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Abstract

Breast cancer (BC) is the most prominent form of cancer among females all over the world. The

current methods of BC detection include X-ray mammography, ultrasound, computed tomogra-

phy, magnetic resonance imaging, positron emission tomography and breast thermographic tech-

niques. More recently, machine learning (ML) tools have been increasingly employed in diagnostic

medicine for its high efficiency in detection and intervention. The subsequent imaging features

and mathematical analyses can then be used to generate ML models, which stratify, differentiate

and detect benign and malignant breast lesions. Given its marked advantages, radiomics is a

frequently used tool in recent research and clinics. Artificial neural networks and deep learning

(DL) are novel forms of ML that evaluate data using computer simulation of the human brain. DL

directly processes unstructured information, such as images, sounds and language, and performs

precise clinical image stratification, medical record analyses and tumour diagnosis. Herein, this

review thoroughly summarizes prior investigations on the application of medical images for the

detection and intervention of BC using radiomics, namely DL and ML. The aim was to provide

guidance to scientists regarding the use of artificial intelligence and ML in research and the clinic.
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Introduction

Breast cancer (BC) is the most prominent
malignant tumour among females world-
wide and it accounts of almost 10.4% of
all cancers.1 It is characterized by an aber-
rant, disorderly, and invasive proliferation
of breast cells. Moreover, BC cells can read-
ily escape to the circulatory or lymphatic
system, where they generate new tumours
and invade distant vital organs.2 At present,
BC is the largest contributor to cancer-
related mortality among women between
20–50 years of age. Based on information
from the American Cancer Society, in 2019
alone, there were an estimated 268 600 new
incidences and 41740 cancer-associated
deaths in the United States.2 Alarmingly, in
2020, the cancer-related mortality among
women increased to 684 996 global deaths,
making it the major contributor of deaths
across the globe.1 In addition, in 2021, the
World Health Organization announced BC
as the most prevalent form of global cancer,
far exceeding lung cancer.1 At present, these
numbers are rapidly increasing, and a 50%
rise is predicted over the next two decades
owing to enhanced life expectancy,
unhealthy diets, inadequate physical activity
and detrimental substance intake (for exam-
ple, alcohol).1 Given these critical factors,
there is an urgent need for extensive
research in all areas of BC, from prevention
to early detection and efficacious
intervention.2,3

Personalized BC interventions are highly
dependent on accurate diagnosis. BC typi-
cally features discrete histological, molecu-
lar and clinical phenotypes; and it
sometimes manifests with radiological

heterogeneity. Nevertheless, classical detec-

tion techniques do not provide adequate

information for proper BC diagnosis.4

Radiomics is a relatively new tool for the

extensive analysis of medical images. The

subsequent imaging features and mathe-

matical analyses can then be used to gener-

ate machine learning (ML) models, which

stratify, differentiate, and detect benign

(b-BT) and malignant breast lesions

(m-BT), which, in turn, can be used to

establish risk and formulate the optimal

intervention for patients with b-BT and/or

m-BT. Relative to classical influential sci-

ence and skilled radiologists, radiomics fea-

tures offer a more precise diagnostic method

of BT detection. Hence, radiomics-based

explorations/research are well underway in

different parts of the world.5

More recently, scientists increased the

application of ML tools, namely, image seg-

mentation, stratification and estimation for

BC assessment. Image segmentation both

identifies and extracts tumour and its

adjoining normal tissue. ML tools, particu-

larly, convolutional neural networks

(CNNs), are widely employed for automated

BC segmentation. For example, a previous

study established a CNN-based algorithm,

with a mean dice similarity coefficient of

0.85, to segment BC tumours in ultrasound

images.6 Stratification delineates between m-

BT and b-BT and predicts the probability of

recurrence or metastasis. ML tools, namely,

support vector machines (SVMs) and

random forests (RFs), are frequently applied

in BC stratification. For example, previous

research established an RF-derived algo-

rithm for breast tumour stratification of
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mammograph images, using a sensitivity
(SEN) and specificity (SPC) of 87.5% and
91.7%, respectively.7 Prediction estimates
the probability of tumour recurrence or
metastasis, as well as treatment response.
ML techniques, namely, deep neural net-
works (DNNs) and recurrent neural net-
works (RNNs), are also widely employed
for BC estimation. For example, a study
reported a DNN-derived method for esti-
mating BC recurrence risk, with an area
under the receiver operating characteristic
curve (AUC) of 0.87.8

Medical imaging, namely, X-ray mammog-
raphy (MG), magnetic resonance imaging
(MRI) and positron emission tomography
(PET), offers a non-invasive approach of
extracting data on BC morphology, metabo-
lism and blood flow. Radiomics, a progressive
tool for the isolation of quantitative profile
from medical images, has garnered much
attention owing to its ability to retrieve both
spatial heterogeneity and functional profiles of
tumours. BC imaging has made remarkable
recent progress, with marked advancements
in both technology and imaging analyses.
The common approaches of BC detection
encompass MG, ultrasound (US), MRI and
molecular imaging. Using these techniques, it
is now possible to detect and diagnose early-
stage BC, which ultimately enhanced patient
prognoses. Moreover, ML and deep learning
(DL) algorithms are also applied in BC
image analysis, with promising results.
Herein, this review presents a detailed sum-
mary of the current ML applications for BC
imaging, namely, MG, ultrasound, MRI,
PET and others. The article selection process
is detailed in supplemental information.
Based on the module and search string in
PubMedVR (see supplementary materials,
Table S1) and Web of ScienceTM (see sup-
plementary materials, Table S2), a retrieval
strategy of the above respective databases
was established (see supplementary materi-
als, Table S1). Overall, 158 articles were
selected from the date of inception of the

databases up to 31 May 2023. Figure 1
shows the results of the literature search
and selection.

X-ray mammography

X-ray mammography is routinely used to
screen and diagnose BC, and it is a well-
established method of minimizing cancer-
associated deaths.9 BC tumours are initially
screened using X-ray mammography, prior
to manual interpretation by a radiologist to
estimate whether it is b-BT and m-BT. The
popularity of MG stems from its reduced-
dose X-ray, enhanced-contrast, augmented-
resolution detectors and X-ray system
particularly intended for breast imaging.
In general, MG can be separated into two
groups: film screen MG (FSM), whereby a
film screen serves as the end-recording
device; and full-field digital MG (FFDM),
whereby digital detectors serve as the record-
ing media. Digital images from FFDM pro-
vide numerous benefits over FSM, particularly
in terms of ease of image processing and
enhancement.4

In recent times, there has been a consid-
erable rise in artificial intelligence (AI) algo-
rithm use in medicine. The available AI
includes radiomics and DL, which marked-
ly enhances lesion detection and diagnosis
from medical images in clinical practice.10,11

The current AI is rather sophisticated and
approaches the performance of a skilled
radiologist, particularly in MG.12 MG
images, photographed and quantified
using radiomics, offer a remarkable diag-
nostic capacity for b-BT and m-BT, and
they also provide other relevant data to
radiologists.4 To further augment MG
screening accuracy, the computer-aided
diagnosis system (CAD) software 4 was
designed for BC tumour identification and
used since the 1990s. Regrettably, informa-
tion from earlier CAD systems did not yield
any marked improvement in patient out-
come.13,14 With significant advancements
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in DL visual object identification, and mul-
tiple other domains, more scientists are
showing interest in establishing DL tools
to augment the MG screening of
women.15–18 Emerging evidence suggested
that the performance of a DL-based CAD
system was comparable to the radiologist
performance alone, and enhanced the radi-
ologists’ performance in a supporting
mode.19,20 One study introduced a collabo-
rative DL method that clearly classified
pathological images into cancerous and
non-cancerous BC tissues on 544 complete
whole slide images, with SEN and accuracy
of 97.73% and 95.29%, respectively.19

Machine learning is a form of AI intro-
duced in the 1980s. ML primarily examines
how computers mimic human learning

behaviours, procure novel information,
enhance existing information, as well as
their own performance. ML conducts
tasks without clear programming direc-
tions, namely, it identifies hidden associa-
tions between data and analyses them.
Among the common ML applications are
logistic regression (LR), linear regression,
decision trees, RFs, naive Bayes and
K-means cluster analyses, multilayer per-
ceptron (MLP) and SVMs.21 Artificial
neural networks (ANN) and DL are novel
areas of ML and these tools analyse data
using computer simulation of the human
brain. ANN is based out of the biological
learning mode of human brain neurons that
interconnect with one another, and regulate
cascade, alteration and classification. DL is

Figure 1. Flow diagram showing the identification of the research articles describing the current machine
learning applications for breast cancer imaging that were included in this review.
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more advanced than ANN. DN utilizes the
hierarchical ANN to establish highly com-
plicated learning models that elucidate data
in various dimensions. DL encompasses a
dynamic Bayesian network, CNN and
RNN. The CNN algorithm distinctly bene-
fits image processing and is employed in
feature isolation and analysis of clinical
imaging information. Recursive neural net-
work algorithms dynamically monitor
disease via time series data analysis.
Traditional ML requires feature extraction
from the original data, as well as processing
into structured datasets, which cannot
directly process unstructured data. DL
also directly processes unstructured infor-
mation, such as images, sounds and lan-
guage; and is highly beneficial in clinical
image stratification, medical record analysis
and tumour diagnosis.22,23 Thus, multiple
strategies are implemented in mammogram
diagnosing. These can be classified into sta-
tistical-, wavelets-, Markovian- and
machine-learning-based methods.24 A pre-
vious study developed a region of interest
(ROI)-based CNN termed You Only Look
Once, which simultaneously identified and
categorized breast masses into digital mam-
mograms.25 This model was composed of
distinct phases, namely, preprocessing, fea-
ture retrieval, mass detection with belief
and tumour stratification with fully con-
nected neural networks. However, this
model was not appropriate for a small data-
set and the tumour area was not partitioned
within mammograms. To classify MG mass
lesions and examine the CNN model,
researchers developed deep convolutional
neural networks.21 Upon preprocessing
and normalization of isolated ROIs from
the entire mammogram, the ROIs were
integrated to form a unified dataset, which
was then used to update the CNN.
However, this technique did not minimize
noise or muscles, which potentially resulted
in mis-stratification.

Machine leaning, particularly breast
imaging CAD system, aids in BC tumour
diagnosis, and it is not influenced by the
radiologist’s reading mode, fatigue, distrac-
tion and other factors. Therefore, this
system greatly enhances SEN of BC diag-
nosis.22 Researchers examined an AI sys-
tem’s aptitude to substitute for doctors in
BC diagnosis.19 The study revealed that the
AI systems are quite efficient, relative to
radiologists, in BC detection.19 Another
study also evaluated cytological image anal-
ysis for BC identification and stratification
using Naive Bayesian and ANN, demon-
strating 98% precision in BC detection.23

Similarly, Another study reported an
enhanced crow search optimized extreme
learning machine process, with approxi-
mately 98.26%, 97.193% and 98.137%
accuracies for the reast, DDSM and MI -
AS datasets, respectively.26 Researchers
developed a CAD system involving two
components as follows: the first component
identified an ROI; and the second extracted
relevant profiles utilizing CNN.27 Finally,
using support vector machine, 87.2% accu-
racy was achieved in BC estimation from
mammograms.27 Another study also pre-
sented a CAD system for BC detection
from MG images.24 Their method manipu-
lated MG images for ROI identification, rel-
evant profile extraction and optimization,
and BC stratification using a specific ML
algorithm, SVM.24 Based on their results,
the aforementioned approach exhibited
strong efficacy, particularly in distinguishing
between normal and abnormal tumours
with 100% accuracy.24 Lastly, researchers
employed an integrated regression learning,
SVM and MLP system to stratify mammo-
grams.28 They yielded 99.42% accuracy with
the Wisconsin Breast Cancer Dataset.28 This
current review extracted and organized the
data in tabular form and summarized the
use of MG in the diagnosis of breast
cancer (Table 1).2,4,5,7,9,24,29–79
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Ultrasonography

Ultrasonography is most frequently imag-
ing technique used to screen for early-
stage BC. US images are typically preferred
as they, unlike MG, are not associated with
radiation or compression. Nevertheless, its
SEN is similar to digital MG (DM) and
multiple studies confirmed its enhanced
identification of invasive and node-
negative BC.80,81 Breast US (BUS) images
are known to reliably delineate between
b-BT and m-BT in five distinct areas,
namely, shape, orientation, margin, echo
patterns and posterior acoustic profiles.82

Despite the aforementioned advantages,
US images can have some major shortcom-
ings, namely, reduced resolution, contrast
and blurred edges owing to noise originat-
ing from speckle and acoustic shadowing.
Therefore, elucidation and BC identifica-
tion from BUS is often challenging and
operator dependent. CAD systems are an
alternative automated approach for BC
classification and it minimizes dependency
on the operator.83 BUS SEN and SPC can
potentially be further augmented using ML.
ML serves as a second reader that assists
radiologists in forming a diagnosis.84,85

ML algorithms study profiles of known
cases to generate models that accurately
diagnose patients with undetermined dis-
eases. LR and naı̈ve Bayes are two such
programs with distinct learning capacities,
and they show similar BC diagnosis on
sonographic images.86 These programs
were integrated to generate an augmented
model, which was grayscale profile-trained
only with serial adaptive boosting.84 Rather
than boosting homogenous weak learner
like canonical AdaBoost, the integrated
program boosts heterogeneous classifiers
like naı̈ve Bayes and LR which have estab-
lished performances, and which closely
agree on individual cases.84–86

Given that the BUS and elastography
ultrasound (EUS) integration automatically

provides more data for BC diagnosis, the
bimodal US-based CAD has generated
much attention in recent times. A previous
study reported the application of a deep
polynomial network on dual modal BUS
and EUS properties to delineate between
m-BT and b-BT tumours.87 Another study
also employed pretrained bi-channel CNNs
to study and integrate bimodal US image pro-
files for BC tumour detection.88 Although the
aforementioned studies indicate a strong
efficacy of bimodal tools, the single-mode
BUS-derived CAD offers more flexibility and
broader application, and its performance can
be further enhanced with transfer learning
using EUS as the source domain.

Artificial intelligence, composed of ML
and brain-inspired DL neural networks,
have great potential in combating current
challenges within the global healthcare
system. Recent AI applications in medical
US images include numerous specific tasks,
such as image segmentation and biometric
measurement.8 Prior investigations success-
fully established tools for automated BT
segmentation as well as CAD US intrano-
dal vascularity quantification.89 AI comple-
ments radiomics, which is used to extract
meaningful imaging information, such as
textural and wavelet data, which cannot
otherwise be acquired by humans. Using
the aforementioned radiomics profiles, one
can train AI to conduct its own diagnosis,
for example, stratifying a tumour as b-BT
or m-BT. The precise identification of b-BT
or m-BT from US imaging is critical for the
timely intervention of BC patients. Moreover,
effective decision support systems can mark-
edly enhance radiological diagnostic ability.

A retrospective investigation evaluated
US imaging and clinical information from
140 surgically confirmed BC cases.90 In par-
ticular, the study examined twelve US and
colour Doppler images using ML tools,
among which eight profiles were statistical-
ly different between the two images
(P< 0.05).90 The final diagnostic exhibited
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an AUC of 0.88, SEN of 86.96% and SPC
of 82.91%.90 Another study established an
automated BC diagnostic system with
enhanced precision that could be readily
run on smartphones.91 Upon US report
entry, the program automatically analyses
and detects lesions from all uploaded
images.91 The aforementioned process con-
sists of three subsystems.91 Firstly, noise is
minimized within the images, followed by
the reconstruction of high-quality
images.91 Subsequently, the initial subsys-
tem is generated based on a stacked denois-
ing autoencoder framework and generative
adversarial network.91 Then, the image is
stratified according to malignancy or non-
malignancy.91 DCCN is used to isolate sig-
nificant profiles from the image.91 Lastly,
system performance anomalies are exam-
ined and eliminated, which further dimin-
ishes the false negative rate.91 The current
review extracted and organized the data in
tabular form and summarized the applica-
tion of US images in breast cancer diagno-
sis (Table 2).6,8,80,83,90,92–118

MRI

Breast MRI is frequently employed for the
presurgical assessment of malignancy
status, as well as the identification of poten-
tial ipsi- or contralateral BT. MRI-
identified surplus BTs are BTs detected on
presurgical MRI, which were undetected in
prior MG or US. A secondary or targeted
US is typically conducted to further assess
the surplus BT. But, US is generally non-
specific for malignant tissue identification,
and the MRI and US association rates are
often widely variable between 23%–89%,
based on multiple factors, including, radiol-
ogist performance or patient-specific
differences.119

Researchers utilized deep transfer learn-
ing CAD-based diagnosis to identify BC.120

In particular, they used multi-parametric
MRI (mpMRI) relative to a simple

independent CAD.120 They demonstrated
that the mpMRI tool provided superior
results in delineating b-BT from m-BT;
and the dynamic contrast-enhanced (DCE)
image precision was 85%.120 Nevertheless,
there are certain limitations to this
method.120 Another study utilized 4-dimen-
sional MRI by recording the maximum
intensity projection from two distinct data,
namely, image and feature, within a CNN
via SVM classifier.121 Based on their anal-
ysis, the image level exhibited a 91% preci-
sion, whereas, the feature level achieved a
93% accuracy.121 However, their dataset
was not generalized and did not include
clinically sound information.121

A multiparametric radiomics model
combining DCE- and diffusion-weighted
imaging-extracted profiles revealed an opti-
mal AUC (0.85; 95% confidence interval,
0.77, 0.92) and diagnostic precision
(81.7%; confidence interval, 73.0, 88.6).122

Therefore, radiomics analysis combined
with multiparametric MRI ML provides
an enhanced assessment of suspicious aug-
menting breast tumours that are indicated
for biopsy on clinical breast MRI.122 This
facilitates highly precise BC detection while
minimizing needless b-BT biopsies.122

Newly developed imaging techniques,
such as US, MG, computed tomography
(CT), PET and MRI are frequently
employed for early BC detection. Among
them, however, MRI ranks first in terms of
patient prognosis, diagnostic precision, stag-
ing and presurgical planning. Furthermore,
MRI also exhibits enhanced SEN than MG;
and MRI diagnostic results are only mini-
mally impacted by breast density. Hence,
MRI is regarded as an essential tool for
BC clinical diagnosis.123 A previous investi-
gation achieved an AUC of 0.654 via an ML
model that analysed MRI images to delin-
eate between triple-negative breast cancer
and remaining subtypes.124 The current
review extracted and organized the data
in tabular form and summarized the
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application of MRI in breast cancer diagno-
sis (Table 3).109,119,120,123,125–166

Others

X-ray mammography is often employed for
BC identification. However, it is a highly
invasive procedure because X-rays damage
tissues and quite frequently fails to deter-
mine the tumour size. Lately, thermography
has emerged as a safer non-invasive
approach, with no contact imaging. This
process does not involve ionizing radiation,
venous access or other invasive protocols.
Thermography used human body-emitted
infrared electromagnetic radiation that is
picked up by a thermographic camera for
analysis by a CAD system. However, for
widespread application, it is imperative to
enhance the accuracy of these new tools.
ML has successfully enhanced diagnostic
precision while minimizing the presence of
false positives and false negatives while ana-
lysing breast thermograms.

Various forms of research have exam-
ined thermography-based BC identifica-
tion. This current review will present
recent significant publications. A study
published in 2023 reported a new AI- and
thermography-based CAD system that
assists radiologists in accurately diagnosing
breast diseases.167 The procedure for this
new tool is as follows: using the U-net
model, an intersection over an 89.03%
union is achieved.167 The segmented ther-
mograms then undergo textural assessment
and vascular network analysis to isolate sig-
nificant profiles.167 Subsequently, via
implementation of the supervised learning
algorithm-based classifiers and usage of
the retrieved profiles, the normal versus
abnormal thermograms are identified.167

This process of BC identification was fur-
ther confirmed as highly effective, revealing
optimal stratification while using SVM,
with a 94.4% accuracy, 96.2% precision,
86.7% recall, 91.2% F1-score and 98.3%T
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true negative rate.167 Another study con-
ducted a binary stratification of m-BT and
b-BT using breast thermographic images.168

The authors employed 94 images
(320� 240) with biopsy-confirmed diagno-
ses, among which, 60 exhibited m-BT and
34 exhibited b-BT.168 The authors used
three distinct image analytical tools,
namely, blinded screening mode (SBS), clin-
ical assessment and ANN.168 The first
method provided a risk score ranging
from 0 (minimum risk) to 7 (very high
risk).168 The remaining methods yielded a
binary result, identifying whether a given
lesion was m-BT or b-BT.168 The analyses
revealed that the ANN method excelled
over the others, with a 81.8% accuracy, rel-
ative to 66.7% for SBS and 71.4% for clin-
ical analysis.168 Another study reported
using CNN that included data augmenta-
tion and a fine-tuning optimization algo-
rithm and a an automatic BC diagnosis.169

These received a 92% accuracy and demon-
strated that data augmentation consider-
ably enhanced tumour stratification in
breast thermography, particularly when
data were scarce.169

Furthermore, among studies examining
thermographic images for BC classification,
one demonstrated exhibited an SEN of 0.812
and an SPC of 0.882.170 Additionally,
screening tomosynthesis also garnered
much attention owing to its enhancement
of cancer detection rates, along with dimin-
ished false positive rates.171 Similarly,
a study evaluated screen-identification
approaches for tomosynthetic single-
reading versus double-reading mammo-
grams, and demonstrated an 8.2 versus 6.3
cancer detection rate per 1000 screens.172

Additionally, there is also BT identifica-
tion using highly advanced microwave sys-
tems, which facilitate a much safer, non-
ionizing approach to delineate between
healthy and non-healthy tissues, based on
individual dielectric profiles. The present
microwave breast imaging research can be

categorized as follows: microwave tomogra-

phy (MT) and ultra-wideband (UWB) radar

techniques. MT utilizes antennas with a

matching liquid, whereas UWB employs 60

antennas with a matching liquid.173

More recently, ML approaches have

been extensively examined for detecting

BTs. In addition, DL methods have also

been extensively examined. Currently, for

BT microwave imaging, ML and DL have

been used to analyse microwave datasets

from numerical simulations or phantoms

measurements.174 Research evaluated for

the first-time cancer detection using UWB

enhanced by ML and conventional breast

examinations.174 The authors demonstrated

that the SVM quadratic kernel classified

breast information with 98% precision.174

The current review extracted and organized

the data in tabular form and summarized

the application of CT, breast thermal

imaging, PET and microwave imaging tech-

nology in the diagnosis of breast cancer

(Table 4).92,109,147,149,151,167,174–187

Conclusion

In conclusion, the use of ML techniques for

BC imaging has the potential to improve

the accuracy and efficiency of diagnosis,

classification and prediction, thereby

improving patient outcomes and reducing

healthcare costs. ML still has its limitations,

both in terms of imaging and pathological

diagnosis, and ML cannot make a diagnosis

of untrained diseases. In addition, ML

requires a large amount of training data

support, but because of research confiden-

tiality or patient privacy protection, the

effectiveness, safety and universality of

data are the key issues troubling the clinical

application of ML. However, further

research is needed to address the challenges

and limitations of these techniques, and to

develop standardized protocols and bench-

marks for evaluating their performance.
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