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Abstract

The number one cause of cancer in women worldwide is breast cancer. Over the last three decades, the use
of traditional screen-film mammography has increased, but in recent years, digital mammography and 3D
tomosynthesis have become standard procedures for breast cancer screening. With the advancement of
technology, the interpretation of images using automated algorithms has become a subject of interest.
Initially, computer-aided detection (CAD) was introduced; however, it did not show any long-term benefit in
clinical practice. With recent advances in artificial intelligence (AI) methods, these technologies are
showing promising potential for more accurate and efficient automated breast cancer detection and
treatment. While AI promises widespread integration in breast cancer detection and treatment, challenges
such as data quality, regulatory, ethical implications, and algorithm validation are crucial. Addressing these
is essential for fully realizing AI's potential in enhancing early diagnosis and improving patient outcomes in
breast cancer management. In this review article, we aim to provide an overview of the latest developments
and applications of Al in breast cancer screening and treatment. While the existing literature primarily
consists of retrospective studies, ongoing and future prospective research is poised to offer deeper insights.
Artificial intelligence is on the verge of widespread integration into breast cancer detection and treatment,
holding the potential to enhance early diagnosis and improve patient outcomes.

Categories: Public Health, Internal Medicine, Oncology
Keywords: digital breast tomosynthesis, computer-aided detections, artificial intelligence (ai), mammography, 3d
tomosynthesis

Introduction And Background
Breast cancer detection and diagnosis

Breast cancer stands as a significant global health issue, ranking as the most prevalent malignancy among
women worldwide and claiming the second spot of death in the United States [1,2]. Approximately half a
million women die every year due to breast cancer. In 2020, there were 2.3 million women diagnosed with
breast cancer and 685,000 deaths globally [3]. Over the last three decades, multiple randomized clinical trials
have supported the idea of breast cancer screening being done with mammography [4,5]. The prevalence of
breast cancer in the screening population is <1%. Screening mammography has a sensitivity of over 85% and
a specificity of 90% [6]. Despite advancements that have led to a 20%-40% reduction in mortality rates,
breast cancer remains the foremost cause of female cancer-related deaths worldwide.

Various countries have adopted different approaches to breast cancer screening using mammography. In the
United States, women can either initiate the screening process themselves or be referred by their healthcare
providers to specialized breast screening centers. These centers, often institution-based, have developed
their unique protocols and regulations for interpreting mammography images. Some centers provide
immediate image readings while the patient waits, while others perform readings a day or two after image
acquisition. If a suspicious lesion is identified during these readings, further investigations are initiated.

In contrast, many European screening centers employ a distinctive practice where cases are independently
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assessed by two radiologists or graders. In cases where these two professionals disagree on their
interpretations, they engage in discussions to reach a consensus. Alternatively, they may consult a senior
radiologist or reader to provide the final interpretation, which is binding. This collaborative approach has
demonstrated improvements in the detection of breast cancer [7, 8].

Current screening methods' existing challenges and restrictions emphasize the immediate requirement for
creative solutions. This necessity is where artificial intelligence (AI) emerges as a significant factor,
potentially transforming breast cancer detection and diagnosis. Artificial intelligence, specifically utilizing
deep learning and convolutional neural networks, has demonstrated the potential to improve the precision
and speed of breast cancer screening. Its ability to analyze extensive and intricate datasets surpasses human
abilities, potentially recognizing subtle patterns that suggest early-stage cancer and might otherwise go
unnoticed by human observers. However, the integration of Al into clinical practice is not without
challenges. One of the primary concerns is the need for standardized reporting algorithms for AI-generated
information [9].

The current Al landscape in radiology features many systems and approaches, each with its unique
methodology and output. While a testament to the field's innovation, this diversity poses significant
challenges in clinical integration. There is a critical need for standardization in how Al systems process data
and report findings to ensure consistency, reliability, and interpretability across different platforms and
clinical settings. Furthermore, the involvement of Al in the identification of breast cancer goes beyond the
mere examination of images. It also encompasses the management of patients, as Al can assist in
forecasting the development of the illness and tailoring individualized care strategies. Hence, integrating Al
into the diagnosis and treatment of breast cancer requires a comprehensive approach that considers not only
advancements in technology but also ethical, legal, and practical considerations in the healthcare field.

Review
Methodology

This systematic review adhered to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) statement and followed standard practices in the field. A comprehensive search was conducted
across the Medical Literature Analysis and Retrieval System Online (MEDLINE) bibliographic database,
PubMed, Google Scholar, Cumulative Index to Nursing and Allied Health Literature (CINAHL), and Scopus
from January 1, 2000, to December 1, 2023. Two researchers independently conducted the literature search
and assessed the eligibility of the identified papers based on their titles and abstracts. Subsequently, the full
texts of potentially relevant publications were retrieved and evaluated for inclusion. Any disagreements
among the researchers were resolved through discussion and consensus. Following this, two independent
reviewers extracted and verified the data. A narrative synthesis approach was employed to analyze the
findings, involving the summarization and presentation of the included research results in a logical and
comprehensible manner.

The initial search yielded 108 potentially relevant studies. After removing duplicates and screening titles,
abstracts, and full texts, the eligibility of 56 full-text publications was assessed, as depicted in Figure 1.
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FIGURE 1: A PRISMA flow diagram outlining the study selection process

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses

Modalities of breast imaging
Digital Mammography

Mammography involves capturing a single, two-dimensional image of the breast. Before the 21st century,
breast cancer screening images were obtained using film-screen mammography. However, the advent of
digital mammography in clinical practice replaced film with a digital X-ray detector. This transition allowed
radiologists the convenience of adjusting window leveling and magnification digitally, eliminating the need
for magnifying glasses and significantly enhancing cancer detection accuracy. Moreover, digital
mammography has demonstrated superior performance in breast cancer screening among specific
demographic groups [10,11].

The image acquisition protocol for digital mammography typically includes obtaining two views of each
breast: the cranio-caudal and the medio-lateral oblique views. This standardized imaging protocol helps
minimize the chances of normal tissue overlapping malignant tissue, thus enabling radiologists to effectively
detect lesions. Essentially, radiologists review both views simultaneously to ascertain whether a potential
lesion identified in one view correlates with findings in the other view or if it can be dismissed as a random
tissue superposition.

While reading digital mammograms for breast cancer screening purposes, the radiologist reports
calcifications, mass, asymmetry, focal asymmetry, architectural distortion, and associated features [11]. In
clinical practice, one of the most important biomarkers while interpreting mammograms is the detection of
any change from a previous image. Therefore, during readings, the comparison of current images to prior
studies is very critical. This improves sensitivity and specificity [12-16]. However, there have been a few
studies where the review of prior images has shown no significant change in the outcome of breast cancer
screening [12-16]. Thus, in our opinion, any deep learning algorithm for breast cancer screening should be
able to assist a radiologist in determining a suspicious lesion, whether prior images are present or not.

Digital Breast Tomosynthesis (DBT)

The introduction of DBT came about in February 2011 [17]. Digital breast tomosynthesis is a pseudo-3D
imaging tool that allows the radiologist to navigate the breast tissue in thin slice reconstructed images and
provides significant gains in the detection of masses and architectural distortion, which a 2D digital
mammography may not be able to show [18]. Hence, DBT has the potential to improve both sensitivity and
specificity of breast cancer screening by reducing patient anxiety, money, and time of being called back
compared to using digital mammography, which has moderate sensitivity (67.3% to 93.3%) [19-25].

Although using both imaging algorithms would be advantageous in increasing the sensitivity of breast
cancer detection and reducing the number of false positives, it would also increase the dose of radiation the
breast receives. Skaane et al. performed a digital mammography plus DBT protocol in their study; the
radiation dose level for the combined examination was set below limits approved by the U.S. Food and Drug
Administration (FDA) [21], thus constituting an adequate risk level for patient safety.
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More importantly, one major drawback from a reader’s perspective is the increase in interpretation time it
takes compared to digital mammography alone or combined. It has been reported multiple times that DBT
takes twice the time required for reading a digital mammogram. Skaane et al. demonstrated the mean
interpretation time as 45 seconds for mammography alone and 91 seconds for mammography plus DBT [21].
Additionally, two retrospective studies by Good et al. and Gur et al. showed the time to interpret
examinations using DBT alone or full-field digital mammography plus DBT combined was longer than when
interpreting mammography [26, 27]. However, many breast screening centers have incorporated the use of
DBT into routine screening protocols, even if optimization of interpretation efficiency is still needed.

Recently, some Al tools have been developed to reduce reading time while maintaining reader performance
[28, 29]. The tools try to ease lesion detection throughout the DBT slice stack, so the radiologist will only
look at those slices that the Al points out.

The rise of deep learning convolutional neural networks

Over the years, computer-aided detection (CAD) systems have been used. Initially, CAD showed promising
results; however, over time, it was shown that it has adversely affected radiologists’ performance, increasing
the rate of recalls without improving the detection rate of breast cancers. Several studies have reported that
CAD does not improve the diagnostic accuracy of mammography [30, 31].

Convolutional neural networks are a special type of machine learning architecture that has characteristic
layers set up in a kernel. Compared to classic CAD, in convolutional neural networks, the determination of
what image features are indicative of a lesion being present is achieved by the algorithm itself during its
training process. Whereas in CAD, it is the input of the programmer. Thus, the program is not taught what
breast cancer looks like, but it teaches itself what it looks like. The training is done by providing the model
with many examples of images with and without cancer present. As the images are fed, the deep learning
network adjusts the internal parameters to minimize the difference between the calculated outputs and the
actual image.

Artificial Intelligence Algorithms Used in Breast Cancer Detection

Convolutional algorithms for breast cancer screening need to search for both soft tissue lesions and
calcifications. The algorithm for breast cancer screening has to be trained differently than regular
convolution algorithms. Multiple studies were done to compare them with traditional CAD, showing an
increase in sensitivity of 83.2%-89.3% and 85.2%-93.0% for suspicious and malignant lesions, respectively
[32].

Initially, at the time of introduction, the convolutional algorithm was trained separately on two different
datasets (soft tissue lesions and calcifications), and later on, it was combined. This was clearly seen in the
study by Lotter et al., where they presented a multi-scale convolutional neural network scanning window
scheme with a lesion-specific curriculum learning strategy that showed promising results [33]. They
demonstrated that their approach effectively handles the “needle in a haystack” nature of full-image
mammogram classification, achieving 0.92 area under the receiver operating characteristic (AUROC) curve
on the digital database for screening mammography dataset. On the other hand, there have been algorithms
that use one-image-level supervision and are trained by weak supervision. Eun-Kyung et al. used this
approach and found a sensitivity of 76.1% and a specificity of 88.5% for both screening and diagnostic
mammograms [34].

Algorithms operating at the pixel or patch level often necessitate outlining the location of malignant lesions,
with one common method being transfer learning. Transfer learning involves training the entire network
but initializing the weights from pre-trained weights on other datasets for the new system, as demonstrated
in the study by Samala et al. [35]. They applied knowledge gleaned from non-medical images to medical
diagnostic tasks through supervised training, enhancing the algorithm's capabilities by concurrently
learning other tasks. The study concluded that multi-task transfer learning could be an effective approach
for training deep convolutional neural networks in medical imaging applications, especially when training
samples from a single modality are limited. Additionally, Becker et al. utilized multi-purpose image analysis
software originally intended for industrial use, training the algorithm to detect cancer in mammograms
using two datasets [36]. Their results revealed that the AUROC curve of the trained neural network was 0.81,
comparable to 0.79 in the test cases (p = 0.63). While one radiologist exhibited nearly equal performance
(0.83, p =0.17), two radiologists showed significantly better performance (0.91 and 0.94, p < 0.016).
Furthermore, the neural network's performance (0.82) did not significantly differ from human performance
(0.77-0.87, p > 0.016). However, radiologists consistently demonstrated lower sensitivity and higher
specificity compared to the neural network, indicating the network's ability to detect cancer in
mammograms with accuracy comparable to radiologists, especially in scenarios of low breast cancer
prevalence.

More recent algorithms have been proposed where analysis is done across the two breasts and the inclusion
of prior exams. Kooi and Karssemeijer employed a simple linear mapping technique that takes the location
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of a mass and maps it to either the contralateral or to a prior mammogram [37]. As mentioned above, even
though the use of temporal comparison is emphasized in clinical practice, it has been shown in a few studies
to not change patient care [13-16]. Thus, further work is needed to determine if having an algorithm that
performs temporal comparison will have clinical significance. It may very well be that future algorithms are
able to detect some biomarkers that the human eye is not able to detect from prior images.

Clinical implementation of deep learning

Presently, multiple companies are offering FDA-approved commercial Al applications, with some nearing
the final stages of market readiness. Lotter et al. devised a deep learning approach that underwent
progressive training stages while retaining interpretability based on localization [38]. In their reader study,
the system surpassed five out of five breast radiologists in performance. Additionally, Rodriguez-Ruiz et al.
compared the breast cancer detection capabilities of radiologists reading mammograms unaided versus with
Al assistance [39]. Their findings revealed that radiologists enhanced their cancer detection rates when
supported by an Al system during mammography readings without necessitating extra reading time. Both
sensitivity and specificity showed improvements with Al support, while the overall reading time for the
entire dataset remained similar. Consequently, Al algorithms hold the potential for parallel use during
readings, enabling radiologists to allocate more time to complex cases.

The ideal algorithm

In light of the low prevalence of breast cancer in screening populations, we advocate for an optimal Al
algorithm capable of operating with high sensitivity, thereby yielding a high negative predictive value. This
approach enables screening radiologists to allocate more time to suspicious cases, potentially mitigating the
shortages faced by some countries in radiologist staffing. The primary aim of the Al algorithm is to enhance
patient care by improving real-time breast cancer detection and addressing cases currently overlooked by
radiologists. Notably, Rodriguez-Ruiz et al. investigated the feasibility of automatically identifying normal
mammography exams using Al to reduce the workload of breast cancer screening readings. They
demonstrated the potential for a significant reduction in workload through automatic exam preselection
using AL. However, a significant drawback of preselection strategies arises when radiologists interpret cases,
as they are aware that the Al flagged the case due to suspicions. While incorporating Al into breast cancer
screening holds promise for improving early detection and alleviating radiologist shortages, challenges such
as potential bias and its impact on radiologists' performance must be addressed. Future research and
collaboration are essential to strike the right balance between Al assistance and human expertise in this
critical medical domain [40].

Use of Al in the management and treatment of breast cancer

Surgical Management

The wide range of applications of Al in breast surgery offers significant potential, prompting surgeons to
remain updated on advancements to enhance their clinical methods, thereby enhancing patient results.
Artificial intelligence tools like chatbots have shown convincing results in pre-, intra-, and postoperative
breast reconstruction. The integration of Al in these operations could play a crucial role in the
comprehensive approach to treating breast cancer, focusing on restoring a patient's body image and
improving quality of life post-surgeries like mastectomy and lumpectomy. Artificial intelligence's potential
in breast cancer screening can significantly reduce both error rates and physician workload. Artificial
intelligence assists in evaluating factors like breast volume and shape, aids in reconstructive surgery
planning, and can simulate cosmetic outcomes preoperatively, offering insights into potential results. While
intraoperative Al assistance has not been extensively explored in breast reconstruction, Al aids
postoperative care through early complication detection, predicting complications, and assessing
postoperative pain. In a retrospective study conducted by Zhu et al., the multifactor AI model developed by
their team showed remarkable effectiveness in identifying axillary lymph node metastasis, marking a
breakthrough in surgical research [41]. Notably, the study introduced an Al-supported surgical approach that
significantly enhanced the model's accuracy compared to the conventional sentinel lymph node biopsy
method alone. This suggests that employing Al in surgical decision-making regarding the axilla could be a
valuable and efficient strategy for breast cancer cases post-chemotherapy [42]. The present focus must be on
the amalgamation of Al in preoperative planning, analyzing patient-specific data for surgical approaches,
guiding real-time imaging for precise tumor resections, and monitoring postoperative stages for early
complication detection and improved standards of care [43].

Radiation Oncology

Artificial intelligence can support radiation oncologists by aiding in the preparation of radiation therapy
delivery, leveraging data from various sources like images, treatment algorithms, and dose-volume
parameters, thereby enhancing this crucial aspect of breast cancer treatment. As mentioned above, Al
algorithms aid in interpreting mammograms, thereby offering improved accuracy in identifying lesions.
Furthermore, Al can also help in predicting treatment responses, assisting clinicians in devising
personalized therapy plans based on individual patient characteristics and tumor behavior. Artificial

2024 Rentiya et al. Cureus 16(4): €57619. DOI 10.7759/cureus.57619 50f 11


javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)

Cureus

Studies
Ghoncheh et al. [1]
DeSantis et al. [2]

Independent UK Panel on
Breast Cancer Screening
(3]

Tabar et al. [5]

Insights from the breast cancer screening trials: how screening affects the natural history of breast
cancer and implications

intelligence has proven its worth by automating the outlining of organs crucial for treatment and defining
target volumes. Additionally, it aids in automatically planning the distribution of radiation doses, resulting
in time savings, enhanced consistency, and better parameters for dose volumes. The next phase involves
integrating dose and outcome data to refine dose distributions. This aims to achieve optimal coverage of
high-risk areas while limiting doses to low-risk areas by tailoring radiation doses based on spatial
adjustments. This approach allows for the creation of a flexible range of volumes and doses, minimizing
radiation exposure to organs considered at risk. To accomplish this, various patient, tumor, and treatment
factors need to be combined with databases containing dose distributions and outcomes [44]. A study
conducted by Velzen et al. highlighted the utility of an Al-based radiation dose quantification model that
automatically segments cardiac structures, providing accurate localized dose estimations and offering
significant potential to prevent radiation-induced cardiac damage in breast cancer patients. Computed
tomography scans and radiation data from over 5,000 patients were analyzed to study the impact of
radiation on heart disease in breast cancer patients. Higher radiation doses to cardiac structures are
correlated with increased heart disease risk, especially in patients with existing coronary artery calcification,
though no direct interaction between calcification and radiation dose was found [45]. Therefore, Al has the
potential to supplement the prevailing use of CT in data management and analysis.

Medical Oncology

A study by Dodington et al. utilized Al to analyze nuclear features in breast cancer biopsies to predict
response to neoadjuvant chemotherapy. Generally, in breast cancer treatment, neoadjuvant chemotherapy
is administered before surgery to shrink tumors. Predicting a patient's response to this treatment is crucial,
as it helps doctors personalize therapy and improve outcomes. The findings highlighted specific nuclear
characteristics that, when analyzed through digital pathology, significantly enhanced the prediction of
pathological response to neoadjuvant chemotherapy, potentially aiding in treatment planning for the same
[46]. In a study conducted by Wan et al., a novel Al-driven model involving genes successfully predicted both
the effectiveness of chemotherapy and the crucial role of the cdkn2a/magea4 pathway [45]. It explored the
prognosis of how changes in cdkn2a might affect resistance to chemotherapy, particularly in relation to the
MAGE-A family. Using an Al-constructed pan-cancer risk model, it aimed to understand how these genes
interact across different cancers, potentially shedding light on the mechanisms behind treatment resistance
[47]. Hence, the integration of AI-driven analyses of nuclear features and genetic pathways presents
promising avenues for better treatment strategies in breast cancer patients undergoing chemotherapy.

Current limitations and the future of mammography and Al

While digital mammography has been advantageous in the realm of breast cancer screening, there are
limitations to its use. These include overdiagnosis, overtreatment, and false-positive rates with associated
psychological impact and unnecessary costs and biopsies [48-51]. Additionally, difficult interpretations of
mammograms are subjective and based on the experience of the radiologist. Thus, it is difficult at times to
interpret and prone to error depending on the heterogeneous breast cancer presentation and density. Given
these limitations of digital mammography, we hope that Al algorithms can be used to minimize the
variables prospectively.

Another potential area of interest for Al development in breast cancer detection that needs further work is
mammographic risk assessment metrics. The most common ones that are used are based on Wolfe, Boyd,
Tabdr, and the Breast Imaging Reporting and Data System (BI-RADS) [52-54]. Boyd’s measures the
percentage area of dense breast tissue. Whereas Wolfe, BI-RADS, and Tabar all include patterns and texture
information. To our knowledge, there is currently minimal literature on this area of Al development, which
could potentially serve as a beneficial aid to radiologists in breast cancer screening. Chunyan et al.
demonstrated that the Al system can effectively assist mid-level radiologists in reducing unnecessary
follow-ups of mammographically indeterminate breast lesions and reducing the benign biopsy rate without
missing highly malignant tumors in BI-RADS 0 scans [55].

A summary of studies on AI applications in breast cancer screening, diagnosis, and treatment is presented
in Table 1.

Title Year
Incidence and mortality and epidemiology of breast cancer in the world 2016
Breast cancer statistics, 2017, racial disparity in mortality by state 2017
The benefits and harms of breast cancer screening: an independent review 2012

2014
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Zeeshan et al. [6]

Healy et al. [7]

Posso et al. [8]

Séradour et al. [10]

Pisano et al. [11]

Sumkin et al. [13]

Thurfjell et al. [14]

Roelofs et al. [15]

Varela et al. [16]

Destounis et al. [17]

Durand et al. [18]

Zackrisson et al. [19]

Hofvind et al. [20]

Skaane et al. [21]

Gilbert et al. [22]

Ciatto et al. [23]

Bernardi et al. [24]

Lang et al. [25]

Good et al. [26]

Gur et al. [27]

Conant et al. [28]

Benedikt et al. [29]

Lehman et al. [30]

Fenton et al. [31]

Sechopoulos et al. [32]

Lotter W et al [33]

Kim et al. [34]

Samala et al. [35]

Diagnostic accuracy of digital mammography in the detection of breast cancer

Consensus review of discordant imaging findings after the introduction of digital screening
mammography

Effectiveness and cost-effectiveness of double reading in digital mammography screening: a
systematic review and meta-analysis

Comparison of direct digital mammography, computed radiography, and film-screen in the French
national breast cancer screening

Digital Mammographic Imaging Screening Trial (DMIST) investigators group

Optimal reference mammography: a comparison of mammograms obtained 1 and 2 years before the
present examination

Effect on sensitivity and specificity of mammography screening with or without comparison of old
mammograms

Importance of comparison of current and prior mammograms in breast cancer screening
Use of prior mammograms in the classification of benign and malignant masses

Initial experience with combination digital breast tomosynthesis plus full field digital mammography or
full field digital mammography alone in the screening environment

Tomosynthesis-detected architectural distortion: management algorithm with radiologic-pathologic
correlation

One-view breast tomosynthesis versus two-view mammography in the Malmo Breast Tomosynthesis
Screening Trial

Digital breast tomosynthesis and synthetic 2D mammography versus digital mammography:
evaluation in a population-based screening program

Comparison of digital mammography alone and digital mammography plus tomosynthesis in a
population-based screening program

Accuracy of digital breast tomosynthesis for depicting breast cancer subgroups in a UK retrospective
reading study (TOMMY Trial)

Integration of 3D digital mammography with tomosynthesis for population breast-cancer screening
(STORM): a prospective comparison study

Breast cancer screening with tomosynthesis (3D mammography) with acquired or synthetic 2D
mammography compared with 2D mammography alone (STORM- 2): a population-based prospective
study

Performance of one-view breast tomosynthesis as a stand-alone breast cancer screening modality:
results from the Malmé Breast Tomosynthesis Screening Trial, a population-based study

Digital breast tomosynthesis: a pilot observer study
Digital breast tomosynthesis: observer performance study

Improving accuracy and efficiency with concurrent use of artificial intelligence for digital breast
tomosynthesis

Concurrent computer-aided detection improves reading time of digital breast tomosynthesis and
maintains interpretation performance in a multireader multicase study

Diagnostic accuracy of digital screening mammography with and without computer-aided detection
Effectiveness of computer-aided detection in community mammography practice

Artificial intelligence for breast cancer detection in mammography

A multi-scale CNN and curriculum learning strategy for mammogram classification

Applying data-driven Imaging biomarker in mammography for breast cancer screening: preliminary
study

Multi-task transfer learning deep convolutional neural network: application to computer-aided
diagnosis of breast cancer on mammograms
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Becker et al. [36] Deep learning in mammography: diagnostic accuracy of a multipurpose image analysis software in 2017
the detection of breast cancer

) N Classifying symmetrical differences and temporal change for the detection of malignant masses in
Kooi and Karssemeijer [37] ] 2017
mammography using deep neural networks

Robust breast cancer detection in mammography and digital breast tomosynthesis using an
Lotter et al. [38] . - . 2021
annotation-efficient deep learning approach

. . Stand-alone artificial intelligence for breast cancer detection in mammography: comparison with 101
Rodriguez-Ruiz et al. [39] diologist 2019
radiologists

. . Can we reduce the workload of mammographic screening by automatic identification of normal exams
Rodriguez-Ruiz et al. [40] AR " 2019
with artificial intelligence? A feasibility study

Seth et al. [41] Use of artificial intelligence in the advancement of breast surgery and implications for breast 2023
’ reconstruction: a narrative review

Zhu et al. [42] Multifactor artificial intelligence model assists axillary lymph node surgery in breast cancer after 2023
u .
neoadjuvant chemotherapy: multicenter retrospective cohort study

Akaln C [43] Advances in artificial intelligence and the potential impact on oncoplastic breast surgery 2023
Poortmans et al. [44] Winter is over: the use of artificial intelligence to individualise radiation therapy for breast cancer 2020

Al-based quantification of planned radiation therapy dose to cardiac structures and coronary arteries
van Velzen et al. [45] . i . 2022
in patients with breast cancer

Analysis of tumor nuclear features using artificial intelligence to predict response to neoadjuvant

2021
chemotherapy in high-risk breast cancer patients

Dodington et al. [46]

Wan et al. [47] CDKN2A was a cuproptosis-related gene in regulating chemotherapy resistance by the MAGE- a 2023
' family in breast cancer: based on artificial intelligence (Al)-constructed pan-cancer risk model

Jorgensen and Overdiagnosis in publicly organised mammography screening programmes: systematic review of

2009

Gotzsche [48] incidence trends

Refining Lewin’s formula: A general model for explaining situational influence on individual social
Bond [49] ) 2013

behavior
Tosteson et al. [50] Consequences of false-positive screening mammograms 2014
Pharoah et al. [51] Cost effectiveness of the NHS breast screening programme: life table model 2013
Wolfe [52] Risk for breast cancer development determined by mammaographic parenchymal pattern 1976

Boyd et al. 53] Quantitative classification of mammographic densities and breast cancer risk: results from the 1995
oyd et al.
v Canadian National Breast Screening Study

Jong [54] Breast cancer: the art and science of early detection with mammography 2006

. The added value of an artificial intelligence system in assisting radiologists on indeterminate BI-RADS
Yietal. [55] 2022
0 mammograms

TABLE 1: Summary of studies on artificial intelligence (Al) applications in breast cancer
screening, diagnosis, and treatment

Despite the ongoing research into integrating Al into breast cancer screening, medico-legal and ethical
considerations remain paramount. Presently, when a pre-selection threshold is established (without the
radiologist's involvement), the performance of Al and a radiologist is roughly comparable. However, this
threshold may result in the Al missing certain cancers.

To clarify, both the radiologist and the AI system may overlook an equal number of cases in a breast cancer
screening population, albeit different ones. Whether this poses a significant problem hinges on the type of
breast cancer detected and missed by both parties. Further assessment is imperative to ascertain the long-
term implications. Moreover, addressing the question of responsibility from a legal standpoint necessitates
the implementation of quality control protocols for Al algorithms and regular performance audits conducted
by radiologists [56].
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Conclusions

Initially, CADs were introduced; however, they did not show any long-term benefit in clinical practice. Over
time, convolutional neural network algorithms have significantly improved, resulting in an increase in
sensitivity and specificity in breast cancer detection. Given the limitations in the literature currently
regarding all studies being retrospective, it has not been fully clear whether this system can be beneficial to
breast radiologists in a real-time setting. This can only be evaluated by performing a prospective study and
seeing in what situations the system works optimally. To truly gauge the system's effectiveness in real-time
clinical practice, prospective studies are necessary to address current limitations stemming from
retrospective data. These studies will help identify the optimal conditions for Al-assisted breast cancer
screening and pave the way for a more comprehensive understanding of the impact of deep learning on
clinical practice.

Additional Information
Author Contributions

All authors have reviewed the final version to be published and agreed to be accountable for all aspects of the
work.

Concept and design: Aadil Khan, Pugazhendi Inban, Hemika Vempalli, Shobha Mandal, Malavika Jayan,
Rishika Dabbara, Sofia Ali, Zubir S. Rentiya, Kirpa Kaur, Abiodun Adegbite , Tarsha A. Intsiful, Victor A.
Odoma

Acquisition, analysis, or interpretation of data: Aadil Khan, Pugazhendi Inban, Hemika Vempalli,
Shobha Mandal, Malavika Jayan, Rishika Dabbara, Sofia Ali , Zubir S. Rentiya, Kirpa Kaur, Abiodun Adegbite
, Tarsha A. Intsiful, Victor A. Odoma

Drafting of the manuscript: Aadil Khan, Pugazhendi Inban, Hemika Vempalli, Shobha Mandal, Malavika
Jayan, Rishika Dabbara, Sofia Ali, Zubir S. Rentiya, Kirpa Kaur, Abiodun Adegbite , Tarsha A. Intsiful, Victor
A. Odoma

Critical review of the manuscript for important intellectual content: Aadil Khan, Pugazhendi Inban,
Hemika Vempalli, Shobha Mandal, Malavika Jayan, Rishika Dabbara, Sofia Ali , Zubir S. Rentiya, Kirpa Kaur,
Abiodun Adegbite , Tarsha A. Intsiful, Victor A. Odoma

Supervision: Aadil Khan, Pugazhendi Inban, Hemika Vempalli, Shobha Mandal, Malavika Jayan, Rishika
Dabbara, Sofia Ali, Zubir S. Rentiya, Kirpa Kaur

Disclosures

Conflicts of interest: In compliance with the ICMJE uniform disclosure form, all authors declare the
following: Payment/services info: All authors have declared that no financial support was received from
any organization for the submitted work. Financial relationships: All authors have declared that they have
no financial relationships at present or within the previous three years with any organizations that might
have an interest in the submitted work. Other relationships: All authors have declared that there are no
other relationships or activities that could appear to have influenced the submitted work.

References

1. Ghoncheh M, Pournamdar Z, Salehiniya H: Incidence and mortality and epidemiology of breast cancer in
the world. Asian Pac ] Cancer Prev. 2016, 17:43-6. 10.7314/apjcp.2016.17.53.43

2. DeSantis CE, Ma J, Goding Sauer A, Newman LA, Jemal A: Breast cancer statistics, 2017, racial disparity in
mortality by state. CA Cancer | Clin. 2017, 67:439-48. 10.3322/caac.21412

3. Breast cancer. (2021). Accessed: August 30, 2023: https://www.who.int/news-room/fact-
sheets/detail/breast-cancer.

4. Independent UK Panel on Breast Cancer Screening: The benefits and harms of breast cancer screening: an
independent review. Lancet. 2012, 380:1778-86. 10.1016/S0140-6736(12)61611-0

5. TabarL, Yen AM, Wu WY, et al.: Insights from the breast cancer screening trials: how screening affects the
natural history of breast cancer and implications for evaluating service screening programs. Breast J. 2015,
21:13-20. 10.1111/tbj.12354

6. Zeeshan M, Salam B, Khalid QS, Alam S, Sayani R: Diagnostic accuracy of digital mammography in the
detection of breast cancer. Cureus. 2018, 10:e2448. 10.7759/cureus.2448

7. Healy NA, O'Brien A, Knox M, et al.: Consensus review of discordant imaging findings after the introduction
of digital screening mammography: Irish national breast cancer screening program experience. Radiology.
2020, 295:35-41. 10.1148/radiol.2020181454

8. Posso M, Puig T, Carles M, Rué M, Canelo-Aybar C, Bonfill X: Effectiveness and cost-effectiveness of double
reading in digital mammography screening: a systematic review and meta-analysis. Eur ] Radiol. 2017,
96:40-9. 10.1016/j.ejrad.2017.09.013

9. Sallam M, Barakat M, Sallam M: A preliminary checklist (METRICS) to standardize the design and reporting
of studies on generative artificial intelligence-based models in health care education and practice:

2024 Rentiya et al. Cureus 16(4): €57619. DOI 10.7759/cureus.57619 9of 11


https://dx.doi.org/10.7314/apjcp.2016.17.s3.43
https://dx.doi.org/10.7314/apjcp.2016.17.s3.43
https://dx.doi.org/10.3322/caac.21412
https://dx.doi.org/10.3322/caac.21412
https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://dx.doi.org/10.1016/S0140-6736(12)61611-0
https://dx.doi.org/10.1016/S0140-6736(12)61611-0
https://dx.doi.org/10.1111/tbj.12354
https://dx.doi.org/10.1111/tbj.12354
https://dx.doi.org/10.7759/cureus.2448
https://dx.doi.org/10.7759/cureus.2448
https://dx.doi.org/10.1148/radiol.2020181454
https://dx.doi.org/10.1148/radiol.2020181454
https://dx.doi.org/10.1016/j.ejrad.2017.09.013
https://dx.doi.org/10.1016/j.ejrad.2017.09.013
https://dx.doi.org/10.2196/54704

Cureus

10.

11.

12.

13.

14.

15.

16.

17.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

development study involving a literature review. Interact ] Med Res. 2024, 13:€54704. 10.2196/54704
Séradour B, Heid P, Estéve J: Comparison of direct digital mammography, computed radiography, and film-
screen in the French national breast cancer screening program. AJR Am ] Roentgenol. 2014, 202:229-36.
10.2214/AJR.12.10419

Pisano ED, Gatsonis C, Hendrick E, et al.: Diagnostic performance of digital versus film mammography for
breast-cancer screening. N Engl ] Med. 2005, 353:1773-83. 10.1056/NEJMo0a052911

Breast Imaging Reporting & Data System (BI-RADS®) . (2023). Accessed: 24th October, 2023:
https://www.acr.org/Clinical-Resources/Reporting-and-Data-Systems/Bi-Rads.

Sumkin JH, Holbert BL, Herrmann JS, et al.: Optimal reference mammography: a comparison of
mammograms obtained 1 and 2 years before the present examination. AJR Am J Roentgenol. 2003, 180:343-
6. 10.2214/ajr.180.2.1800343

Thurfjell MG, Vitak B, Azavedo E, Svane G, Thurfjell E: Effect on sensitivity and specificity of
mammography screening with or without comparison of old mammograms. Acta Radiol. 2000, 41:52-6.
Roelofs AA, Karssemeijer N, Wedekind N, et al.: Importance of comparison of current and prior
mammograms in breast cancer screening. Radiology. 2007, 242:70-7. 10.1148/radiol.2421050684

Varela C, Karssemeijer N, Hendriks JH, Holland R: Use of prior mammograms in the classification of benign
and malignant masses. Eur ] Radiol. 2005, 56:248-55. 10.1016/j.ejrad.2005.04.007

Destounis S, Arieno A, Morgan R: Initial experience with combination digital breast tomosynthesis plus full
field digital mammography or full field digital mammography alone in the screening environment. J Clin
Imaging Sci. 2014, 4:9. 10.4103/2156-7514.127838

Durand MA, Wang S, Hooley R], Raghu M, Philpotts LE: Tomosynthesis-detected architectural distortion:
management algorithm with radiologic-pathologic correlation. Radiographics. 2016, 36:311-21.
10.1148/rg.2016150093

Zackrisson S, Lang K, Rosso A, et al.: One-view breast tomosynthesis versus two-view mammography in the
Malmo Breast Tomosynthesis Screening Trial (MBTST): a prospective, population-based, diagnostic
accuracy study. Lancet Oncol. 2018, 19:1493-503. 10.1016/51470-2045(18)30521-7

Hofvind S, Hovda T, Holen AS, et al.: Digital breast tomosynthesis and synthetic 2D mammography versus
digital mammography: evaluation in a population-based screening program. Radiology. 2018, 287:787-94.
10.1148/radiol.2018171361

Skaane P, Bandos Al, Gullien R, et al.: Comparison of digital mammography alone and digital
mammography plus tomosynthesis in a population-based screening program. Radiology. 2013, 267:47-56.
10.1148/radiol.12121373

Gilbert FJ, Tucker L, Gillan MG, et al.: Accuracy of digital breast tomosynthesis for depicting breast cancer
subgroups in a UK retrospective reading study (TOMMY Trial). Radiology. 2015, 277:697-706.
10.1148/radiol.2015142566

Ciatto S, Houssami N, Bernardi D, et al.: Integration of 3D digital mammography with tomosynthesis for
population breast-cancer screening (STORM): a prospective comparison study. Lancet Oncol. 2013, 14:583-
9.10.1016/S1470-2045(13)70134-7

Bernardi D, Macaskill P, Pellegrini M, et al.: Breast cancer screening with tomosynthesis (3D mammography)
with acquired or synthetic 2D mammography compared with 2D mammography alone (STORM- 2): a
population-based prospective study. Lancet Oncol. 2016, 17:1105-13. 10.1016/51470-2045(16)30101-2
Lang K, Andersson I, Rosso A, Tingberg A, Timberg P, Zackrisson S: Performance of one-view breast
tomosynthesis as a stand-alone breast cancer screening modality: results from the Malmo Breast
Tomosynthesis Screening Trial, a population-based study. Eur Radiol. 2016, 26:184-90. 10.1007/s00330-015-
3803-3

Good WF, Abrams GS, Catullo V], Chough DM, Ganott MA, Hakim CM, Gur D: Digital breast tomosynthesis:
a pilot observer study. AJR Am ] Roentgenol. 2008, 190:865-9. 10.2214/AJR.07.2841

Gur D, Abrams GS, Chough DM, et al.: Digital breast tomosynthesis: observer performance study. AJR Am |
Roentgenol. 2009, 193:586-91. 10.2214/AJR.08.2031

Conant EF, Toledano AY, Periaswamy S, Fotin SV, Go ], Boatsman JE, Hoffmeister JW: Improving accuracy
and efficiency with concurrent use of artificial intelligence for digital breast tomosynthesis. Radiol Artif
Intell. 2019, 1:e180096. 10.1148/ryai.2019180096

Benedikt RA, Boatsman JE, Swann CA, Kirkpatrick AD, Toledano AY: Concurrent Computer-aided detection
improves reading time of digital breast tomosynthesis and maintains interpretation performance in a
multireader multicase study. AJR Am ] Roentgenol. 2018, 210:685-94. 10.2214/AJR.17.18185

Lehman CD, Wellman RD, Buist DS, Kerlikowske K, Tosteson AN, Miglioretti DL: Diagnostic accuracy of
digital screening mammography with and without computer-aided detection. JAMA Intern Med. 2015,
175:1828-37. 10.1001/jamainternmed.2015.5231

Fenton JJ, Abraham L, Taplin SH, et al.: Effectiveness of computer-aided detection in community
mammography practice. ] Natl Cancer Inst. 2011, 103:1152-61. 10.1093/jnci/djr206

Sechopoulos I, Teuwen J, Mann R: Artificial intelligence for breast cancer detection in mammography and
digital breast tomosynthesis: state of the art. Semin Cancer Biol. 2021, 72:214-25.
10.1016/j.semcancer.2020.06.002

Lotter W, Sorensen G, Cox D: A multi-scale CNN and curriculum learning strategy for mammogram
classification. ArXiv. 2017,

Kim EK, Kim HE, Han K, Kang BJ, Sohn YM, Woo OH, Lee CW: Applying data-driven imaging biomarker in
mammography for breast cancer screening: preliminary study. Sci Rep. 2018, 8:2762. 10.1038/s41598-018-
21215-1

Samala RK, Chan HP, Hadjiiski LM, Helvie MA, Cha KH, Richter CD: Multi-task transfer learning deep
convolutional neural network: application to computer-aided diagnosis of breast cancer on mammograms.
Phys Med Biol. 2017, 62:8894-908. 10.1088/1361-6560/aa93d4

Becker AS, Marcon M, Ghafoor S, Wurnig MC, Frauenfelder T, Boss A: Deep learning in mammography:
diagnostic accuracy of a multipurpose image analysis software in the detection of breast cancer. Invest
Radiol. 2017, 52:434-40. 10.1097/RLI.0O000000000000358

2024 Rentiya et al. Cureus 16(4): €57619. DOI 10.7759/cureus.57619

10 of 11


https://dx.doi.org/10.2196/54704
https://dx.doi.org/10.2214/AJR.12.10419
https://dx.doi.org/10.2214/AJR.12.10419
https://dx.doi.org/10.1056/NEJMoa052911
https://dx.doi.org/10.1056/NEJMoa052911
https://www.acr.org/Clinical-Resources/Reporting-and-Data-Systems/Bi-Rads
https://www.acr.org/Clinical-Resources/Reporting-and-Data-Systems/Bi-Rads
https://dx.doi.org/10.2214/ajr.180.2.1800343
https://dx.doi.org/10.2214/ajr.180.2.1800343
https://pubmed.ncbi.nlm.nih.gov/10665871/
https://dx.doi.org/10.1148/radiol.2421050684
https://dx.doi.org/10.1148/radiol.2421050684
https://dx.doi.org/10.1016/j.ejrad.2005.04.007
https://dx.doi.org/10.1016/j.ejrad.2005.04.007
https://dx.doi.org/10.4103/2156-7514.127838
https://dx.doi.org/10.4103/2156-7514.127838
https://dx.doi.org/10.1148/rg.2016150093
https://dx.doi.org/10.1148/rg.2016150093
https://dx.doi.org/10.1016/S1470-2045(18)30521-7
https://dx.doi.org/10.1016/S1470-2045(18)30521-7
https://dx.doi.org/10.1148/radiol.2018171361
https://dx.doi.org/10.1148/radiol.2018171361
https://dx.doi.org/10.1148/radiol.12121373
https://dx.doi.org/10.1148/radiol.12121373
https://dx.doi.org/10.1148/radiol.2015142566
https://dx.doi.org/10.1148/radiol.2015142566
https://dx.doi.org/10.1016/S1470-2045(13)70134-7
https://dx.doi.org/10.1016/S1470-2045(13)70134-7
https://dx.doi.org/10.1016/S1470-2045(16)30101-2
https://dx.doi.org/10.1016/S1470-2045(16)30101-2
https://dx.doi.org/10.1007/s00330-015-3803-3
https://dx.doi.org/10.1007/s00330-015-3803-3
https://dx.doi.org/10.2214/AJR.07.2841
https://dx.doi.org/10.2214/AJR.07.2841
https://dx.doi.org/10.2214/AJR.08.2031
https://dx.doi.org/10.2214/AJR.08.2031
https://dx.doi.org/10.1148/ryai.2019180096
https://dx.doi.org/10.1148/ryai.2019180096
https://dx.doi.org/10.2214/AJR.17.18185
https://dx.doi.org/10.2214/AJR.17.18185
https://dx.doi.org/10.1001/jamainternmed.2015.5231
https://dx.doi.org/10.1001/jamainternmed.2015.5231
https://dx.doi.org/10.1093/jnci/djr206
https://dx.doi.org/10.1093/jnci/djr206
https://dx.doi.org/10.1016/j.semcancer.2020.06.002
https://dx.doi.org/10.1016/j.semcancer.2020.06.002
file:////tmp/ https://www.semanticscholar.org/paper/A-Multi-scale-CNN-and-Curriculum-Learning-Strategy-Lotter-Sorensen/64fc4501736f4be0869838456eb54d5e5b4d886b
https://dx.doi.org/10.1038/s41598-018-21215-1
https://dx.doi.org/10.1038/s41598-018-21215-1
https://dx.doi.org/10.1088/1361-6560/aa93d4
https://dx.doi.org/10.1088/1361-6560/aa93d4
https://dx.doi.org/10.1097/RLI.0000000000000358
https://dx.doi.org/10.1097/RLI.0000000000000358

Cureus

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Kooi T, Karssemeijer N: Classifying symmetrical differences and temporal change for the detection of
malignant masses in mammography using deep neural networks. ] Med Imaging (Bellingham). 2017,
4:044501. 10.1117/1.JM1.4.4.044501

Lotter W, Diab AR, Haslam B, et al.: Robust breast cancer detection in mammography and digital breast
tomosynthesis using an annotation-efficient deep learning approach. Nat Med. 2021, 27:244-9.
10.1038/s41591-020-01174-9

Rodriguez-Ruiz A, Lang K, Gubern-Merida A, et al.: Stand-alone artificial intelligence for breast cancer
detection in mammography: comparison with 101 radiologists. ] Natl Cancer Inst. 2019, 111:916-22.
10.1093/jnci/djy222

Rodriguez-Ruiz A, Lang K, Gubern-Merida A, et al.: Can we reduce the workload of mammographic
screening by automatic identification of normal exams with artificial intelligence? A feasibility study. Eur
Radiol. 2019, 29:4825-32. 10.1007/500330-019-06186-9

Seth I, Bulloch G, Joseph K, Hunter-Smith DJ, Rozen WM: Use of artificial intelligence in the advancement
of breast surgery and implications for breast reconstruction: a narrative review. J Clin Med. 2023, 12:5143.
10.3390/jcm12155143

Zhu T, Huang YH, Li W, et al.: Multifactor artificial intelligence model assists axillary lymph node surgery in
breast cancer after neoadjuvant chemotherapy: multicenter retrospective cohort study. Int ] Surg. 2023,
109:3383-94. 10.1097/JS9.0000000000000621

Akalin G: Advances in artificial intelligence and the potential impact on oncoplastic breast surgery . Eur J
Breast Health. 2023, 19:261. 10.4274/ejbh.galenos.2023.20253-3-4

Poortmans PM, Takanen S, Marta GN, Meattini I, Kaidar-Person O: Winter is over: the use of artificial
intelligence to individualise radiation therapy for breast cancer. Breast. 2020, 49:194-200.
10.1016/j.breast.2019.11.011

van Velzen SG, Bruns S, Wolterink JM, Leiner T, Viergever MA, Verkooijen HM, IsSgum I: Al-based
quantification of planned radiation therapy dose to cardiac structures and coronary arteries in patients with
breast cancer. Int ] Radiat Oncol Biol Phys. 2022, 112:611-20. 10.1016/j.ijrobp.2021.09.009

Dodington DW, Lagree A, Tabbarah S, Mohebpour M, Sadeghi-Naini A, Tran WT, Lu FI: Analysis of tumor
nuclear features using artificial intelligence to predict response to neoadjuvant chemotherapy in high-risk
breast cancer patients. Breast Cancer Res Treat. 2021, 186:379-89. 10.1007/s10549-020-06093-4

Wan H, Yang X, Sang G, et al.: CDKN2A was a cuproptosis-related gene in regulating chemotherapy
resistance by the MAGE-a family in breast cancer: based on artificial intelligence (Al)-constructed pan-
cancer risk model. Aging (Albany NY). 2023, 15:11244-67. 10.18632/aging.205125

Jorgensen KJ, Gotzsche PC: Overdiagnosis in publicly organised mammography screening programmes:
systematic review of incidence trends. BMJ. 2009, 339:b2587. 10.1136/bmj.b2587

Bond MH: Refining Lewin’s formula: a general model for explaining situational influence on individual
social behavior. Asian ] Soc Psychol. 2013, 16(1):1-15. 10.1111/ajsp.12012

Tosteson AN, Fryback DG, Hammond CS, et al.: Consequences of false-positive screening mammograms .
JAMA Intern Med. 2014, 174:954-61. 10.1001/jamainternmed.2014.981

Pharoah PD, Sewell B, Fitzsimmons D, Bennett HS, Pashayan N: Cost effectiveness of the NHS breast
screening programme: life table model. BMJ. 2013, 346:f2618. 10.1136/bmj.f2618

Wolfe JN: Risk for breast cancer development determined by mammographic parenchymal pattern . Cancer.
1976, 37:2486-92. 10.1002/1097-0142(197605)37:5<2486::aid-cncr2820370542>3.0.co;2-8

Boyd NF, Byng JW, Jong RA, et al.: Quantitative classification of mammographic densities and breast cancer
risk: results from the Canadian National Breast Screening Study. | Natl Cancer Inst. 1995, 87:670-5.
10.1093/jnci/87.9.670

Jong R: Breast cancer: The art and science of early detection with mammography . Am ] Roentgenol. 2006,
187:W142. 10.2214/ajr.187.1.w142

Yi C, Tang Y, Ouyang R, et al.: The added value of an artificial intelligence system in assisting radiologists
on indeterminate BI-RADS 0 mammograms. Eur Radiol. 2022, 32:1528-37. 10.1007/s00330-021-08275-0
Sallam M, Barakat M, Sallam M: Pilot testing of a tool to standardize the assessment of the quality of health
information generated by artificial intelligence-based models. Cureus. 2023, 15:e49373.
10.7759/cureus.49373

2024 Rentiya et al. Cureus 16(4): €57619. DOI 10.7759/cureus.57619

11 0of 11


https://dx.doi.org/10.1117/1.JMI.4.4.044501
https://dx.doi.org/10.1117/1.JMI.4.4.044501
https://dx.doi.org/10.1038/s41591-020-01174-9
https://dx.doi.org/10.1038/s41591-020-01174-9
https://dx.doi.org/10.1093/jnci/djy222
https://dx.doi.org/10.1093/jnci/djy222
https://dx.doi.org/10.1007/s00330-019-06186-9
https://dx.doi.org/10.1007/s00330-019-06186-9
https://dx.doi.org/10.3390/jcm12155143
https://dx.doi.org/10.3390/jcm12155143
https://dx.doi.org/10.1097/JS9.0000000000000621
https://dx.doi.org/10.1097/JS9.0000000000000621
https://dx.doi.org/10.4274/ejbh.galenos.2023.2023-3-4
https://dx.doi.org/10.4274/ejbh.galenos.2023.2023-3-4
https://dx.doi.org/10.1016/j.breast.2019.11.011
https://dx.doi.org/10.1016/j.breast.2019.11.011
https://dx.doi.org/10.1016/j.ijrobp.2021.09.009
https://dx.doi.org/10.1016/j.ijrobp.2021.09.009
https://dx.doi.org/10.1007/s10549-020-06093-4
https://dx.doi.org/10.1007/s10549-020-06093-4
https://dx.doi.org/10.18632/aging.205125
https://dx.doi.org/10.18632/aging.205125
https://dx.doi.org/10.1136/bmj.b2587
https://dx.doi.org/10.1136/bmj.b2587
https://dx.doi.org/10.1111/ajsp.12012
https://dx.doi.org/10.1111/ajsp.12012
https://dx.doi.org/10.1001/jamainternmed.2014.981
https://dx.doi.org/10.1001/jamainternmed.2014.981
https://dx.doi.org/10.1136/bmj.f2618
https://dx.doi.org/10.1136/bmj.f2618
https://dx.doi.org/10.1002/1097-0142(197605)37:5<2486::aid-cncr2820370542>3.0.co;2-8
https://dx.doi.org/10.1002/1097-0142(197605)37:5<2486::aid-cncr2820370542>3.0.co;2-8
https://dx.doi.org/10.1093/jnci/87.9.670
https://dx.doi.org/10.1093/jnci/87.9.670
https://dx.doi.org/10.2214/ajr.187.1.w142
https://dx.doi.org/10.2214/ajr.187.1.w142
https://dx.doi.org/10.1007/s00330-021-08275-0
https://dx.doi.org/10.1007/s00330-021-08275-0
https://dx.doi.org/10.7759/cureus.49373
https://dx.doi.org/10.7759/cureus.49373

	Revolutionizing Breast Cancer Detection With Artificial Intelligence (AI) in Radiology and Radiation Oncology: A Systematic Review
	Abstract
	Introduction And Background
	Breast cancer detection and diagnosis

	Review
	Methodology
	FIGURE 1: A PRISMA flow diagram outlining the study selection process

	Modalities of breast imaging
	The rise of deep learning convolutional neural networks
	Clinical implementation of deep learning
	The ideal algorithm
	Use of AI in the management and treatment of breast cancer
	Current limitations and the future of mammography and AI
	TABLE 1: Summary of studies on artificial intelligence (AI) applications in breast cancer screening, diagnosis, and treatment


	Conclusions
	Additional Information
	Author Contributions
	Disclosures

	References


