonstrated better results and interpretability and can be applied to
the real clinical world applications [50]. Sophisticated explainability frameworks, including causal XAl models and
graph based neural networks, have also improved explainability by capturing clinical variable relationships and also
allow reasoning in line with medical knowledge [51-52]. Multi-level explainability models, such as BI-RADS-based
models as well as attention-based networks offer both visual and quantitative explainability, enhancing the
comprehension of Al decisions by clinicians [53-54]. XAl models that are based on optimization and feature-
selection-based methods have enhanced the classification efficiency of the models and lowered the complexity of
the models [55-56]. Saliency maps, Grad-CAM and LIME are visualization methods popular in drawing attention to
diagnostically significant parts of medical images [57-59]. Moreover, explainable frameworks based on hybrid
models such as rule extraction, interpretable layers, and deep learning models have also shown a high level of
transparency and reliability [60].

Table 3 Comparison of Explainable Al (XAl) and Hybrid Approaches
Ref No. | Model XAl Technique Contribution Key Benefit
[47], CNN + ML SHAP Hybrid explainability Better trust
[48]
[50] Hybrid ML-DL XAl integration Improved performance Interpretability
[51] Causal-TabNet + | Causal XAl Feature reasoning Clinically aligned
GNN
[49] XAl Framework SHAP IDE prediction Feature insights
[57] CNN Grad-CAM, LIME Visual explanation Model transparency
[53] MT-BI-RADS SHAP Multi-level explanation Clinical relevance
[55] AAOXAI-CD LIME Optimized DL + XAl Better understanding
[52] GCNN + GLRP Graph XAl Patient-specific Precision medicine
explanation
[54] ECLAIRE Rule extraction Interpretable rules Transparency
[59] Attention DL SHAP, LIME Multi-domain Explainability
classification
[60] BI-RADS-Net Clinical feature | Tumor classification Clinician-friendly
explanation
[56] XAICFS-BDA Feature selection + XAl Complexity reduction Efficiency
[61] Transformer-based XAl Multi-omics analysis Personalized
prediction
[62] SHAP metrics Explainability metrics Evaluation framework Model comparison
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Other more recent developments are explainability in multi-omics and transformer-based models, which
allows making personalized and biologically meaningful predictions [61]. Moreover, novel evaluation measures to
quantify the trade-off between interpretability and performance have been suggested to deal with the main issues of
XAl study [62]. The developments demonstrate the relevance of XAl in closing the divide between high-
performance Al models and their real-world application in clinical settings. Recent works also emphasize the
importance of explainability, model transparency, and clinical applicability through advanced XAl frameworks and
interpretable learning systems [63-66]. Table 3 indicates that XAl-based and hybrid methods are useful in
overcoming the interpretability weakness of conventional ML and DL models. SHAP, LIME, and Grad-CAM
techniques give both feature-level and visual explanations, which are more transparent and trustworthy in clinical
settings. These approaches allow making decisions in a more appropriate way but were frequently accompanied by
more computing complexity. Figure 3 illustrates how explainable artificial intelligence can be used in the diagnosis
of breast cancer. The diagram illustrates how deep learning models can be used to make predictions based on
medical images, whereas XAl, including Grad-CAM, SHAP, and LIME can be used to create visual and feature-
level explanations. It enhances the level of transparency and assists clinicians to recognize the rationale behind the
model forecasts.
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Figure 3 Explainable Al in breast cancer diagnosis

General Reviews and Supporting Studies

Numerous review articles have discussed the booming development of artificial intelligence in breast
cancer diagnosis and medical imaging. These articles focus on the importance of radiomics, deep learning, and high-
dimensional data analysis in enhancing cancer detection, risk prediction, and treatment planning [67-68]. Moreover,
Al implementation into clinical practice, especially into radiology and oncology, has shown a great potential to
increase efficiency and accuracy of the diagnostic process [69]. Spite of these developments, issues like inability to
interpret, model transparency, and trust are significant obstacles to clinical adoption. The solution to these problems
has been recognized as explainable Al, which enhances corroboration and dependability of Al-based frameworks
[70]. Moreover, the future of smart healthcare systems is still being determined by the progress of hybrid ML-DL
models, medical imaging solutions, and data-driven solutions. Table 4 gives a comparative insight on ML, DL and
XAl approaches. The machine learning models are easier to interpret and simpler, whereas deep learning models are
the most accurate. The hybrid models that use XAl offer a compromise with other models to achieve high
performance with interpretability and are thus more applicable to the real-world use of the hybrid model in clinical
applications which involves greater complexity.
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Table 4 Summary Comparison (ML vs DL vs XAl)

Aspect Machine Learning Deep Learning XAl [/ Hybrid

Data Type Structured Images / Large data Both

Accuracy High (up to 99%) Very High (up to 99.9%) High + interpretable
Interpretability Moderate Low (black-box) High

Complexity Low—Medium High High

Clinical Use Good Excellent (imaging) Essential for trust
Limitation Feature dependency Requires large data Computational cost

3. Performance Comparison of Al Models

The critical reflection of the current work on breast cancer detection shows that previous studies are
predominantly utilized deep learning and hybrid architecture due to their better predictive capabilities. Specifically,
CNN-based models are widely applied in the medical image analysis with high accuracy in mammography,
ultrasound, and histopathology data. In addition, hybrid methods combining machine learning and deep learning
models have proved to be more robust and generalizable than single models. Parallel to this, methods of Explainable
Acrtificial Intelligence (XAI) including SHAP, Grad-CAM, and LIME are also being included to improve the
interpretability of models and make discussions of clinical decisions. These approaches assist in the management of
the gap between the high-performance models and their practical implementation in healthcare by offering
information on model predictions. Although these are the developments, there are a number of challenges. Most of
the empirical research is based on dataset specific training and thus restricts the applicability of models in the
clinical environment. Besides, computational complexity, data imbalance, and no standardized evaluation protocols
are also problems that prevent fair comparison and large-scale deployment. Recent developments show the
increasing tendency towards multimodal models of learning that incorporate clinical, imaging and genomic
information, allowing more thorough and more trustworthy diagnostic models. Nevertheless, additional studies are
mandated to make sure that these methods can be scaled, interpreted and validated clinically. Figure 4 provides a
comparison between the performance of machine learning, deep learning and hybrid models in breast cancer
detection. As can be noted, deep learning and hybrid methods have tendencies to reach a high level of accuracy as
opposed to conventional machine learning models that show that they are effective in terms of dealing with complex
medical data.

Performance Comparison of Al Models
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Machine Learning Deep Learning Hybrid Models

Figure 4 Performance comparison of ML, DL, and hybrid models

4. Discussion

This questionnaire gives an extended understanding of the latest developments in the detection of breast
cancer by the utilization of machine learning, deep learning, and explainable artificial intelligence approaches. The
principal findings of this survey can be summed up in the following: review of the recent models of breast cancer
diagnosis based on ML, DL, and hybrid models; Comparative study of the data-driven models, methods,
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performance indicators, and explainability methods; Determination of upcoming patterns in multimodal and
interpretable Al-based diagnostics; Clinical deployment research issues are discussed. Giving directions on the
direction of future research to build credible and transparent Al-assisted healthcare systems. The next generation of
the study of breast cancer diagnosis needs to be aimed at integrating several sources of multimodal data, such as
clinical records, medical imaging, and genomic information, to promote the accuracy and strength of the diagnosis.
To ensure real-time implementation of deep learning models in resource-limited clinical settings, it is necessary to
develop computationally efficient and lightweight models. Moreover, increased interest in more sophisticated forms
of Explainable Artificial Intelligence (XAIl) approaches that offer clinically important and reliably interpretable
explanations, thus enhancing the acceptability and clarification of Al-based health systems, is required. Moreover,
privacy-saving models, including federated learning, ought to be considered to enable secure data exchange and
train models with the involvement of many healthcare organizations without the risk of losing patient privacy.
Finally, the issue of data imbalance, model generalization and clinical validation should also be discussed in future
studies so that Al models can be considered reliable, scalable, and applicable in real life medical environments.

Although considerable progress has been achieved in the diagnosis of breast cancer with the help of
machine learning (ML), deep learning (DL), and explainable artificial intelligence (XAIl), there are still some
essential gaps in research that only restrain their practical use in clinics. To begin with, unlike unstructured clinical
data, ML models are highly accurate only when structured clinical data are being used, and they are also prone to
missing the complex patterns within medical imaging data. Moreover, most research is conducted on small or
balanced datasets, which might not indicate clinical practice conditions regarding an imbalanced and heterogeneous
data distribution. Secondly, the methods of deep learning have recorded incredible performance, especially when it
comes to image diagnosis with a high accuracy of over 99%. Nevertheless, such models demand huge volumes of
annotated data, which are not always readily available in healthcare because of privacy issues and high labeling
expenses. Moreover, the nature of a DL model is usually hard to explain their decision-making process, which
decreases the trust of clinicians. Thirdly, even though XAl methods, including SHAP, LIME, and Grad-CAM, have
become popular to enhance interpretability, they still have shortcomings in revealing consistent, reliable, and
clinically significant explanations. Most of the existing XAl techniques provided post-hoc descriptions, which are
not always a complete representation of the internal logic of the models. Also, standardized measures of evaluation
are not available to determine the quality and reliability of these explanations. The other considerable gap is the
weak interconnection between the multimodal data, including clinical records, imaging data, and genomic
information. The majority of the available literature is limited to one type of data and does not provide a full picture
of the disease in addition to limiting the overall predictive power. In addition, the current complexity of these
models makes real-time deployment and scaling in clinical settings difficult because of the limitations of the
infrastructure. Lastly, despite the positive outcomes of hybrid models that integrate both ML and DL and XAl, a
consensus has not yet been reached on the frameworks that achieve a balance of accuracy, interpretability, and
computational efficiency. The lack of standardized benchmarking datasets and evaluation protocols also makes it
even more difficult to compare and validate the various approaches.

5. Conclusion

The possibilities of machine learning and deep learning algorithms combined with explicable Al
technologies have turned out to be high in the context of early breast cancer detection and diagnosis. Through
patient information and medical imaging, these models will be capable of correctly categorizing malignant and
benign cases as well as offer interpretable information about the importance of features and decision-making. SHAP,
LIME, Grad-CAM and ensemble methods are all techniques which increase the level of transparency to enable
clinicians to comprehend and trust Al predictions. Although the barriers such as dataset bias, overfitting, and
computational complexity are still present, continued developments on model design, data preprocessing, and
interpretability frameworks help to implement the model in a reliable manner in clinical practice. In general, these
machine learning technologies provide a viable direction to improving diagnostic accuracy, facilitating a timely
intervention, and enhancing patient outcomes in breast cancer.
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