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Abstract

Breast cancer remains one of the most prevalent cancers worldwide, necessitating reliable,
efficient, and precise diagnostic methods. Meanwhile, the rapid development of artificial
intelligence (Al) presents significant opportunities for integration into various fields, in-
cluding healthcare, by enabling the processing of medical data and the early detection of
cancer. This review examines the major medical imaging techniques used for breast cancer
detection, specifically mammography, ultrasound, and thermography, and identifies widely
used publicly available datasets in this domain. It also surveys traditional machine learn-
ing and deep learning approaches commonly applied to the analysis of mammographic,
ultrasound, and thermographic images, discussing key studies in the field and evaluating
the potential of different Al techniques for breast cancer detection. Furthermore, the review
highlights the development and integration of explainable artificial intelligence (XAI) to
enhance transparency and trust in medical imaging-based diagnoses. Finally, it considers
potential future directions, including the application of large language models (LLMs)
and multimodal LLMs in breast cancer diagnosis, emphasizing recent research aimed at
advancing the precision, accessibility, and reliability of diagnostic systems.

Keywords: breast cancer; mammography; ultrasound; thermography; artificial intelligence;
machine learning; deep learning

1. Introduction

Artificial intelligence (AI) could play a meaningful role in medical research and
processing medical data. Modern Al tools can cover such tasks as prognosing disease
risk, diagnosing different types of illnesses, analyzing treatment progress, and assessing
outcomes of applied treatment. With the development of Al technologies, there is a good
opportunity to process, at the same time, different types of information, such as medical
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tests, medical images, historical records, treatment tactics, and any follow-up information
created during patient treatment. Advanced research in Al areas supports more accurate
and personalized identification of the disease at the early stages, which enhances chances
for successful treatment. Therefore, while there are many applications of Al in medicine,
on the other hand, there is still room for Al development in an understandable, efficient,
and open way.

The study discusses the main medical imaging models used to diagnose breast cancer,
such as mammography, ultrasound, and thermography. Along with this the review covers
Al methods such as traditional machine learning (ML) and deep learning (DL) algorithms
for mammography, thermography, and ultrasound images processing. Many existing
reviews focus on individual imaging modalities or Al techniques in isolation, leaving a
gap in understanding how these approaches compare and complement one another across
modalities. Furthermore, issues of explainability, data availability, and generalizability
remain underexplored in the context of breast cancer imaging.

The aim of this review is therefore to provide a comprehensive comparison of Al
applications in mammography, ultrasound, and thermography for breast cancer. Since the
topic is interdisciplinary, this review has been designed to be useful and readable not only
by Al experts or physicians but by the broader scientific community. We describe traditional
ML and DL methods and performance metrics, and discuss the role of explainable artificial
intelligence (XAI) and emerging LLM-based approaches. Finally, we highlight current
challenges and future directions about research and clinical implementation in this rapidly
evolving field.

The review distinguishes itself from existing surveys by offering a multimodal per-
spective on Al applications in breast cancer detection across mammography, ultrasound,
and thermography—an approach that is rarely consolidated in the current literature. In
addition to critically synthesizing recent advancements in machine learning and deep
learning from 2020 to 2025, the paper uniquely incorporates emerging themes such as
explainable Al (XAl), large language models (LLMs), and multimodal LLMs (MLLMs),
which are only beginning to appear in the academic discourse.

The paper is structured as follows. The first section is the introduction. The second
section briefly describes the main medical imaging methods used to detect breast cancer,
such as mammography, ultrasound, and thermography, and presents relevant publicly
available datasets. ML and DL techniques are described in the third section. The fourth
section discusses metrics used to evaluate models and states the performance evaluation
of ML and DL models. The fifth section presents the methodology of the study. The sixth
section generally analyzes ML and DL, which are currently used in breast cancer detection
in different research studies. The seventh section provides a further detailed analysis of
Al techniques for mammogram, ultrasound images, and thermogram processing. The
eighth section presents a discussion of breast cancer research studies. In addition, the paper
discusses explainability for medical diagnosis and medical image recognition. Finally, the
article discusses recent works using ML, DL, LLMs, and MLLMs for breast cancer detection.

2. Medical Image Analysis

To diagnose any abnormalities in the body, there are different image modalities, among
which MRI, CT, PET, mammography, ultrasound, and duplex ultrasound could be high-
lighted. In this section, medical imaging techniques such as mammography, ultrasound,
and thermography will be considered. These images are very helpful for diagnosing dis-
eases, finding abnormal tissue, planning patient treatment, and understanding different
health conditions [1]. In breast cancer diagnosis, the most common imaging modalities are
mammography and ultrasound, with thermography serving as a supplementary method.
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These types of medical images are frequently used in Al-based research, largely due to
the availability of established databases containing mammograms, ultrasound images,
and thermograms.

2.1. Mammography Images

According to NCCN and WHO recommendations, mammography is widely con-
sidered the standard method for screening for women above age 40 [2,3]. Moreover,
mammography is recommended for breast cancer screening by health organizations such
as the American College of Radiology, Society of Breast Imaging (SBI), American Cancer
Society, U.S. Preventive Services Task Force (USPSTF), National Comprehensive Cancer
Network, European Society for Medical Oncology (ESMO), and others [4-9].

Mammography is based on low-dose X-rays that take detailed pictures of the breast,
and show in detail soft and dense tissues, chest muscles, and fibro-glandular areas. Any
abnormalities identified using a mammogram may require additional tests, such as biopsies,
in order to determine the type of tumor: benign or malignant [2,3]. Mammography is
mostly recommended for women above 40 as screening mammography, and for women
under 40 as diagnostic mammography. Due to the anatomical characteristics of the breast
in women of the specified age group.

The main advantage of screening mammography is the detection of tumors at an
earlier stage; thereby, it allows for less extensive surgery, lower morbidity, and less aggres-
sive adjuvant treatment. Since mammography is used in many countries, standardized
instructions and descriptions of mammograms are well established. Through the years,
mammography has gone through continuous improvement, and now there is digital mam-
mography, 3D mammography/tomosynthesis, and contrast-enhanced mammography;,
which have improved sensitivity and specificity, especially in dense breasts. Integrating
both 2D and 3D mammography yields higher diagnostic accuracy than relying on a single
modality [10-13].

The main limitations of mammography are the high cost of the test, the uncomfortable
procedure, and the use of radiation. In addition, mammography yields overdiagnosis, as
benign changes or clinically insignificant tumors may be interpreted as cancer, leading
to unwarranted medical procedures and treatment [14]. Lastly, due to anatomical fea-
tures, the glandular and fibrous tissues in dense breasts appear white, like tumors, on
mammograms. This can lead to false positive results and lead to unnecessary procedures
and treatment [15]. Alternative mammographic techniques, including full-field digital
mammography and digital breast tomosynthesis, may address some of the limitations
of conventional mammography, particularly in women with dense breast tissue. Thus,
mammography represents one of the most extensively investigated and debated diagnostic
methods in medicine, while also being the most prescribed imaging procedure.

Over the years, many mammograms were collected by research doctors and stored in
databases. According to the systematic review of Laws et al. [16], a total of 254 datasets
were identified, of which 22 were openly accessible and 6 were available through managed
access. The remaining datasets could not be accessed directly.

Listed below are some of the publicly available mammogram datasets most often
referenced in research [1,17-35]:

e Digital Database for Screening Mammography (DDSM): This dataset includes
2620 mammograms that were originally on film and later scanned and divided into
43 volumes.

e  Curated Breast Imaging Subset of the DDSM (CBIS-DDSM): This is an improved
version of DDSM with bounding boxes, better mass segmentation, and decompressed
images. It contains 10,239 mammograms, each with corresponding mask images.
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INBreast: This contains 410 images from 115 patients. In 90 cases, both breasts had

cancer. It includes breast mass, calcifications, asymmetries, and distortions.

Mini-MIAS: A dataset with 322 mammogram images and ground truth markers

indicating possible abnormalities.
BCDR (Breast Cancer Digital Repository):

o O O O

BCDR-FM: Film-based mammography database.

BCDR-DM: Full-field digital mammography database.

Both include normal and abnormal cases, along with clinical details.
The BCDR-FM has 1010 cases (998 women, 12 men), 104 lesions, and 3703 mammo-
grams taken from 1125 studies in Mediolateral Oblique (MLO) and Craniocaudal
(CC) views.

Table 1 contains some of the mammogram databases commonly used in the research

studies. These datasets provide valuable resources for breast cancer detection, diagnosis,

and for conducting Al-based research in medical imaging.

Table 1. List of accessible datasets along with their respective URLs for reference.

Dataset Name Image Modality URL
Mammography Dataset
https:
MIAS Mammogram / /www.repository.cam.ac.uk/handle/1810/250394
(accessed on 3 January 2025)
mini-MIAS Mammogram http:/ /peipa.essex.ac.uk/info/mias.html (accessed on
3 January 2025)
https:/ /bcdr.ceta-ciemat.es/information /about
BCDR Mammogram (accessed on 3 January 2025)
https:/ /www.kaggle.com/datasets/skooch/ddsm-ma
bbsM Mammogram mmography (accessed on 11 October 2025)
https:/ /biokeanos.com/source/INBreast (accessed on
INBreast Mammogram 11 October 2025)
https:/ /archive.ics.uci.edu/ml/datasets/Breast+Can
WBCD Multimodality cer+Wisconsin+-(Diagnostic) (accessed on
3 January 2025)
. . http:/ /networkrepository.com/breast-cancer-wisconsi
WDBC Multimodality n-wdbc.php (accessed on 3 January 2025)
https://data.world/datasets/irma (accessed on
IRMA Mammogram 3 January 2025)
https:/ /www.cancerimagingarchive.net/collection/br
Breast-Cancer-Screening-DBT Mammogram east-cancer-screening-dbt/ (accessed on
11 October 2025)
https:
CMMD Mammogram / /www.cancerimagingarchive.net/collection/cmmd/
(accessed on 11 October 2025)
Breast Micro-Calcifications Mammoeram https:/ /data.europa.eu/data/datasets/oai-zenodo-or
Dataset & g-5036062?]locale=en (accessed on 3 January 2025)
OPTIMAM Mammography Image https:/ /medphys.royalsurrey.nhs.uk/omidb/
Database Mammogram (accessed on 3 January 2025)
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Table 1. Cont.

Dataset Name

Image Modality URL

Digital Mammography Dataset

https:/ /figshare.com/articles/dataset/_b_Digital_m
ammography_Dataset_for_Breast_Cancer_Diagnosis_R

for Breast Cancer Diagnosis Mammogram esearch_DMID_b_DMID_rar /24522883 /1 (accessed on
Research (DMID)
3 January 2025)
Mammographic Mass—UCI Mammogram https:/ /archive.ics.uci.edu/dataset/161/mammogra
Machine Learning Repository & phic+mass (accessed on 3 January 2025)
. https:
ICTRE_Th? Cancer Imaging Mammogram / /www.cancerimagingarchive.net/collection/victre/
Archive (TCIA)
(accessed on 3 January 2025)
https:/ /mamografiaunifesp.ambrahealth.com/
Ambra UNIFESP Mammography Mammogram (accessed on 3 January 2025)
https://zenodo.org/records /4030660 (accessed on
CSAW-S Mammogram 11 October 2025)
https:/ /www.abdn.ac.uk/research/digital / platforms/
Safe Haven (DaSH) Mammogram safe-haven-dash/accessing-data/available-datasets/
(accessed on 3 January 2025)
Ultrasound Dataset
https:/ /www.kaggle.com/datasets/aryashah2k/breas
BUSI Ultrasound t-ultrasound-images-dataset (accessed on
3 January 2025)
OASBUD Ultrasound https:/ /zenodo.org/records/545928# X0xKf8hKg2z
(accessed on 3 January 2025)
UDIAT Ultrasound upon request (accessed on 3 January 2025)
https:/ /www.cancerimagingarchive.net/ collection/br
BrEaST Ultrasound east-lesions-usg/?utm_source (accessed on
3 January 2025)
https:
QAMEBI Ultrasound / /qamebi.com/breast-ultrasound-images-database/
(accessed on 3 January 2025)
https:/ /www.kaggle.com/datasets/orvile/bus-bra-a
BUS-BRA Ultrasound -breast-ultrasound-dataset (accessed on 3 January 2025)
Thermography Dataset
The Mastology Research with https: / /www.kaggle.com/ C'lataset.s‘/ asde.epak/ thermal
Infrared Image (DMR-IR) thermograms -images-for-breast-cancer-diagnosis-dmrir (accessed on
11 October 2025)
NIRAMAI Health Analytix thermograms https:/ /niramai.com/about/thermalytix/ (accessed on

3 January 2025)

2.2. Ultrasound Images

Ultrasound imaging is an alternative tool for breast cancer screening, especially appli-

cable for women with dense breast tissue. It relies on high-frequency sound waves, instead

of using ionizing radiation to create images.

Among the key advantages of ultrasound are its non-invasive, cost-effective, and

safer choice for younger women, who may require several screenings. In young, dense
breasts, ultrasound can clearly differentiate fluid-filled cysts, solid masses, and normal

breast tissue [36,37]. Moreover, studies demonstrate that incorporating ultrasonography as

a complement to mammography increases detection accuracy in women with dense breast
tissue. According to [38], ultrasound raised cancer detection by 1.9-3.5 per 1000 women
with dense breasts under the age of 50.


https://figshare.com/articles/dataset/_b_Digital_mammography_Dataset_for_Breast_Cancer_Diagnosis_Research_DMID_b_DMID_rar/24522883/1
https://figshare.com/articles/dataset/_b_Digital_mammography_Dataset_for_Breast_Cancer_Diagnosis_Research_DMID_b_DMID_rar/24522883/1
https://figshare.com/articles/dataset/_b_Digital_mammography_Dataset_for_Breast_Cancer_Diagnosis_Research_DMID_b_DMID_rar/24522883/1
https://archive.ics.uci.edu/dataset/161/mammographic+mass
https://archive.ics.uci.edu/dataset/161/mammographic+mass
https://www.cancerimagingarchive.net/collection/victre/
https://www.cancerimagingarchive.net/collection/victre/
https://mamografiaunifesp.ambrahealth.com/
https://zenodo.org/records/4030660
https://www.abdn.ac.uk/research/digital/platforms/safe-haven-dash/accessing-data/available-datasets/
https://www.abdn.ac.uk/research/digital/platforms/safe-haven-dash/accessing-data/available-datasets/
https://www.kaggle.com/datasets/aryashah2k/breast-ultrasound-images-dataset
https://www.kaggle.com/datasets/aryashah2k/breast-ultrasound-images-dataset
https://zenodo.org/records/545928#.X0xKf8hKg2z
https://www.cancerimagingarchive.net/collection/breast-lesions-usg/?utm_source
https://www.cancerimagingarchive.net/collection/breast-lesions-usg/?utm_source
https://qamebi.com/breast-ultrasound-images-database/
https://qamebi.com/breast-ultrasound-images-database/
https://www.kaggle.com/datasets/orvile/bus-bra-a-breast-ultrasound-dataset
https://www.kaggle.com/datasets/orvile/bus-bra-a-breast-ultrasound-dataset
https://www.kaggle.com/datasets/asdeepak/thermal-images-for-breast-cancer-diagnosis-dmrir
https://www.kaggle.com/datasets/asdeepak/thermal-images-for-breast-cancer-diagnosis-dmrir
https://niramai.com/about/thermalytix/

Bioengineering 2025, 12, 1110

6 0f 33

Despite its obvious advantages, ultrasound has a restricted capability to identify
calcifications. Compared to mammography;, it has reduced specificity and depends on the
experience of an ultrasound doctor to ensure accurate testing [39,40].

Over the years, a large number of ultrasound images have been collected and stored
in databases, which are useful for Al-based research. There are several available datasets
useful for the research [41-48]:

e  Breast ultrasound images (BUSI) dataset contains 780 grayscale ultrasound images of
600 female patients: normal-133 images, benign—437 images, and malignant-210 images.

e Open access series of breast ultrasonic data (OASBUD) contains 200 ultrasound scans of
78 women aged between 25 and 75 years: 100 breast lesions (52 malignant, 48 benign).

o  UDIAT breast ultrasound dataset (UDIAT) contains 163 ultrasound images: benign—
109 images and malignant-54 images.

o  BrEaST ultrasound dataset contains 256 breast ultrasound scans from 256 patients,
including 266 benign and malignant segmented lesions.

e  QAMEBI ultrasound database contains 232 breast ultrasound images, including 123 be-
nign and 109 malignant breast lesions.

e  BUS-BRA breast ultrasound dataset contains 1875 anonymized images from 1064 fe-
male patients, divided into 722 benign and 342 malignant cases.

The most detailed compilation of ultrasound image databases is presented in Table 1.

2.3. Thermography Images

Thermography was first introduced in 1982. For medical issues, it was used later, but
is still not approved as a medical tool [49-51]. Thermography could be used as an adjunct
tool for various medical problems, including breast cancer. In order to capture temperature
differences and make a diagnosis, thermography uses thermal infrared cameras. The
differences in the temperature distribution on the surface of the breast may indicate the
presence of a tumor inside the breast [51-53].

The resulting thermograms show temperature patterns, helping in the early identifi-
cation of abnormalities. Thermography could be used as an additional tool for first entry
screening, in order to control any abnormal temperature distribution on the surface of the
breast. In case of abnormal temperature distribution on the surface of the breast, a patient
could be redirected to deeper screening using mammography or MRL

The advantages of thermography include reduced reliance on X-rays (as used in the
case of mammography), lower overall cost when compared to mammography and MRI,
and greater accessibility owing to its affordable and portable equipment, which is especially
valuable in resource-limited settings.

One of the main limitations of thermography is that it only captures surface-level
measurements, thereby excluding the diagnosis of tumors located deeper within the tis-
sue [52,53]. In addition, portions of the image are generated through extrapolation of data,
making the process susceptible to inaccuracies that could result in diagnostic errors.

Due to the lower popularity of thermography compared with mammography or
ultrasound, only a limited number of thermograms are available in databases. One of the
most popular thermogram databases is the Mastology Research Database. It is widely used
in thermal imaging research and includes thermograms from 287 individuals, aged 23 to
120 years. Table 1 contains the complete list of existing databases.

2.4. Publicly Available Datasets

Table 1 presents a summary of the most frequently used databases in breast cancer
classification studies, including, but not limited to:

e  Breast Cancer Data Repository (BCDR)
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Digital Database for Screening Mammography (DDSM)
INBreast

Mammographic Image Analysis Society (MIAS)/Mini-MIAS
Wisconsin Breast Cancer Dataset (WBCD)

Wisconsin Diagnosis Breast Cancer (WDBC)

Image Retrieval in Medical Applications (IRMA)

Breast Cancer Histopathological Image (BreakHis)
Breast Ultrasound Images Dataset (BUSI)

Open Access Series of Breast Ultrasonic Data (OASBUD)
UDIAT Breast Ultrasound Dataset (UDIAT)

BrEaST Ultrasound Dataset

The Mastology Research with Infrared Image (DMR-IR)
NIRAMALI Health Analytix

Presented datasets are frequently used for breast cancer detection, diagnosis, and

Al-based classification research.

According to research studies conducted recently, medical image analysis has seen
significant progress with the use of Al, specifically ML and DL. By applying image process-
ing and ML techniques, doctors can now detect and diagnose cancer earlier, improving the
accuracy of breast cancer diagnosis.

3. Machine Learning and Deep Learning Techniques
3.1. Traditional Machine Learning and Deep Learning

Machine learning (ML) is a branch of Al that refers to a collection of methods that
analyze data to identify patterns. As a result, it can then be applied to forecast future data
or predict various outcomes of interest [1].

Deep learning (DL) is a specialized field within ML and Al According to [1,54],
DL can analyze medical images and provide useful information about disease prognosis,
treatment responsiveness, and any other related characteristics regarding one or another dis-
ease. Among other tools, the most common techniques are convolutional neural networks
(CNNs), Boltzmann machines, and deep neural networks (DNN).

There are two main architectures and typical workflows used to create Al applications
for medical imaging (Figure 1):

e Traditional ML, which usually uses manually selected features known as radiomic
features [54,55] extracted from segmented images.

e The DL approach, which involves deep feature extraction or end-to-end learning
directly from images.

Figure 1 demonstrates the differences between the two approaches of traditional ML
and DL. It emphasizes the difference between the workflows and approaches of processing
medical images. The workflow in traditional ML is manual and segmented. It requires
preprocessing and normalization in order to extract features from the image. To execute pre-
processing, algorithms such as k-means clustering, fuzzy c-means, or watershed methods
are used to isolate regions of interest from mammography, ultrasound, or thermography
images. Further, the extracted features are manually selected, and later used for training
modes, as a result trained model generates predictions and classification. Feature prepro-
cessing and normalization techniques, including standard scaling, Z-score normalization,
or min—max scaling, are applied to ensure data consistency. At the feature selection stage,
dimensionality reduction and filtering methods like PCA, LDA, t-SNE, UMAP, recursive
feature elimination, or chi-square tests are employed to retain the most relevant information.
Predictive modeling is carried out using algorithms such as logistic regression (LR), SVM,
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decision trees (DT), random forests (RF), gradient boosting methods (XGBoost, LightGBM),
naive Bayes, or k-Nearest Neighbors (kNN). Finally, these models generate predictions,
showing the possibility of the presence of a tumor in the breast.

Traditional machine learning Deep learning

Segmented medical images: k-means, fuzzy C-means, Medical image segmentation: U-Net, Mask R-
watershed, region growing CNN, Fully Convolutional Networks (FCN)

End-to-End Learning: CNN (ResNet, VGG,

Feature Pre-processing _and_ normalization: Star_ldar_d ——— DenseNet); Transformers (Vision Transformers,
Scaler, Min-Max normalization, Z-score normalization multimodal transformers)
\ ) \
Feature selection: PCA, LDA, t-SNE, UMAP, Wrapper Prediction: softmax classification layers for
methods (RFE), Filter methods (Chi-square, Mutual diagnosis; survival prediction, or risk scoringC
information)

Predictive modeling: Logistic regression (LR), Support

Vector Machine (SVM), Decision Tree (DT), Random Large Language Models

Forest (RF), Gradient Boosting (XGBoost, LightGBM),
Naive Bayes (NB), k-nearest Neighbors (kNN)

Prediction: classification output

Figure 1. Typical architecture and workflow of Al systems for predictive modeling.

On the other hand, DL models are more automated, and they exclude the need for
manual segmentation of the image. The created network automatically learns feature
extraction and selection during training, and in the end, produces predictions. Special-
ized architectures like U-Net, Mask R-CNN, or fully convolutional networks (FCNs) are
widely applied to medical image segmentation. For feature learning and classification,
convolutional neural networks (CNNs) dominate. For temporal ultrasound data, Recur-
rent Neural Networks (RNNs) and LSTMs are used. Transformer models are increasingly
adopted for multimodal integration. These models ultimately produce predictions such
as diagnostic classifications and risk scores. One of the main advantages of DL models is
optimizing network performance for specific tasks. Such models establish sophisticated
connections within huge datasets, as well as in small datasets, and still provide reliable
results. Therefore, it is widely employed in medical imaging. Hence, Figure 1 emphasizes
how DL automates and integrates multiple steps of traditional ML into a streamlined,
end-to-end process [56—63].

Hybrid or ensemble models combine the strengths of both ML and DL. They are
often employed by stacking, bagging, boosting, or fusing data from multiple imaging
modalities. Furthermore, another case of hybrid models is the XAI tools, including Grad-
CAM, LIME, SHAP, and attention mechanisms, which are increasingly incorporated to
improve transparency. Advanced transparency is beneficial for doctors and physiologists,
as it assists in interpreting the reasoning behind predictions.

In spite of the different approaches and workflows of ML and DL methods, they
both explore supervision and training principles. Both of the models are able to combine
additional data as extra parameters, such as demographic information, risk factors, and
molecular profiles, to enhance the predictive accuracy of the models. In particular, multi-
modal imaging [56-59] and multiomics data [57-59] can be utilized to gain better medical
decision making concerning the analyzed region. At the same time, combining different
types of data into a single model is a key challenge for both ML and DL models. One more
challenge of training ML and DL models is the quality of data collection and its processing.
The principle of “garbage in, garbage out” is especially relevant in data collection for Al-



Bioengineering 2025, 12, 1110

9 of 33

driven research. The accuracy and reliability of the results entirely depend on the quality of
the input images. In order to collect a large dataset, frequently, medical images are collected
from multiple centers. This leads to variations in equipment, imaging techniques, and
clinical protocols, which may contribute to data inconsistency and complexity. Therefore,
in order to obtain accurate and reliable results, the quality of data is one of the important
parts of the data-driven Al research [61-63].

3.2. Large Language Models

Large language models (LLMs) are a type of language model that uses the transformer
architecture, trained on massive datasets with billions of parameters. The development
of large language models (LLMs) such as GPT-4, LLaMA, Gemini, Grok, and DeepSeek
demonstrates a transformative shift in the field of medical Al, particularly in breast cancer
(BC) diagnostics. Based on transformer architectures and being pre-trained on massive
text corpora, these models have the ability to interpret sophisticated language, analyze
multimodal clinical data, and generate semantically coherent responses. The LLMs’ capacity
to process clinical narratives, extract structured information, and generate personalized
clinical insights leads to a new era of precision oncology.

The key benefit of these models is their applicability across the entire breast cancer (BC)
diagnostic process. For instance, models such as ChatGPT-4 and Gemini have shown the
ability to align with recommendations of multidisciplinary tumor boards, create treatment
strategies, and provide decision support with reported accuracies ranging from 70-98% [64].
The integration of the models into medical practice demonstrates potential in a number of
issues. Firstly, LLMs can flag signs of malignancy more consistently than traditional rule-
based systems due to early detection through the synthesis of data from imaging reports
(mammograms, ultrasound, MRI). Secondly, the integration of genetic and biomarker data
(e.g., BRCA1/2 mutations) in order to assess patient-specific risk profiles through the strati-
fication of risks by such tools as BioGPT or Clinical BERT. Finally, a holistic understanding of
disease progression can be provided by multimodal data interpretation, specifically models
trained on both structured (e.g., lab results) and unstructured (e.g., physician notes) data.

Furthermore, ChatGPT has shown effectiveness in translating sophisticated oncology
concepts into language that is understandable to non-specialists. This improves patients’
understanding of treatment pathways as well as side effects and required changes in
lifestyles [64]. Additionally, LLMs improve shared decision making by allowing patients to
request treatment or surgical procedure options. It may also reduce anxiety and promote
treatment adherence.

According to [53,65-67], limitations remain that hinder the immediate clinical trans-
lation of LLMs for breast cancer, even though their potential is substantial. The studies
highlight the scarcity and diversity of data, while LLMs in medicine require rich, diverse,
and high-quality data in order to be robust. Current models are reduced in terms of gener-
alizability across diverse populations because of limited datasets. Secondly, there is the risk
of hallucinating or misrepresenting clinical facts by the LLMs, that, unlike in supervised
learning, can occur. The lack of ability to interpret and explain the obtained results under-
mines the trust in high-stakes clinical environments. Third is the lack of benchmarks and
standards, which means that the field lacks standardized assessment protocols. This causes
difficulties in comparing performance across various models and clinical contexts. Finally,
given that LLMs work with confidential data of patients, the security and ethical issues are
subject to risks of cybersecurity, the spread of bias, and issues related to informed consent
and data management.
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3.3. Multimodal Large Language Models

Multimodal large language models (MLLMs) are considered advanced Al models
that process and generate numerous types of data, including text, images, audio, or other
modalities, within a single framework. Compared to traditional LLMs, multimodal LLMs
integrate and analyze these diverse inputs to perform tasks such as creating image captions,
visually answering questions, or generating text from images.

Multimodal LLMs usually combine such components as transformers (for text) with
vision models (e.g., CNNs or ViTs) or audio processing modules, frequently using a shared
embedding space to accommodate different modalities. MLLMs leverage DL to handle
sophisticated multi-data-type tasks. For instance, models such as GPT-40 (OpenAl), LLaVA,
CLIP-ViT, or Flamingo can process text and images, while other models like Whisper
(OpenAl) handle audio and text. These models can execute such tasks as generating image
descriptions, answering questions about visual content, or even creating images from text
prompts (e.g., with diffusion models integrated).

MLLMs are trained on various datasets merging text, images, or audio, frequently
requiring big data to align modalities effectively. Hence, these models are used in such areas as
autonomous systems, content generation, medical imaging analysis, and interactive assistants.

3.4. Explainable Al for Medical Diagnosis and Medical Image Recognition

Explainable Al (XAI) refers to methods and techniques in Al that make the results of
Al systems understandable and interpretable by humans and future strong Al systems.

Explainable Al is important since users and stakeholders need to understand how and
why an Al system makes a particular decision. This is a common practice and requirement
in everyday human decision making. Human experts always explain the reasons behind
their decisions in almost all domains. In regulated activities like finance, healthcare, and
law, it is necessary to explain decisions for scientific, legal, and ethical reasons. Imagine a
situation where different Al systems give different diagnoses. This is a realistic situation
that can happen in the case of nontrivial problems. Just as human experts explain their
reasoning before reaching a well-considered decision, Al systems should also be capable of
providing explanations for how they arrive at their conclusions. XAl also helps to identify
if a model is making decisions based on biased or unfair patterns in the data. Finally,
explainability can guide debugging and improvement of Al systems since developers need
explanations to improve the model’s performance.

It is obvious that medical diagnosis is not a trivial kind of decision-making process.
It requires severe quality standards to be met since human lives can be at risk. It is
well known that in several types of medical decisions, like diagnoses, experienced and
specialized physicians may suggest different outputs. The same can happen among Al
systems or among Al and human experts. The only solution to this problem is for Al
systems to be able to provide explanations, like humans.

There are several different approaches towards XAI. The most notable and relevant
for images include:

(1) LIME (local interpretable model) approximates the complex model locally around a
prediction using a simple interpretable model (like a linear model). It perturbs the
input data and observes changes in prediction to estimate feature importance [68].

(2) SHAP (SHapley Additive exPlanations) is based on cooperative game theory (Shapley
values). It measures each feature’s contribution by calculating its marginal impact
across all possible feature combinations [69].

(3) Saliency maps/gradient-based methods use gradients of the output with respect to
input features (e.g., pixels) to determine which features most influence the prediction.
Most relevant in image classification (e.g., CNNs) [70,71].
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(4) Feature importance scores methods like tree-based models (e.g., random forests,
XGBoost) provide built-in feature importances. It is possible to include permutation
importance (shuffling a feature and measuring performance drop) [72,73].

(5) Counterfactual explanations find the smallest change to the input that would result in
a different prediction [74].

(6) Anchors identify a set of rules (“anchors”) that “lock in” a prediction. If these rules
are met, the model’s prediction is likely to stay the same [75].

(7) Surrogate models train a simpler, interpretable model (like a decision tree) to mimic
the predictions of a more complex model [76].

(8) Models using knowledge representation schemes. It is possible to use one of the
previous methods to identify the critical parts (for diagnosis) of a medical image
and subsequently to calculate various characteristic quantities of these subsets of the
image. Then, a Bayesian Network (BN) can be constructed with informational nodes
representing those quantities. The causal structure of the BN reveals immediately
the most influential factors for the classification and how these factors interact and
influence each other [77-80].

For medical imaging, the most relevant and widely used explainable AI (XAI) methods
are visualization-based and gradient-based attribution methods, because they align with
how radiologists and medical professionals interpret images (e.g., highlighting regions of
interest). The most relevant for medical images are approaches 1, 2, 3, 4, and 8, although 5,
6, and 7 can be used in hybrid systems that combine different approaches.

3.5. What Clinicians Should Know

Tools such as gradient-weighted class activation mapping (Grad-CAM) and layer-
wise relevance propagation (LRP) can help clinicians better understand Al decisions and
potentially build trust in their use. In breast imaging, many XAI tools generate maps that
highlight areas that are most influential for the model’s decision. These overlays resemble
how radiologists interpret suspicious regions and can be used as a secondary reference.
However, they should not be taken as absolute evidence, since explanation maps can vary
depending on the model used. A major concern is saliency map instability, where the same
input image may generate different explanation maps depending on the model architecture
or training conditions. This variability underscores that XAI outputs should be regarded as
supportive evidence rather than definitive diagnostic proof.

4. CAD Systems Performance Evaluation

There are four main metrics to classify breast cancer diagnoses. For correct breast
cancer diagnoses, the doctors use either true positive (TP) or true negative (I'N), while an
incorrect diagnosis falls under false positive (FP) or false negative (FN) metrics.

There are six commonly used metrics to characterize the accuracy of model classifica-
tion, including accuracy, sensitivity, precision, F-measure, area under the curve (AUC), and
volume under the receiver operating characteristic (ROC) surface [81]. Below is the brief
explanation of each metric.

Accuracy (ACC) evaluates the proportion of correctly classified cases out of the total
number of instances. It is determined using Equation (1).

TP+ TN

ACC = TP+ TN+ FP+FN M

Sensitivity (Sn), or recall, indicates the proportion of actual positive cases that are
correctly identified. In other words, it measures how accurately the system detects patients
with breast cancer. It is calculated using Equation (2).
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TP
~ TP+EN

Specificity (Sp) measures the accuracy of negative predictions, indicating the proportion

Sn )

of correctly identified non-cancerous cases. It represents how well the system distinguishes
healthy individuals from unhealthy. Specificity is calculated using Equation (3).

TN

SP = TN + ED)

)

Precision (Pr) indicates the proportion of predicted positive cases that are actually
correct, specifically measuring the accuracy of identifying breast cancer cases. In medical
imaging diagnosis, both sensitivity (Sn) and precision (Pr) should be high to minimize
misdiagnosis. It is defined using Equation (4).

TP

Pr= 151 Fp

(4)

F-measure or Fg score balances both sensitivity, also named recall, and precision by
using their harmonic mean, ensuring a more reliable assessment by penalizing extreme
values. It can be calculated using Equation (5).

(14 B?) x Presicion x Recall
(B?* x Presicion) + Recall

Fg = 6)
B = 1: This is the standard FI-score, which gives equal weight to precision and recall.
B > 1: Favors recall (sensitivity), making it more useful for minimizing false negatives.
0 < B < 1: Favors precision, making it more useful for minimizing false positives.
AUC (area under the curve) indicates how well the model performs under various
conditions. A higher AUC value indicates better model performance. It can be determined
using Equation (6) or Equation (7). Equation (6) is a version of AUC that tells how well
a classifier ranks positive instances above negative ones. If all positive instances are
ranked above all negative instances, AUC = 1; if the ranking is random, then AUC ~ 0.5.
Equation (7) is another standard definition of AUC, and it is probabilistic and pairwise in
nature. It computes the proportion of all positive-negative pairs where the classifier gives
a higher score to a positive instance than to a negative one. If all positive scores are higher
than all negatives, then AUC = 1; if scores are random, then AUC = 0.5; if the model ranks
negatives above positives, then AUC < 0.5.

_LRi(lp) = (I, +1)/2

AlUC
I, + 1

(6)

where I, and I,—number of positive and negative images of breast cancer.
R; is the rating of the i-th positive image.
Finally, this definition gives:

S

AUC =
|[PIINJ

Y. ) I(s(xp) >s(xn)) (7)

xpEP xy €N

s(x)—predicted score/probability for sample x

II is 1 if the positive image gets a higher score than the negative; otherwise, it is 0.

Recently, a quality score for imaging-based Al models [58,59] has been announced
to evaluate their consistency by assessing numerous phases in the examination workflow.
Even though its efficiency is still deliberated, it provides a convenient means for inven-
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tors and scholars to confirm that all compulsory features and validation assessments are
encompassed in AI model progress.

5. Literature Search Methodology

A systematic search was conducted to identify relevant studies on Al applications
in breast cancer detection using mammography, ultrasound, and thermography. Scopus,
Web of Science, and Science Direct databases were reviewed. The search terms included
combinations of the following;:

“breast cancer” AND (“mammography” OR “ultrasound” OR “thermography”);
“artificial intelligence” OR “machine learning” OR “deep learning”;
“explainable AI” OR “XAI”;

“large language models” OR “LLMs” OR “multimodal AI”;

The search was restricted to peer-reviewed articles in English published between 2020
and 2025. Studies were included if they reported on the use of ML, DL, or XAI techniques
for breast cancer detection, classification, or diagnosis in at least one of the three imaging

modalities. Exclusion criteria were studies not related to breast imaging, those without
sufficient methodological detail, or purely technical papers without clinical application.

Given the enormous number of publications on Al and breast cancer detection, we
applied strict inclusion criteria focusing on studies with clearly described Al methods and
evaluation metrics; research demonstrating direct relevance to clinical or diagnostic applica-
tions; papers providing sufficient methodological detail for reproducibility; reference lists
of key articles and reviews were also screened to identify additional relevant publications.

This approach was intended to ensure the quality and clinical relevance of the included
studies rather than to provide an exhaustive list. As a result, for some modalities—such as
ultrasound—fewer studies met all inclusion criteria, which explains why only a limited
number are presented despite the broader literature.

6. Breast Cancer Detection and Classification Using Machine Learning
and Deep Learning

Different algorithms for medical image processing and modeling are required with
the development of ML tools and the diversity of data collection. A variety of specialized
algorithms were developed and used for different tasks of ML, such as regression, clas-
sification, clustering, and dimensionality reduction. ML algorithms that can be used for
the abovementioned tasks are demonstrated in Figure 2. Below is a brief discussion of the
available ML algorithms for each task.

Regression implicates foreseeing continuous numeric outcomes, comprising such
approaches as: Lasso regression, ridge regression, support vector regression (SVR), decision
trees (DT), random forests (RF), XGBoost (XGB), k-Nearest Neighbors (kNN), feedforward
neural networks (FFNN), recurrent neural networks (RNN), convolutional neural networks
(CNN), and long short-term memory networks (LSTM) (Figure 2).

Classification predicts categorical outcomes or class labels and includes such methods
as logistic regression (LR), support vector machines (SVM), decision trees (DT), random
forests (RF), XGBoost (XGB), k-Nearest Neighbors (kNN), feedforward neural networks
(FFNN), recurrent neural networks (RNN), and convolutional neural networks (CNN)
(Figure 2).

Clustering involves grouping data points based on similarity, with no predefined
labels. The method includes k-means, DBSCAN, hierarchical cluster analysis (HCA), and
hierarchical density-based spatial clustering (HDBSCAN) (Figure 2).
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Lasso, Ridge, LR, SVM, DT,
SVR, DT, RF, RF, XGB,
XGB, kNN, kNN, FFNN,

FFNN, RNN,

RNN, CNN
CNN, LSTM

Dimensionality
Reduction

K-means,

DB‘SCAN. LDA, PCA,
HCA, t-SNE, UMAP
HDBSCAN

J

Figure 2. List of machine learning algorithms used for different types of applications.

Dimensionality reduction techniques reduce the complexity of the data, preserving
essential features, and include the following methods: linear discriminant analysis (LDA),
principal component analysis (PCA), t-distributed stochastic neighbor embedding (t-SNE),
and uniform manifold approximation and projection (UMAP) (Figure 2).

Continuous development and innovations in Al facilitate conducting more precise,
scalable, and insightful research across different fields, including healthcare, specifically
medical imaging. Figure 3 shows the distribution of published studies that used different
ML methods for different tasks, exploring mammography, ultrasound, and thermography
modalities. The figure is based on the information obtained from Scopus, Web of Science,
and ScienceDirect databases.

|
|
I
B
B
KNN
ANN | —

SVM | —

0% 10% 20% 30% 40% 50%

B Mammogram B UIltrasound ™ Thermography

Figure 3. Machine learning algorithms applied to breast cancer detection using mammogram,
ultrasound, and thermography.

The analysis of the abovementioned databases demonstrates that approximately
44% of the studies published between 2020 and 2025 employed support vector machine
(SVM) as a classifier for breast cancer detection. SVM was most frequently associated
with mammogram images, although some studies also utilized ultrasound and, to a lesser
extent, thermography images. The second most used method was ANNSs, including RNNs,
CNNs, and other transformer-based neural networks, which also highlights a strong focus
on mammographic data, with fewer applications involving ultrasound and thermography
images (Figure 3).



Bioengineering 2025, 12, 1110

15 of 33

Other approaches, such as kNN, DT, fuzzy logic, naive Bayes (NB), RF, and LR,
contributed between 2% and 10% of searched studies. These methods also primarily relied
on mammogram features, with smaller contributions from ultrasound and minimal use of
thermography images.

Among all methods, LR showed the lowest overall contribution, with only slight
application across the three imaging modalities. This distribution is clearly illustrated
in Figure 3, which shows how published studies are spread across different diagnostic
techniques, including mammography, ultrasound, and thermography modalities.

Recently, LLMs have gained growing interest as another advanced Al model. These
models are based on transformed architectures and consist of those pre-trained on large-
scale text datasets [82]. The use of the transformer-based model is explained by significant
improvement of the model performance, especially with increases in model size, the volume
of training data, and available computational resources. Examples of such models include
ChatGPT (developed by OpenAl), DeepSeek (by DeepSeek Al), LLaMA (by Meta), and
Grok (by xAI) [83,84].

In terms of breast cancer, LLMs can be used with the aim of improving the accuracy
and effectiveness of the workflow. In the near future, such models can be explored to
integrate different clinical data, such as text, various images, genomic information, etc.,
by such to manage a large amount of information in a short time, automatically, and
create comprehensive decisions about illness [85]. For patients, LLMs can lead to having
personal doctors in their pocket, which can interpret various medical images, produce
user-friendly explanations and conclusions, thereby assisting patients to better understand
their disease [85,86]. The studies conducted in the field of LLMs are closely considered in
Section 7.4 of the current review.

7. Artificial Intelligence for Breast Cancer Detection: Machine Learning,
Deep Learning, and Hybrid Algorithms

In recent years, ML and DL, and hybrid algorithms have been developed to extract
specific features and enhance the effectiveness of medical image analysis. This section
presents an overview of ML and DL, and hybrid approaches, used for breast cancer
detection and classification across three medical imaging modalities: mammography,
ultrasound, and thermography (Tables 2—4).

7.1. Machine Learning, Deep Learning, and Hybrid Algorithms for Breast Cancer Detection
Using Mammograms

Numerous research studies have explored the use of mammography images for detecting
and classifying breast cancer by employing ML, DL, or hybrid algorithms. Table 2 presents
some publications that apply ML, DL, and hybrid techniques in analyses of mammograms.

Sha et al. (2020) [87] proposed a technique based on CNNss for the segmentation of
apprehensive regions in mammographic images. During pre-processing, to reduce noise in
the initial images, the median filter was explored. Further, to separate cancerous regions
on the image CNN-based optimizer was applied. Feature extraction was conducted to
reduce computational load and enhance diagnostic accuracy. The researchers’ advanced
optimization approach aimed to identify the most suitable characteristics for the CNN,
which can segment possible areas with tumors. Performance of the suggested system was
compared with other modern tools to test the system; MIAS and DDSM mammographic
databases were employed. The proposed approach achieved 96% sensitivity, 93% speci-
ficity, 85% positive predictive value (PPV), 97% negative predictive value (NPV), and 92%
overall accuracy.
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Table 2. Studies used ML, DL, or hybrid algorithms for breast cancer detection using mammograms.

Reference

ML, DL, Hybrid Algorithms Dataset Performance Evaluation

Sha, Z.; Hu, L.; Rouyendegh, B.D.

Sn is 96%, Sp is 93%, PPV is 85%,

(2020) [§7] Hybrid: CNN, SVM MIAS, DDSM NPV is 97%, ACC is 92%.
Saspla)tle, IS\I/ .Tglbari, SS'; . I}F/Iﬁhl?]ani\f v ML: fuzzy c-means algorithm; Tata Memorial Centre (TMC), Sn is 75.91% at 0.69 FPs/I and Sn
A Ry Ry o AT A SVM; Mumbai, India; BIRADS is 73.65% at 0.72 FPs /L.
(2020) [88]
Mansour, S.; Kamal, R.; Hussein, . o . o
S.A.; Emara, M.; Kassab, Y.; Taha, Al Internal dataset Sn is 73.41/;>,75ép 41; 8%, ACC
S.N.; Gomaa, M.M. (2025) [89] e
Internal dataset: Daspoort 97.04% were negative, 2.46% were
Malherbe, K. (2025) [90] Al Breast PoliClinic in Gauteng, positive, and a single patient was
South Africa classified with a BIRADS2 score.

Hernstrom, V.; Josefsson, V.;
Sartor, H.; Schmidt, D.; Larsson,
A.-M.; Hofvind, S.; Andersson, I.;
Rosso, A.; Hagberg, O.; Lang, K.
(2025) [91]

Swedish national screening
program, women recruited at four
Al system screening sites in southwest
Sweden (Malmd, Lund,
Landskrona, and Trelleborg)

Al-supported screening led to a
29% increase in cancer detection.

ACC is 0.9734; validation Loss is

. CNN: U-Net deep learning Chinese Mammography 0.037; average Dice Coefficient is

Nour, A.; Boufama, B. (2025) [92] model; ACM Database (CMMD) 0.813; average intersection over
Union is 0.891.
ACC is 96.6%;

Hybrid DL model combining

Umamaheswari, T.; Babu, YM.M. CNN (EfficientNetB7) and The Complete reSc alilslg 69 20? ./0;
(2024) [93] Transformer (ViT): Mini-DDSM Dataset; Pz is 93' 40/°f
ViT-MAENB7 model o
F1-score is 94.9%.
For normal cases: ACC is 98.98%;
e AT
Kalivarathan, T.; Amutha, K.; SIFT-CNN; Fuzzy-based & ) SO

Paulraj, R.K.; Ramasamy, S.
(2025) [94]

CBIS-DDSM dataset Sp is 95.76%; Sn is 93.64%.
For malignant cases:
ACC is 98.89%; Sp is 93.59%; Sn
is 95.82%.

decision tree

Puttegowda, K.; Veeraprathap V;
Kumar, H.S.R.; Sudheesh, K.V.;

Prabhavathi, K.; Vinayakumar, R.;

Tabianan, K. (2025) [95]

For normal cases: recall is 99%, Sp
i 98.79%, Pr is 98.59%, F1-score is
98.95%, AUC is 99.58%.
For benign cases: recall is 93.56%,
DDSM, INbreast, AIIMS Sp is 98.57%, Pr is 96.38%,
F1-score is 94.67%, AUC is 97.59%.
For malignant cases: recall is
92.78%, Sp is 97.43%, Pr is 94.71%,
F1-score is 92.43%, AUC is 99.87%.

ML: Faster R-CNN;
YOLOV3; RetinaNet

Ahmad, J.; Akram. S.; Jaffar. A.;

CAD system: ML (SVM) & ACCis 99.16%, Sn is 97.13%, Sp

Ali, Z.; Bhatti, S.M.; Ahmad, . . CBIS-DDSM . o
A et al. (2024) [96] computer vision techniques is 99.30%.
Gudur, R,; Patil, N.; Thorat, S. Integration of CNN, RSNA ACC is 97%; AUC is 0.68; Pr is
(2024) [97] ResNet50, RNN 60%; recall is 80%; F1-score is 0.18.
Mahmood, T.; Saba, T.; Rehman, DCNN-based models: MIAS, INbreast ACC is 98%; Pr is 97%; recall is
A.; Alamri, ES. (2024) [98] CNN + LSTM and CNN + SVM 4 97%; Sn is 97%; F1-score is 0.97.
Muduli, D.; Dash, R; Majhi, B. LWT; MFO-ELM MIAS, DDSM ACC is 98.80%, AUC is 0.99.

(2020) [99]

Mansour et al. (2025) [89] conducted research on estimating the efficiency of Al to
diagnose breast cancer using digital mammograms. The study employed 1998 mammo-
grams, produced from 2020 to 2023, to establish relations between Al-identified marked
regions of interest and histologically inveterate missed cancers. Al effectively labeled 54%
of earlier missed carcinomas and had a detection rate of 88% in current mammograms.
The model achieved a sensitivity of 73.4%, specificity of 89%, and overall accuracy of
78.4%. The obtained results showed that Al systems improve the diagnosis of cancerous
tumors, especially in young women, who usually have dense breast tissue. Thus, notable
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enhancements could be reached in the diagnosis of breast cancer at early stages in dense
breast tissue.

The same conclusion, that Al could enhance breast cancer detection at the early stages,
was made by the MASAI study [91]. This Sweden study involved over 105,000 women
and focused on estimating the effect of Al-assisted mammography screening based on the
Transpara system. Compared to the standard routine, the Al-supported system demon-
strated a 29% growth in cancer diagnosis identification, with higher positive predictive
values of recalls and lower false positive values. It was estimated that the workload of
radiologists decreased by 44.2%. Thus, the results obtained supported the hypothesis that
an Al-assisted system can significantly optimize the radiologist’s workload and screen-
ing workflow. Furthermore, improve efficiency and, more importantly, enhance breast
cancer diagnosis.

A study by Nour et al. (2025) [92] introduced a hybrid algorithm that considers
exploring DL and active contour modeling. The aim of the hybrid algorithm is to analyze
mammograms automatically. The methodology suggested in the study combines feature
extraction capabilities of deep CNNs with the boundary delineation accessible through
active contour models (ACMs). Performance metrics showed an accuracy of 97.34%, a Dice
coefficient of 0.813, and an Intersection over Union (IoU) of 0.891. These findings show
the usefulness of the suggested model for lesion segmentation in mammograms, which
leads to accurate diagnosis and decreases the number of false positive or false negative
results. However, extra assessment on larger and diverse datasets is required to validate
the model’s generalizability across diverse patient populations.

A study by Umamaheswari et al. (2024) [93] suggested a breast cancer diagnosis
system that utilizes 3D mammogram images that were publicly available. The first step was
segmentation, which was realized by using Adaptive Thresholding with Region Growing
Fusion Model (AT-RGFM). Further, the segmentation process was optimized by exploring
the Modified Garter Snake Optimization Algorithm (MGSOA). Finally, a tumor-defining
process was utilized by the Vision Transformer-based Multiscale Adaptive EfficientNetB7
(ViT-MAENB?) model. This hybrid DL model leverages both transformer-based and
convolutional architectures to perform multi-scale image analysis, enabling it to detect
tumors with high precision across varying levels of detail. The model achieved an accuracy
of 96.6%, with a recall of 96.6%, specificity of 96.6%, precision of 93.4%, and an F1-score
of 94.9%. These results support the effectiveness of the hybrid algorithm for breast cancer
diagnosis in mammograms.

A study by Mannarsamy et al. (2025) [94] presented the SIFT-CNN Integrated Fuzzy
Decision Tree-based Breast Cancer Detection (SIFT-BCD) method for the early and efficient
breast cancer diagnosis. The study utilized the CBIS-DDSM dataset. To remove noise and
preserve edge information, the images are first processed using a trilateral filtering tech-
nique. The denoised images are then passed through a region of interest (ROI)-based U-Net
model for accurate segmentation of relevant breast tissue areas. For feature extraction, a
hybrid approach combining scale-invariant feature transform (SIFT) with CNN was used to
capture both low-level and deep visual features. The extracted features are classified using
a fuzzy decision tree, which categorizes images into three diagnostic groups: malignant,
benign, and normal. The model’s performance showed three types of classification: normal
cases, benign cases, and malignant cases. For normal cases, performance metrics showed
accuracy of 98.98%, specificity of 96.28%, and sensitivity of 94.78%. For benign cases, per-
formance metrics were accuracy of 99.74%, specificity of 95.76%, and sensitivity of 93.64%.
For malignant cases, performance metrics were calculated as accuracy 98.89%, specificity
93.59%, and sensitivity 95.82%. However, the model’s reliance on the CBIS-DDSM dataset
may limit its generalizability due to restricted patient diversity and imaging conditions.
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A study by Puttegowda et al. (2025) [95] presented a multi-model framework utilizing
DDSM, INbreast, and Indian AIIMS mammograms datasets, focusing on Indian women.
The framework integrates R-CNN, RetinaNet, and YOLOvV3 object detection models and
suggests advancements as a photometric transform network and perturbation-based atten-
tion analysis for interpretability and performance. The system achieved high classification
results: accuracy 98.8%, sensitivity 98.5%, and AUC 0.99 by using the YOLOv3 model.

Ahmad et al. (2024) [96] proposed a comprehensive CAD system based on DL for
mammogram classification and breast cancer detection. The system consists of the YOLO-
V7 model for lesion recognition, the Associated-ResUNet for segmentation, and BreastNet-
SVM (AlexNet-based) for classification. In addition, the study highlighted that fused model
strategies and multi-resolution input were used for model performance optimization. The
study was performed utilizing the CBIS-DDSM dataset. The system achieved an accuracy
of 98.5%, a segmentation Dice score of 95.89%, and a classification accuracy of 99.16%. The
results support the possibility of real-world clinical use in early breast cancer diagnosis.

Gudur et al. (2024) [97] presented an advanced DL model for breast cancer detection
based on mammograms. The model consists of CNNs, ResNet50, and recurrent neural
networks (RNNSs). The system includes image pre-processing, segmentation, and advanced
feature extraction using ResNet50. Temporal pattern modeling is performed using RNNs.
The RSNA mammogram database was used for modeling. The proposed method showed
the accuracy of ResNet50, which reached 98%, which was superior to the architectures of
CNNSs and RNNs separately. The results of the study showed a decrease in the number
of false positives and false negatives, which opens the potential for clinical application in
early diagnostic processes.

The study by Mahmood et al. (2024) [98] presented a novel approach for breast can-
cer detection based on deep ML using multiparametric mammography. The proposed
approach incorporates advanced preprocessing, radiomics, and hybrid neural network
models (CNN + LSTM, CNN + SVM) for breast lesion detection, classification, and eval-
uation. The novelty of the model lies in the use of the Chaotic Leader Selective Filler
Swarm Optimization (cLSFSO) algorithm for efficient mammogram segmentation, while
transfer learning is achieved using modified VGGNet and SEResNet152 models. Publicly
available databases were used to validate the system, and as a result, the system achieves
high diagnostic accuracy (AUC = 0.99, sensitivity = 0.99). The authors of the study argue
that the application of Grad-CAM improves interpretability by distinguishing significant
regions, which may help in early and accurate detection of breast cancer.

The study by Muduli et al. (2020) [99] presented a computer-aided diagnosis (CAD)
model combining the lifting wavelet transform (LWT), dimensionality reduction techniques
(PCA and LDA), and extreme learning machines based on Moth Flame Optimization
(MFO-ELM). The model is designed to detect breast cancer using digital mammograms.
The system uses LWT to extract features from regions of interest (ROIs) in mammograms.
Using PCA + LDA fusion strategies reduces the feature space, while ELM was used to
classify mammograms. The proposed model achieved classification accuracy of 100% and
99.76% using MIAS and DDSM databases, respectively. The results of the study showed the
effectiveness of the hybrid model, improving the performance and generalization ability of
the systems.

In summary, it is evident from the reviewed works that the convergence of DL, op-
timization algorithms, and hybrid implementation methods is providing rapid progress
in breast cancer diagnosis. To improve lesion detection and segmentation boundaries for
interpretability and adaptation to clinical context, these systems develop a new system for
early, accurate, and personalized breast cancer screening. Although the models maintain
exceptional diagnostic accuracy, often exceeding 98-99%, the need for further validation of
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the best datasets in the world remains a common challenge to ensure wider dissemination
of information and advancement in clinical practice.

7.2. Machine Learning, Deep Learning, and Hybrid Algorithms for Breast Cancer Detection Using
Ultrasound Images

Numerous studies have been devoted to the use of ultrasound images for the diagnosis
and classification of breast cancer. Table 3 presents some publications that apply ML, DL,
and hybrid methods to analyze breast cancer using ultrasound images.

Table 3. Machine learning, deep learning, and hybrid techniques for breast cancer detection using
ultrasound images.

Reference

ML, DL, Hybrid Algorithms No. of Dataset Images Performance Evaluation

Liu, Y.;; Ren, L.; Cao, X.; Tong,

SVM with edge-based features ACCis 82.69%, 5n is 66.67%,

192 Sp is 93.55%, PPV is 87.5%,
Y. (2020) [100] (SMC, SMCP, and SMCSD) NPV is 80.56%
ACC: VGG16—95%,
VGG19—95.5%,
EfficientNetB3—85.8%; Sn:
VGG16—94.1%,
VGG19—94.06%,
. AT Deep transfer learning (3 EfficientNetB3—86.8%; Sp:
Ametefe, D.5; John, D; Aliv, pre—tll‘:;ined CNNs: VGgG16, VGG16—96.6%, VGG19—9§%,
A.A.; Ametefe, G.D.; Hamid, .. 780 . o . Do
A.; Darboe, T. (2025) [101] VGG19, and EfficientNet) EfficientNetB3—85.3%; Pr:
and U-Net VGG16—96.4%,
VGG19—96.9%,
EfficientNetB3—85.8%;
F1-score: VGG16—95.3%,
VGG19—95.5%,
EfficientNetB3—85.9%
Wang, C.; Guo, Y.; Chen, H,; AUC is 82.6%; ACC is 86.4%;
Guo, Q.; He, H.; Chen, L.; GCN:;??S_ Ir\lliiwork’ 547 Pris 92.6%; Sn is 71.4%; Sp is
Zhang, Q. (2025) [102] 96.2%; F1-score is 80.6%
Kiran, A.; Ramesh, J.V.N.; Hvbrid he
Rahat, I.S.; Khan, M.A.U; _ yore approach: ACC, Pr, recall, and F1-score
. . EfficientNetB3 and k-Nearest 780 o
Hossain, A.; Uddin, R. Neighbors all at 100%
(2024) [103] &
Tian, R,; Lu, G; Tang, S.; Sang,
L.; Ma, H.; Qian, W.; Yang, W. Transfer learning 1050 ACCis 0.964; AUC is 0.981

(2024) [104]

Liu et al. (2020) [100] proposed a novel ultrasound image feature extraction algorithm
that combines edge-based features and morphological feature information. They mainly
learn three features, including the sum of maximum curvature, the sum of maximum
curvature and peak, and the sum of maximum curvature and standard deviation, according
to the shape histogram of ultrasound breast tumors from a local perspective. Based on the
results of the SVM classifier, this study showed a higher classification accuracy (82.69%). As
the authors conclude, the inclusion of morphological features such as roughness, regularity,
aspect ratio, ellipticity, and roundness leads to better recognition performance of the system
compared with the control group, whose input only contained morphological features.
Overall, the results of their research demonstrate the potential of edge-based features to
better describe breast tumors in ultrasound images and to be used in computer-aided
design of breast ultrasound examinations.

Ametefe et al. (2025) [101] explored the integration of deep transfer learning for classi-
fication and U-Net for segmentation to improve breast cancer detection using ultrasound
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imaging. Specifically, the deep transfer learning framework was implemented using the
following pre-trained CNNs, such as VGG16, VGG19, and EfficientNet, as these mod-
els have strong capabilities for extracting the features. Meanwhile, the authors used the
U-Net model to detect tumor boundaries with high spatial accuracy due to its effective-
ness in medical image segmentation. The dataset used to evaluate the model includes
ultrasound images classified as normal, benign, and malignant. According to the study
results, VGG19 performed the best among other CNN models in terms of accuracy (95.5%),
reproducibility (96.9%), specificity (97%), and F1-score (95.5%). U-Net also demonstrated
its effectiveness in segmenting tumor regions across different lesion types. The average
Dice similarity coefficient was 85.97%. Among the limitations, the authors noted high
computational requirements, class imbalance, and insufficient diversity of datasets. Despite
these challenges, the authors argue that Al-based models offer a robust diagnostic pipeline
that improves lesion localization, reduces inter-observer variability, and facilitates clinical
decision making.

Wang et al. (2025) [102] presented the ABUS-Net DL method for breast cancer diagno-
sis. This is a new GCN-based model (graph convolutional network) which uses Automated
Breast Ultrasound (ABUS). Compared to traditional 3D patch-based methods, the ABUS-
Net exploits coronal plane features and models the spatial relations between tumor slices
using a graph-based structure. A multi-scale feature extraction module, which is built on
ResNet50, enriches the tumor representation across different image scales. Analysis on
private and public datasets demonstrated high performance, with accuracy, sensitivity,
and specificity reaching 96.6%, and an F1-score of 94.9%. Thus, this research highlights
the promise of graph-based multi-scale architecture in ABUS image analysis, suggesting
a direction for improving structural modeling and classification accuracy in automated
breast cancer detection.

Kiran et al. (2024) [103] introduced the efficient KNN model, which is considered a new
hybrid DL approach. It integrates the EfficientNetB3 CNN with the k-Nearest Neighbors
(kNN) classifier to enhance breast ultrasound image classification. The model, developed
to detect benign, malignant, and normal cases, uses EfficientNetB3 for feature extraction
and applies PCA for dimensionality reduction, followed by optimized k-NN classification.
Efficient kNN, trained on a curated ultrasound dataset with extensive augmentation and
preprocessing, outperformed traditional models, including VGG16, AlexNet, and VGG19
in diagnostic accuracy, precision, recall, and FI-score up to 100%. The research highlights
the clinical potential of the model. In particular, the study emphasizes its interpretability,
efficiency, and scalability for practical applications in healthcare.

In the study by Tian et al. (2024) [104], a hybrid diagnostic model combining tradi-
tional radiomics and DL was proposed to classify benign and malignant breast tumors
in ultrasound images. The authors extracted radiomics features and deep features from
several pretrained CNN models, including MNASNet, using a dataset of 1050 annotated
cases. In order to improve diagnostic accuracy, they used feature fusion and different ML
classifiers (SVM, XGBoost, LightGBM, etc.). The ensemble approach merging MNASNet
features with radiomics reached a balanced accuracy of 0.964 and an AUC of 0.981. Multi-
center validation, consuming external datasets, showed the generalizability of the model.
The research emphasizes the potential of combining handcrafted and deep features for
reliable, interpretable, and clinically meaningful detection of breast cancer.

In conclusion, the studies reviewed confirm that Al-enabled ultrasound imaging
offers very promising opportunities for accurate, efficient, and interpretable breast cancer
diagnosis. In addition to enhancements of diagnostic accuracy and reduction of human
variability, in the future, these systems will also lay the foundation for smart imaging
platforms tailored for various patient populations and medical settings.
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7.3. Machine Learning, Deep Learning, and Hybrid Algorithms for Breast Cancer Detection
Using Thermograms

Various studies are devoted to the use of thermography for breast cancer detection and
classification. Table 4 presents some publications that used ML, DL, and hybrid methods
for breast cancer detection in the analysis of thermograms.

Table 4. Machine learning, deep learning, and hybrid techniques for breast cancer detection using

thermograms.
Reference ML, DL, Hybrid Algorithms Dataset Performance Evaluation
Ekl(zlz’oséaga[%%?l’ H. CNN Mastology research dataset ACC is 98.95%
de Freitas Barbosa, V.A.;
dl\islgrétégz’ﬁ\f&é'; I? gdrcaclszle.z, DWAN Mastology research dataset Snis 0.95
dos Santos, W.P. (2020) [106]

Cablogl(gbgd") ‘?Tg;?g“l' H. CNN DMR ACC is 94.3%
Sénchez-Ruiz, D.; ROI ACCis90.2%
Olmos-Pineda, I.; ANN Mastology research dataset Sn is 89.34%

Olvera-Loépez, ].A. (2020) [108] Spis 91%
Resmini, R.; da Silva, L.E;
h“ﬁfﬁ;ﬁsa'tiig;A];ag]f’(':‘gi; K-star; SVM DMR ACC is 94.61%; AUC is 94.87%
A. (2021) [109]
. . ACC: CNN is 99.67%; SVM is
Allugunti, V.R. (2022) [110] CNN, SVM, RF 1000 images (from Kaggle) 89.84%; RF is 90.55%
Mohamed, E.A.; Rashed, E.A.; CNN ACC is 99.3%
Gaber, T.; Karam, O. U NET DMR_IR Sn is 100%
(2022) [111] - Sp is 98.67%
ACC is 97%;
Civilibal, S.; Cevik, K.K.; Pris 96.1%;

Bozkurt, A. (2023) [112]

R-CNN with transfer learning 76 images of women

recall is 1.0;
F1-score is 0.98

Ramacharan, S.; Margala, M.;
Shaik, A.; Chakrabarti, P,;
Chakrabarti, T. (2024) [113]

HERA-Net, integrating ACC is 99.86;
VGG19, U-Net, GRU, DMR Sn is 100%;
ResNet-50 Sp is 99.81%

Ekici et al. (2020) [105] reviewed a new method for early detection of breast cancer
using thermal imaging (thermography) combined with CNN. Considering limitations
of traditional mammography, especially for young women with dense breast tissue, the
authors offer a non-invasive, non-contact, and non-radiation method that exploits the
distinct thermal patterns associated with malignant tissues. A CNN model optimized by
Bayesian algorithms was developed in MATLAB and trained on a dataset that included
3895 thermographic images from 140 patients. This model achieved a testing accuracy of
98.95%. The researchers conclude that thermography enhanced by a DL method such as
CNN has great potential in breast cancer screening as a feasible alternative or complement
to mammography.

Cabioglu et al. (2020) [106] investigated CAD techniques for breast cancer detection
based on thermal imaging. A number of CNN architectures have been developed using the
learning transfer method. The results show that models including pre-trained convolutional
layers merged with newly trained fully connected layers provide higher performance
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compared to other arrangements. Specifically, this approach achieved 94.3% accuracy,
94.7% precision, and 93.3% recall.

Sanchez-Ruiz et al. (2020) [108] introduced an entirely automatic approach for region
of interest (ROI) segmentation in thermal breast images and their classification using
artificial neural networks (ANN). The proposed segmentation method integrates color
intensity thresholding, local contrast enhancement, and statistical edge detection to define
appropriate breast regions. The extraction of features is implemented using statistical
features of first and second order from histograms, temperature matrices, and gray-level
co-occurrence matrices (GLCMSs). A genetic algorithm (GA) is used for optimization of the
ANN hyperparameters, improving the classification quality. The system was tested on the
basis of 175 static thermographic images acquired using DMR. The results show average
accuracy of 90.17%, sensitivity of 89.33%, specificity of 91.00%, and best-case accuracy (with
GA and optimized subsets) of 98.33%.

Resmini et al. (2021) [109] presented a hybrid computational approach that combines
dynamic infrared thermography (DIT) and static infrared thermography (SIT), respectively,
for screening and diagnosis of breast cancer. The DIT data and temperature time series from
segmented breast regions are used in the screening phase. It employs k-means clustering,
cluster validity indices (e.g., Strehl index), and, subsequently, classification using the K-Star
algorithm, reaching an average accuracy of 98.57%. The diagnostic phase employs SIT
images in which textural features based on GLCM, LTP, wavelets, and fractal dimensions
are extracted and selected through a genetic algorithm (GA). Classification is performed
using SVM, achieving a diagnostic accuracy of 94.61% and an AUC of 94.87%.

Allugunti (2020) [110] presented a computer-aided design (CAD) system that sorts
breast thermographic images into normal, benign, and malignant classes using an advanced
CNN and compares its performance with SVM and RF classifiers. This approach includes
preprocessing (data augmentation, artifact removal), segmentation (region growing), and
extraction of features, with CNNs performing end-to-end training while ordinary classi-
fiers use only handcrafted features. The model was trained on more than 1000 thermal
images retrieved from Kaggle. It achieved 99.65% classification accuracy with CNNs, out-
performing SVM (89.84%) and RF (90.55%). The study shows a structured pipeline from
input to classification, highlighting the use of thermographic imaging and DL for effective
non-invasive breast cancer diagnosis.

Mohamed (2022) [111] proposed an entirely automatic framework that combines U-
Net and a custom DL model for classifying breast thermal images. The research starts
with segmentation of the breast region from the thermograms by the U-Net to remove
irrelevant regions, including the neck and shoulders, which may serve as noise during
categorization. Afterwards, to differentiate between normal and abnormal breast tissue,
a two-class CNN was trained. The model was assessed on the DMR-IR dataset, which
includes 1000 frontal thermographic images (500 normal, 500 abnormal), and reached
99.33% accuracy, 100% sensitivity, and 98.67% specificity. The framework incorporates
image resizing for computational efficiency, automatic ROI segmentation, and classification
using a nine-layer CNN architecture. The results of comparative analysis, which was
conducted using pre-trained CNN models (e.g., VGG16, ResNet18) and traditional ML
classifiers (e.g., SVM, KNN), demonstrated that the approach shows higher performance
on the selected metrics.

Civilibal (2023) [112] presented a unified structure that employs Mask R-CNN for
simultaneous detection, segmentation, and classification of breast lesions in thermographic
images. Using transfer learning with ResNet-50 and ResNet-101 frameworks pre-trained
on the COCO dataset, this approach processes thermal images by outlining bounding
boxes and generating pixel-level masks to separate normal breast tissue from pathological
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one. The author used a dataset of publicly accessible thermal images collected from 56
women (19 healthy and 37 with tumors). The ResNet-50-based Mask R-CNN reached
higher performance with a classification accuracy of 97.1%, mean average precision (mAP)
of 0.921, and an overlap rate of 86.8% in segmentation on the test data. Generally, the study
shows the effectiveness of a single DL model for end-to-end breast thermogram analysis
across such tasks as detection, segmentation, and classification.

Ramacharan (2024) [113] presented HERA-Net, a hybrid DL-based architecture de-
signed to improve breast cancer diagnosis using both thermographic and ultrasound
imaging. This model integrates VGG19, U-Net, GRU, and ResNet-50, respectively, for deep
feature extraction, segmentation, temporal analysis, and classification. The approach starts
with preprocessing steps that include grayscale conversion, CLAHE, bilateral filtering,
and NLMS filtering for image quality enhancement. The local binary patterns (LBP) and
histogram of oriented gradients (HOG) are used for feature extraction. This is followed
by optimization using recursive feature elimination and cross-validation. The system was
trained and tested on a dataset of 3534 thermographic images from the DMR database and
reached 99.86% accuracy, 100% sensitivity, and 99.81% specificity.

Thus, Al-based thermographic imaging for breast cancer diagnosis has achieved tech-
nical maturity, providing superior diagnostic accuracy (often >97%) and promising the
potential for scalable, real-time, and patient-friendly screening alternatives. Although
further validation on diverse practical datasets is crucial for widespread clinical imple-
mentation, the convergence of thermography and DL represents a promising path toward
earlier, safer, and more accessible breast cancer detection.

7.4. Multimodal Large Language Models, Large Language Models for Breast Cancer Diagnosis

MLLMs are increasingly being explored for breast cancer diagnosis due to their capac-
ity for integration and analysis of various types of data, including genomic data, pathology
reports, clinical notes, and medical imaging such as mammography, ultrasound, and ther-
mography. These models use DL to process and analyze different types of data, improving
diagnostic accuracy and providing a personalized approach. Below is an overview of their
application in breast cancer diagnosis, based on recent studies. The possibility of using
MLLMs for improved image analysis is demonstrated by authors such as Guo et al. and
Rao et al. [114,115].

Guo et al. (2024) [114] proposed KAMnet, which is a novel diagnostic framework
designed to advance the classification of breast cancer through the integration of domain-
specific clinical knowledge into DL. It employs contrast-enhanced ultrasound (CEUS)
and B-mode ultrasound (B-US) videos, using temporal attention and feature fusion to
increase diagnostic precision. There are three forms of prior knowledge, such as temporal
attention, spatial focus, and multimodal interaction, incorporated by KAMnet through four
integration strategies at the data, network, decision, and training levels. These strategies
include Gaussian-based keyframe sampling, a feature fusion network, joint classification
inference, and a spatial attention-guided loss function using empirical activation matrices
(EAMs). The KAMnet achieved a sensitivity of 90.91%, an accuracy of 88.24%, and an
AUC of 0.943 during the evaluation on a custom BCUMYV dataset with 332 cases. The
research highlights the value of incorporating clinical knowledge into neural architectures
to advance diagnostic interpretation and performance, and recognizes the need for larger
multi-center datasets and integration of additional clinical variables in future studies.

The study of Rao et al. (2023) [115] explored the potential of LLMs, specifically
ChatGPT-3.5 and GPT-4, as medical decision support approaches for radiologic evaluations
associated with BC screening and breast pain. The GPT-4 has achieved 98.4% and 77.7%
accuracy on breast cancer screening SATA prompts and on breast pain, respectively. In
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comparison to GPT-4, GPT-3.5 demonstrated 88.9% and 58.3% accuracy on the same
indicators, respectively. In particular, GPT-4 demonstrated higher clinical utility and
restraint. Sometimes it recommends against imaging when not indicated. The results of
the study highlight the growing potential of GPT-4 as an aid in decision-making processes
in radiology imaging studies, although limitations such as hallucinations, lack of source
attribution, and model opacity remain.

LLMs can be used to integrate clinical data by processing unstructured data from
electronic health records (EHRs), pathology reports, and clinical notes to extract relevant
information such as biomarkers or patient history. Models such as ChatGPT-4 and Gemini
can provide some insights by combining genetic data, biomarkers, and patient history to
recommend personalized diagnostic protocols [116-119].

Sorin et al. (2023) [118] examined the feasibility and performance of ChatGPT-3.5 as
a clinical decision support approach in a multidisciplinary breast tumor board. Clinical
descriptions of ten consecutive breast cancer patients were entered into the model, and
ChatGPT treatment recommendations were compared with actual tumor board decisions.
Chatbot responses were independently assessed by two senior radiologists across three
criteria: summary, clinical recommendations, and explanation. ChatGPT recommendations
agreed with tumor board recommendations in 70% of cases. Although summary and
explanation achieved high agreement scores, clinical recommendations received slightly
lower scores. This highlights the complexity of nuanced decision making. The research
also identified important limitations specifically related to ChatGPT’s occasional omission
of critical clinical details (e.g., HER2 status) and lack of reference to radiologists in team
recommendations. There are also general limitations of LLMs regarding the potential for
hallucination, data bias, and cybersecurity risks.

The study by Fatima-Zahrae Nakach et al. (2024) [119] offered a systematic literature
review of 47 major studies published between 2018 and 2023. It examines the application of
multimodal DL fusion methods to improve breast cancer classification by integrating differ-
ent types of data, including radiological images, clinical records, and genomic information.
It is highlighted that multimodal methods significantly improve prognostic performance
compared to unimodal models, with most studies reporting accuracy above 80%. The au-
thors recommended future research to expand ensemble learning, incorporate underused
modalities, explore co-learning and translation-based fusion, and improve explainable Al
(XAI) strategies to support clinical applicability.

An alternative method for using LLMs is answering guideline-based questions and
assisting in clinical decision making by summarizing scientific literature and medical
care guidelines.

For instance, Haver et al. (2023) [120] assessed the reliability and clinical validity
of ChatGPT’s answers to common patient questions about breast cancer prevention and
screening. They submitted to ChatGPT a set of 25 questions derived from expert clinical
experience and BI-RADS guidelines three times. Then the answers were evaluated by three
board-certified breast radiologists. ChatGPT’s responses were found to be appropriate in
88% of cases, unreliable in 8%, and inappropriate in 4%. Although the model performed
well in providing general information on BI-RADS screening and interpretation, inconsis-
tencies and outdated recommendations in some responses highlighted the need for human
review. The authors conclude that ChatGPT may improve patient education; however, it
highlights limitations in consistency, sensitivity of prompts, and adherence that need to be
addressed before clinical implementation.

Inconsistent accuracy can be highlighted among the challenges and limitations of
multimodal LLMs [64,121-124] as performance differs across modalities and tasks. For
instance, GPT-4V demonstrated 35.2% accuracy in identifying pathologies for ultrasound
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images in comparison to 66.7% on X-rays. The next limitation is data sensitivity and bias,
as LLMs trained on biased or limited datasets may perpetuate healthcare inequalities,
necessitating careful data curation. Ethical and regulatory concerns are the third limitation,
whereas issues such as accountability, data privacy, and lack of standardized protocols
limit clinical adoption. Finally, the sensitivity of prompts is also challenged as LLM
performance depends on query formulation, and they may miss critical clinical details,
requiring human supervision.

Future research should be focused on better integration of imaging, genomics, and
clinical data to improve diagnostic accuracy. Additionally, LLM-specific reporting stan-
dards should be developed to ensure data comparability and reliability in clinical settings.
Additionally, interpretability should be improved through methods such as human-in-the-
loop validation to align model output with medical knowledge. Finally, oncology-specific
adaptations of SLMs or domain-specific LLMs (e.g., Med-PaLM M) should be developed to
address data safety and explainability issues.

In summary, multimodal LLMs have transformative potential in breast cancer diag-
nostics by integrating multiple data sources, improving early detection, and supporting
personalized care. However, their limitations, like inconsistent accuracy, ethical concerns,
and the need for validation, highlight the importance of careful integration under radiolo-
gist supervision. Continued improvements in model design, data quality, and regulatory
frameworks will be critical to their reliability in practical use.

8. Discussion

Relatively recent advances in imaging-based medical diagnostics have significantly
changed the approach to breast cancer diagnosis, especially through imaging modalities
such as mammography, ultrasound, and thermography. This study provides a varied per-
spective on technological progress and clinical applicability by analyzing both traditional
ML and DL approaches, as well as emerging directions in explainable AI (XAI) and LLMs.

Recent research on the application of Al to medical imaging, particularly when com-
bined with DL techniques, has shown remarkable potential for automating and enhancing
critical tasks such as breast cancer detection, segmentation, and classification. Studies
employing traditional ML, DL, or hybrid algorithms have reported high performance
levels, often exceeding 95%, indicating that Al technologies are approaching readiness for
integration into clinical workflows. However, several methodological, practical, and infras-
tructural challenges remain, and addressing these issues is essential for the widespread
adoption of Al in clinical settings.

In this review, we examine three types of medical imaging, mammography, ultrasound,
and thermography, and analyze recent studies that combine these modalities with Al
methods. Mammography remains the most widely used and extensively studied imaging
modality for breast cancer detection. The availability of large, publicly accessible datasets
such as MIAS, DDSM, INbreast, and CBIS-DDSM has facilitated the development and
benchmarking of ML and DL algorithms. In mammography, Al models have evolved
from traditional classifiers to advanced, highly integrated systems incorporating multi-
scale learning, transformer architectures, and ensemble algorithms. Numerous studies
report sensitivity and specificity exceeding 90%, with DL models (particularly CNN)
outperforming traditional feature-based classifiers. In addition, a notable example is
the large-scale MASAI study [91], which empirically demonstrates the benefits of these
advances, including higher cancer detection rates and reductions in both false positives
and false negatives.

Ultrasound-based studies have employed pre-trained DNN (e.g., EfficientNet, VGG19),
often in combination with radiomics and network-based segmentation, achieving high
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sensitivity and specificity even in cases of dense breast tissue [100-105]. Multiple stud-
ies, including those by Shao et al. [38] and Zanello et al. [40], demonstrated improved
cancer detection rates when ultrasound is combined with mammography. For example,
Shao et al. showed a sensitivity improvement of 12% and an additional 1.9-3.5 cancers
detected per 1000 women in dense breast populations. Al models applied to ultrasound
data have achieved high accuracy, with some studies reporting sensitivity close to 100%.
Algorithms such as CNNs, random forests, and SVMs have been employed for lesion
classification, while segmentation tasks are frequently addressed using U-Net or Mask
R-CNN architectures.

Thermography provides a non-invasive, radiation-free, and low-cost imaging alter-
native, making it particularly attractive for use in remote or resource-constrained regions.
Its ability to detect physiological changes, such as increased vascularity and heat emission
associated with tumor growth, offers a complementary perspective to anatomical imaging.
It, though historically underutilized, has gained renewed interest due to its compatibility
with DL classifiers. End-to-end thermogram-based systems such as Mask R-CNN and
HERA-Net have achieved diagnostic accuracies exceeding 97%, particularly when incorpo-
rating dynamic thermograms or hybrid feature extraction algorithms [106-114]. Although
improvements in image processing and the application of DL models have enhanced
performance, thermography is not yet widely adopted as a standalone diagnostic tool.

Traditional ML techniques such as LR, SVMs, RF, and XGBoost have been used for
feature selection, predictive modeling, and classification tasks. These approaches heavily
rely on handcrafted features, which limit generalizability but allow transparency and
interpretability. DL methods, particularly CNNs, have revolutionized medical image
analysis by eliminating the need for manual feature engineering. Studies applying CNNs to
mammograms and ultrasounds consistently demonstrate superior performance compared
to traditional methods, particularly in detecting subtle features and complex patterns.
Hybrid approaches, integrating DL with optimization algorithms or ensemble ML methods,
have further improved robustness and diagnostic accuracy.

While some studies in this review employ legacy architectures such as VGGNet, par-
ticularly in recent works that use them as baseline models, it is important to note that
the current state-of-the-art in medical imaging has advanced toward more powerful and
efficient architectures. Recent approaches leverage Vision Transformers (ViT), Swin Trans-
formers, EfficientNetV2, ConvNeXt, and foundation models like SAM (Segment Anything
Model), which demonstrate superior performance in segmentation, classification, and
generalization. These models provide better accuracy, faster convergence, and adaptability
across imaging modalities. Highlighting this evolution is essential for directing future
research toward more impactful Al solutions in clinical practice.

Despite the high performance of traditional ML or DL models, or their hybrid algo-
rithms, there are certain limitations that prevent Al from being used in clinical practice. The
most significant of these is the dependence of model performance on large, high-quality
labeled databases, which is problematic in medical imaging due to the lack of stored data
and the privacy of patient data. DL models require large amounts of labeled data to pro-
duce reliable results, but many of the studies cited were based on small or homogeneous
prepared datasets. This deficiency of data not only produces the risk of overfitting but also
bounds the generalizability of the obtained results.

As Al models become increasingly accurate, their interpretability has emerged as a
central concern for clinical adoption. XAl tools such as Grad-CAM, LRP, LIME, and SHAP
provide visual or feature-level explanations of predictions. In breast imaging, heatmaps
highlighting suspicious regions align with radiological practice, but issues such as saliency
map instability and variability across models raise questions about reliability. For clinicians,
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explanations are essential not only to validate Al outputs but also to detect biases or
errors in the training data. Without interpretability, even highly accurate models may
face resistance in regulated clinical environments where transparency and accountability
are mandatory.

Another noteworthy drawback is the lack of standardized benchmarks and evaluation
protocols. This limitation hinders the comparison and reproducibility of results across
studies, ultimately restricting the generalization of findings. The limited methodological
flexibility contributes to this issue, as models are often developed using narrow datasets
without the necessary K-fold validation on external or collaborative cohorts.

In addition to the abovementioned limitations, supervised learning methods excel in
most current studies, highlighting a gap in the methodology of Al methods. Such methods
produce high model performance when large amounts of categorized data are available,
but their performance declines when data is limited. Unsupervised and semi-supervised
learning methods, as well as reinforcement learning paradigms, remain insufficiently
exploited. These substitute learning methods can be of great value in developing Al models
that are more adaptive, perform well when limited data are available, and can learn under
feeble supervision. Regarding data availability, we should mention the diversity in terms
of scanner types, lighting environments, image resolutions, and anatomical presentation.
All these lead to inconsistency of the data and make Al models highly adaptive to the
input data.

In summary, although Al-enabled imaging systems across all three modalities demon-
strate high diagnostic potential, significant drawbacks limit Al methods for clinical applica-
tion. These include an insufficient number of datasets, lack of standardized protocols for
evaluating Al system performance, insufficient use of advanced learning paradigms, and
lack of homogeneity of image variability. Forthcoming studies should prioritize the creation
of multicenter, high-quality datasets; investigation of hybrid and unsupervised learning
methods; and development of understandable, adaptive Al systems that can share data
across modalities and settings. Ultimately, advances in breast cancer diagnostic research
will not only rely on algorithmic innovations but also on the careful implementation of
these systems within the complex ecosystem of modern medical practice.

9. Conclusions

This study reviews recent advances in breast cancer detection and classification using
Al techniques applied to mammography, ultrasound, and thermography. Each modality
offers distinct advantages: mammography remains the cornerstone of screening with ex-
tensive datasets and proven efficacy for early detection; ultrasound is particularly valuable
for younger women and those with dense breast tissue; and thermography provides a
non-invasive, radiation-free, and cost-effective adjunct that may improve access in resource-
limited regions. Traditional ML methods have contributed significantly to tasks such as
feature extraction, classification, and predictive modeling. Al models—particularly CNNs
and hybrid algorithms—have markedly enhanced diagnostic accuracy and efficiency across
these imaging modalities. The integration of explainable AI (XAI) improves interpretabil-
ity and fosters clinical trust, while the emergence of LLMs such as GPT-4, Gemini, and
LLaMA opens new opportunities for early detection, patient engagement, and decision
support. Although several Al systems for breast cancer diagnosis—such as Transpara,
ProFound Al, and Lunit INSIGHT—are already in clinical use and have demonstrated
improvements in detection accuracy and workflow efficiency, they often remain limited to
specific imaging modalities and face challenges related to transparency, interpretability, and
integration across diverse healthcare settings. In addition, challenges remain in terms of
dataset availability and diversity, model generalizability, reproducibility, and clinical inte-
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gration. Explainable AI (XAl) is critical to enhance transparency and trust, yet current tools
face limitations such as saliency instability. Looking ahead, LLMs and multimodal LLMs
hold promises for integrating imaging data with clinical narratives and medical records,
but issues of hallucination, governance, and auditability must be addressed. Although
challenges remain regarding data quality, generalizability, and model transparency, these
technologies demonstrate significant potential. Translating these advances into routine
clinical practice requires not only technical improvements but also rigorous validation,
ethical oversight, and collaboration between clinicians and researchers. Thus, ongoing
research is crucial to ensure their ethical, explainable, and clinically effective adoption in
real-world breast cancer diagnostics.
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