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Abstract : Among the most hazardous illnesses for people is cancer, yet there is currently no long-term treatment available. One of
the typical cancers is breast cancer. More than 276,000 new instances of invasive breast cancer and much more than 48,000 non-
invasive instances were detected in India in 2022 alone, based on the National Breast Cancer Foundation. Considering that 64% of
these instances are discovered early in the course of the illness, patients have a 99% probability of surviving. A systematic review
was performed to understand various deep learning algorithms/models, classes and classification of diagnosis, accuracy rate based
on those algorithms/models, databases, methods and performance evaluation parameters. Though various research articles from
reputed journals have been reviewed, a final in-depth review was considered on 45 numbers of papers by eliminating the irrelevant
research articles based on some filtration criteria. The results and discussions are provided which reveals the current trends and
adoptions by the various researchers conducting their research on breast cancer diagnosis using deep learning feature selection

technology.

INTRODUCTION

Typically, cancer is identified as the destruction of healthy
cells and abnormal human cell development. In the case of
breast cancer, abnormal cells infiltrate nearby cells and
spread to other areas of the body. There are two forms of
breast cancer: benign and malignant, also known as semi-
invasive or invasive. Many deep learning researchers begin
their work by determining if a tumor is malignant or not to
determine the severity of breast cancer. Deep learning is a
method of using little to no human interaction to make data
judgments, which is a part of artificial intelligence (Al). It
uses data analysis to find patterns, make judgments, and
create analytical models. In terms of medical data, it is a
subset of health information based on patient safety or
clinical trial protocols, and includes patient electronic health
records.

Al is capable of collecting data from health records,
processing it, and providing a clear result. The algorithm in
this process identifies patterns and provides its own
reasoning. The primary goal of the Al algorithm is to find the
link between prevention or treatment and the patient's
diagnosis. Classification is the process of identifying which
class a given instance of data belongs to. Binary classification
and multiple class classification are also possible techniques.
Regression is the process of using a related set of
characteristics to attempt to predict a label, which is a
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continuous value. Clustering is the process of classifying data
instances into several groups based on how similar they are.
Anomalies, or rare or occasional occurrences that are
misleading or different from the majority of observations,
can also be identified through anomaly detection. In ranking,
labeled data is organized into instances and given rankings,
which are then used by the ranker to determine ranks for
unseen examples. The task of suggesting items or services to
a user based on their past data is called recommendation.
Forecasting is the process of making predictions about the
future based on historical time-series data.

Predictive modeling is a central aspect of deep learning.
Predictive models are trained on historical data to make
predictions for new, unseen data. The performance of the
model is determined by the effectiveness of the method used
to solve the problem. Deep learning algorithms perform well
when given the right data. To improve the performance of
these models, feature selection techniques are often used.
Feature selection, also known as variable selection, is the
process of selecting a subset of variables or features from a
larger dataset to create deep learning models. This helps in
reducing computing costs and improving the performance of
the model. Simpler models require less training time and are
easier to understand. By using fewer variables, the cost of
computing and model construction is reduced. Additionally,
feature selection promotes generalization, which reduces
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model overfitting. Removing irrelevant or noisy variables
can also decrease the chance of data collection errors and
improve generalization.

Predictive modeling forms the majority of deep learning
models. To create predictions for new, unseen data, a
predictive modeling algorithm is trained on past data. The
effectiveness of the approach used to solve the problem
determines how well the supervised neural model performs.
When given the right data, deep learning algorithms perform
efficiently. In this regard, feature selection methods are very
useful. They not only help in reducing computing costs, but
also help the model perform better. The process of choosing
a set of variables or features from the complete dataset to
create deep learning models is called feature selection or
variable selection. It is crucial in building deep learning
models that are faster, simpler, and more straightforward.
Simpler models require less training time and are easier to
understand. A model with ten variables is easier to
understand than one with one hundred variables. Using fewer
variables also lowers the cost of computing and speeds up
model construction. Additionally, feature selection promotes
generalization, which reduces model overfitting.

Breast cancer is a major public health concern and early
detection is crucial for improved outcomes. Given the rapid
advancements in medical technology, it is imperative to keep
pace with the latest developments in breast cancer detection
techniques. A systematic literature review would provide an
in-depth examination of existing research on the subject,
enabling us to identify strengths and weaknesses of current
methods, as well as to identify areas in need of further
research. Furthermore, by synthesizing the available
evidence, we can gain a comprehensive understanding of the
state of the field and make informed recommendations for
future directions. In light of these considerations, we propose
a systematic literature review to gain a deeper understanding
of breast cancer detection techniques and to ultimately
improve the accuracy of diagnoses for patients. It is
important to understand the research articles carried out their
research on breast cancer detection techniques in order to
increase the accuracy of diagnoses. This study was motivated
by the following reasons:

1- The previous researchers have adopted different
screening techniques. Different types of screening
techniques have different strengths and limitations. It is
very much essential to make informed decisions about
which techniques are best suited for detecting breast
cancer. The unique characteristics of each screening
techniques for the diagnosis of breast cancer is also
required to be studied (Saoud et al., 2019).
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2- Another driving factor is the utilization of deep learning
methods for breast cancer detection. As deep learning
methods are commonly utilized in medical research and
the advancement of modern feature selection techniques,
it is imperative to assess and compare these methods for
the examination of breast cancer to determine the most
suitable approach for identifying breast cancer (Kumari
& Chaudhary, 2020).

3- Evaluating the effectiveness of techniques for detecting
breast cancer involves using several assessment criteria,
each with distinct properties. For understanding if new
methods perform better or worse than older ones, it is
crucial to examine the performance of different breast
cancer detection evaluation methods carefully to make
informed choices (Sahu & Panigrahi, 2020).

Objective:

This study focuses on performing a systematic literature
review on previous literatures in the domain of breast cancer
detection using deep learning feature selection technique.
The main topics covered in this paper are:
(1) Theoretical aspects of breast cancer studied in the
previous literatures.
(2) The various methods/strategies, risk factors, target
populations, and shared datasets used in the previous studies
in this domain
(3) The performance comparison of breast cancer prediction
techniques based on deep learning.
(4) Potential future prospects for breast cancer detection
research.

Il. RELATED WORK
The study of breast cancer detection has been a topic of
interest for many researchers, and several methods have been
developed over time to diagnose the condition. In (Abdullah
Farid, 2021), the authors reviewed various data mining and
deep learning techniques for breast cancer prediction. They
found that only a few studies used genetics, with most of the
studies relying on imaging. The three main algorithms used
in genetic breast cancer prediction were SVM, decision trees,
and random forests. Meanwhile, in imaging techniques,
several algorithms such as CNNs and Naive Bayes were
used. The main objective of the document is to enhance the
performance in cancer prognosis prediction and develop a
more generalized outcome classifier for breast cancer. The
document proposes a method that integrates feature selection
and feature extraction methods with deep learning techniques
to learn more representative characteristics from gene
expression profiles. The goal is to construct a more powerful
classifier for predicting clinical outcomes in breast cancer
patients.
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The proposed approach uses two methods for feature
learning: PCA (Principal Component Analysis) and
autoencoder neural network.

PCA is employed as a feature selection method to reduce the
dimensionality of the gene expression profiles. It performs a
linear approximation of the original data and retains
significant information.

After applying PCA, the resulting features are fed into an
autoencoder neural network for feature extraction. The
autoencoder is a nonlinear dimensionality reduction method
that learns high-level and complex features by capturing non-
linear associations among expressions of different genes. The
autoencoder consists of an encoder and a decoder, which
transform the input features into a hidden representation and
then reconstruct the original features, respectively. The
autoencoder is trained using the Adam optimization
algorithm to minimize the reconstruction loss with a sparsity
penalty.

By combining PCA and autoencoder, the proposed approach
aims to learn more representative characteristics from gene
expression profiles and improve the performance of the
classifier for predicting clinical outcomes in breast cancer
patients.The evaluation metrics used to measure the
performance of the proposed method are the area under the
receiver operating characteristic curve (AUC), Matthews
correlation coefficient (MCC), accuracy (ACC), specificity
(SP), and sensitivity (SN). These metrics are commonly used
in classification tasks, especially when dealing with
imbalanced datasets. The AUC measures the overall
performance of the classifier, while the MCC takes into
account true positives, true negatives, false positives, and
false negatives to assess the quality of the predictions. ACC
represents the accuracy of the classifier, SP measures the
ability to correctly identify negative instances, and SN
measures the ability to correctly identify positive instances.
These metrics provide a comprehensive evaluation of the
proposed method's performance in predicting the clinical
outcomes of breast cancer patients.

The authors in (Sahu et al., 2020) focused on gene mutations
to identify breast cancer. They stated that the gene prediction
classification segment aims to perform gene annotation,
discovery, and mutation detection to determine if cancer is
present or absent. They concluded that a variety of
techniques, including regression, probability models, SVMs,
NNs, and deep learning, could be employed.In (Prabadevi et
al., 2020), the authors present five insect-based natural
inspired computing (NIC) algorithms for diagnosing diabetes
and cancer, including breast cancer. They used CNN
classification and private datasets in their study (Kewat et al.,
2020). Based on these surveys, we can contribute to the field
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by learning genetic sequencing and imaging concurrently to
predict breast cancer and gather further knowledge to support
early detection and treatment. We can also provide guidance
to researchers who want to perform studies in this field. In
(Sahu et al., 2019), the authors reviewed recent studies using
various imaging modalities and deep learning to tackle breast
cancer. They focused on three deep learning frameworks for
breast imaging modalities and attempted to provide a
comprehensive overview of the research on breast cancer
imaging using DLR-based CAD systems. They found that
the NIC algorithms performed well in identifying different
types of cancer, with guided ABC and neural networks being
combined to identify breast cancer in (Fotouhi et al., 2019).
The authors emphasized that more research is needed to
identify various stages of cancer and diabetes. The authors in
(Haq et al., 2018) showed the usefulness of neural networks
(NNs) in the categorization of cancer diagnoses, particularly
in the early stages. They found that most NNs have the
potential to identify malignant cells. However, the imaging
technique requires significant processing power to
preprocess the images. The authors in (J. Zhang et al., 2019)
compared the performance of various classification
techniques in the diagnosis of non-communicable diseases
(NCD). The eight classification algorithms were applied to
eight NCD datasets and assessed using the accuracy metric
AUC. The authors found that the KNN, SVM, and NN
algorithms were robust against the noise in the NCD datasets.
They also claimed that using appropriate pre-processing
strategies could solve the irrelevant feature problem, leading
to improved accuracy. In (Asri et al., 2016), the authors
present a review of different methods for classifying breast
cancer using histological image evaluation. These methods
are based on several artificial neural network (ANN) designs.
Thermographic images have the potential to contribute to the
early detection of breast cancer. When used as a screening
tool, thermography can help identify abnormal temperature
patterns in breast tissue. These patterns may indicate the
presence of a tumor or other abnormalities. Early detection
of breast cancer is crucial for successful treatment, and
thermographic images can aid in the early identification of
potential tumors. By detecting abnormalities at an early
stage, thermography can help prevent the spread of cancer
and improve the chances of positive outcomes for patients.
"The absence of prognostic models makes it difficult for
medical professionals to devise treatment strategies that have
the potential to lengthen a patient's overall survival time.
Therefore, time is required to discover the strategy that
produces the least amount of error in order to improve
accuracy. Because the currently available methods to identify
breast cancer, such as mammograms, ultrasounds, and
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biopsies, take a significant amount of time, there was a
demand for a computerised diagnostic system that utilised the
technique of machine learning. This methodology makes use
of algorithms that speed up the process of classifying the
tumour, improve the accuracy with which cells are located,
and shorten the amount of time required to do so." "'In recent
years, thermography has become an increasingly widespread
method, particularly for the detection of cervical cancer [12].
This is because of the appealing realities from its own
relatively safe invention, in addition to the chance of future
upgrades made possible by cutting-edge technical
improvement. The current research being conducted in this
area is to arrive at a tumour outcome that is more definitive
and can be agreed upon by a large number of people, and
which can be utilised as a recommendation for breast cancer
screening.

Machine learning algorithms are utilized in the identification
and recognition of breast tumors through the application of
computer-aided  diagnosis (CAD) methods. These
algorithms, such as Convolutional Neural Networks (CNN),
Support Vector Machines (SVM), and Random Forest, are
trained on large datasets of mammography images.

The algorithms use pattern recognition techniques to analyze
the images and locate potential tumors. They learn to
distinguish between different classes of tumors, such as
malignant and benign, or cancerous and non-cancerous. By
analyzing the features and patterns in the images, the
algorithms can make predictions about the presence and
nature of tumors.

Additionally, pre-processing techniques may be applied to
the mammography images before feeding them into the
machine learning algorithms. These pre-processing
techniques enhance the quality of the images and improve the
success rate of tumor classification.

Overall, machine learning algorithms play a crucial role in
automating the identification and recognition of breast
tumors, enabling faster and more accurate diagnoses

The authors found that ANNs were first used for histological
image analysis around 2012, with the two most commonly
used algorithms being ANNs and PNNs. Most of the work on
feature extraction has used textural and morphological
features.

Methodology

The methodology of this research is focused on carrying out
a systematic literature review on breast cancer detection
using deep learning features selection. The step wise
procedure which was followed in the systematic literature
review includes the following:
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1- ldentification: A systematic literature review was carried
out on the topic of breast cancer detection using deep
learning with feature selection. The Scopus database was
used to identify relevant articles using the search terms
"deep learning" or "deep neural network" combined with
"gene," "genomics,” "microarray,” "DNA," "X-ray,"
"mammaography,” "MRI," and "ultrasound.” A total of
738 articles were initially identified.

2- Screening: The titles and abstracts of the 738 articles were
screened to determine the relevance of each study to the
research question and to remove irrelevant articles. 215
articles were found to be potentially relevant and
advanced to the full-text assessment stage.

3- Eligibility: The full-text of the 215 articles was assessed
against pre-defined eligibility criteria. The eligibility
criteria included papers written in English, focusing on
the identification and treatment of breast cancer,
discussing deep learning or a combination of deep
learning and machine learning, discussing gene
expression data and imaging data, and being published in
journals or conferences related to medicine or biomedical
engineering. 86 articles were deemed eligible for
inclusion in the review.

4- Included criteria: The eligible articles were selected for
inclusion based on their relevance to the research
question and their publication between January 2010 and
December 2022. The study focused on research that used
genetic expression and image data, and also concentrated
on journal and conference articles. Only peer-reviewed
articles were included in this study.

5- Data extraction: Relevant data was extracted from the
eligible articles, including study design, population,
intervention, outcome measures, and results.

6- Data synthesis: The extracted data was analysed and
synthesized to provide an overview of the findings of the
included studies. The synthesis considered the deep
learning models or algorithms, diagnosis classification
types, classes, accuracy, performance evaluation
parameters, datasets and methods of the studies.

7- Conclusion: The results of the systematic literature
review were summarized and recommendations for future
research based on the results. In total, 45 articles were
included in the review after the screening, eligibility, and
inclusion processes were completed.

IV. RESULTS AND DISCUSSION
Our comprehensive search yielded 45 publications
(including journal articles and conference proceedings) after
thoroughly reviewed. The results have been presented as
below.
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Figure 1 shows how information moves via a systematic review's many stages.

The reviewed literatures have been systematically displayed
on the basis of the models or algorithms, diagnosis

classification

Table 1. List of the articles based on Algorithms/Models, Diagnosis Classification Type, Classes and Accuracy.

types,

classes, accuracy,

performance

evaluation parameters, datasets and methods of the studies.
The data are summarized in the table 1 as below.

. Diagnosis
.. il Algorithms / -
Citation g Classificati | Classes Accuracy
Models
on Type
Nguyen et Non-recurrent
al., 2013 Random Forest Multiclass with 151 samples | 99.82% on WBCDD and 99.7% on
Classifier and recurrent with | WBCPD
47
Nayeem et | Sparse .
. . Mal
al., 2014 Representation Binary a !gnant and AUC =93.31%
o Benign
Classifier
Wang et al., Microcalcificatio Microcalcifications: 87.3%;
2016 SAE Multiclass Microcalcifications and masses:
ns and masses
89.7%
Sheikhpour . Benign and
etal., 2016 PSO-KDE Binary Malign Better performance than GA-KDE
;fruzzof;? ot ng,z.st'.vvee) T“m,\?c: Dice coefficient (75.86%), Positive
B CNN Binary Invasive ’ Tumor Predictive Value (71.62%),
. Negative Predictive Value (96.77%)
(Negative)
(Han et al., Ductal carcinoma,
2017 . Fibroadenoma,
) CSDCNN Multiclass foroacen Average 93.2% accuracy
Lobular
carcinoma
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(Galvéan- RF: AUC = 0.936, OOB error =
tejada et al., 7.640%, False positives = 8, False
2017) benign negatives = 9; NC: AUC = 0.937,
, _ 0 L
RF, K-NN, NC Multiclass malignant,  and OOBerror 7'160.A)’ False positives
indeterminate = 10, False negatives = 7; K-NN:
AUC =0.967, OOB error = 6.440%,
False positives = 8, False negatives
=19
Bhardwaj et | Genetic
I, 2018 P i . . . lassificati
al., (Cr;(;gsrfe;gmmg Binary Benign, Malign classification accuracy
Khuriwal, Convolutional
and Mishra, | Neural Network Binary Benign, Malign 98%
2018
Jannesari et que-tuned v 99.8% (four cancer types), 98.7%
al., 2018 trained deep . -
(benign/malignant breast cancers),
neural networks
. . . 94.8% (ResNet V1 50
(ResNet V1 50 | Binary Benign, Malign ! 1
benign/malignant sub-types), 96.4%
and ResNet V1 . .
(ResNet V1 152 benign/malignant
152)
sub-types)
(Motlagh et Accuracy for 4 Cancer Types In Pre-
al., 2018) trained Model: 99.8% by ResNet V1
& 98.7% by ResNet V1 152;
ResNet V1 50, . . ’ (benign vs malignant: 94.8% by
ResNetV1152 | Cmany Benign, Malign | o cNet V1 50 & 96.4% by ResNet
V1 152) Sensitivity values: 1, 0.995,
0.993; AUC scores: 0.996, 0.973,
0.996
Mekha and | Deep Learning,
Teeyasuksa | Naive Bayes
et, 2019 (NB), Decision types of breast
Tree (DT),
Support  Vector | Multiclass cancers hased op
0,
Machine (SVM), ;:Z:Srres cell | 96.99%
Vote (DT + NB +
SVM), Random
Forest (RF),
AdaBoost
(Xie et al., binary
2019) . classification IRV2+AE+Kmeans algorithm had
Inception_V3, . .
Incention ResNe | Both Binar breast cancer vs | the highest clustering accuracy of
ption_ y normal, 76.4% on the 200X dataset, while
t V2, and . .
. multiclass the IRV2+Kmeans algorithm had a
Autoencoder Multiclass . .
network classification and | best clustering accuracy of 59.3% on
4 subclasses of | the 40X dataset
breast cancer
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(He et al, BRISK Malignancy Sensitivity = 100%, Specificity =
2019) Binary (positive) and | 74%, Total accuracy = 81%, Area
benign (negative) | under the curve (AUC) =0.93
(Akselrod- Predict biopsy
ballin et al., malignancy, Area under the Receiver Operating
2019) Differentiate Characteristic curve (AUC) of 0.91
XGBoost, . . e
Binary normal from | with specificity of 77.3% and
DNNs, SHAP e
abnormal sensitivity of 87%
screening
examinations
(Yang et al., C-index of 0.829 in the primary
2019) cohort and 0.809 in the validation
Convolutional HER2 status | cohort. 0.760 in primary cohort,
Neural Network | Binary (Positive or | 0.777 in validation cohort for deep
(CNN) Negative) radiomics  signature; 0.829 in
primary cohort, 0.809 in validation
cohort for combined model)
ggg? et aly :gg':nel I(ér:i:; Area under curve (AUC) of 0.801
metastasis (95% CI: 0.736-0.867) in primary
pre-trained Binar (yesino), ailifaet cohort, AUC of 0.817 (95% CI:
(CNN) y Y y .| 0.751-0.884) in validation cohort,
of metastatic S
SLNs (1.2 or AUC of 0.770 for distinction
between number of metastatic SLNs
more than two)
Sha et al, CNN Sensitivity  (96%),  Specificity
2020 Grass:ho ¢ Binar Cancerous region, | (93%), Positive Predictive Value
e pp_ y Normal region (PPV) (85%), Negative Predictive
Optimization
B i, Value (NPV) (97%), Accuracy
g (92%)
Zhou et al., | Convolutional Accuracy, Sensitivity (85% for
2020 Neural Networks Positive/Negative | Inception V3), Specificity (73% for
(CNNs) " | Binar (for axillary | Inception V3), Receiver Operating
Inception V3, y lymph node | Characteristic Curves, Areas under
Inception- metastasis) the Receiver Operating
ResNet V2, Characteristic Curve (AUCs), Heat
ResNet-101 Maps
Zhengetal., | Deep Learning
2020 ng;s;ggsfffluent Binary Malignant, Accuracy  97.20%,  Sensitivity
1 0, ifici 0,
Algorithm Benign 98.3%, Specificity 96.5%
(DLA-EABA)
(Duanmu et Pathological
al., 2020) convolutional Complete
. Response and Not | Accuracy=83%, AUC = 0.80,
Neural Network | Binary . e .
Pathological Sensitivity = 0.68, Specificity = 0.88
(CNN)
Complete
Response
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(Shang et Cancerous vs | GoogLeNet on fluorescence images:
al., 2020) normal sample of | 89.5% (validation sets), 88.61% (test
GoogLeNet, two breast cancer | sets); BP-neural ne.two:k on _Rarr?an
BP-neural _ We_re detected | spectra of collagen: 97% (validation
Binary using sets), 95.33% (test sets); BP-neural
networks,  and L
PLS fluorescence network on Raman spectra of lipid:
imaging and | 100% (validation sets), 98.67% (test
Raman sets); PLS on characteristic variable
spectroscopy matrix: 100% correct prediction
(Sun et al., AUCs (Area under the ROC curve) -
2020) image-only CNNs: 0.957/0.912
Deep (training/testing cohorts) for
Convolutional el U combined region, 0.944/0.775 for
Neural Network : peritumoral region, and 0.937/0.748
Binary Node (ALN) ] . .
(CNN), Metastasis for intratumoral region; radiomics
DenseNet, models: 0.940/0.886, 0.920/0.724,
Random Forest and 0.913/0.693; image-molecular
CNNs: 0.962/0.933, 0.951/0.813,
and 0.931/0.794
(Yousefi et | Sparse PCT, Symptomatic
al., 2020) Deep Sparse | Binary patients, Healthy | 78.16% (73.3-81.07%)
Autoencoder Participants
(S. Sharma, | Handcrafted
2020) Approach  (RF
Classifier); BOW multiple classes | Patch-based (93.97% for 40x,
+ SVM Model, for 92.92% for 100x, 91.23% for 200X,
LLC + SVM Multiclass histopathological | 91.79% for 400x) and patient-based
Model, BOW + image (93.25% for 40x, 91.87% for 100x,
CNN; LLC + classification 91.5% for 200x, 92.31% for 400x)
CNN; VGG1s,
VGG19,
ResNet50
(Zheng et Disease-free
al., 2020) axilla and any | For predicting ALN status 0.902
A axillary AUC (95%Cl: 0.843, 0.961),
Deep  learning . - .
radiomics (DLR) Binary metastasis, low | For dlsgrlmlnatlng low and heavy
and heavy | metastatic burden 0.905 AUC
metastatic burden | (95%CI: 0.814, 0.996)
of axillary disease
(Guo et al., . Sensitivity: 98.4% (95% CI 96.6-
2020) Multicentre deep l':l/lc?:—lls\t/laettlzstatic ?r: 100) for metastatic SLN and 98.4%
learning Sentinel  Lymph (95% CI 95.6?99.9) fqr _metastatic
radiomics of | Binary Node (SLN) and NSLN; Negative Predictive Vall.Je:
ultrasonography Non-Sentinel 97% (95% CI 94.2-100) for low-risk
model (DLRU) Lymph Node (LR) SLN, 91.7% (95% CI 88.8-
97.9) for high-risk (HR) SLN & LR-
(NSLN) NSLN
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(Suh et al., . Mean AUS: 0.952 + 0.005 for
2020) DenseNet-169, Malignant VS | penceNet-169 and 0.954 0,020 for
EfficientNet-B5 benign (detection .
. . . EfficientNet-B5
(Convolutional Binary of any malignant
Eiﬁvﬂrks) :ﬁ?r?]:m rams) on Sensitivity: 0.81 + 0.01, Specificity:
g 0.82 +0.01
(Gopal et | Machine
al., 2021) Learning (MLP RF classifier - 521/569 instances
Classifier) and correctly classified (91.36%), MLP
comparison with Binar Benign, classifier - 559/569 instances
Logistic y Malignant correctly classified (98.25%), LR
Regression (LR) classifier - 453/569 instances
and Random correctly classified (79.47%)
Forest (RF)
Mishra et : two classes of | . -
al.. 2021 Particle  Swarm High average prediction accuracy,
' " N . breast cancer e o,
Optimization Binary (positive or sensitivity, specificity, and AUC of
(BPSO) P . the ROC curve.
negative)
(X.  Zhang « Diagnostic accuracy using DLM
etal., 2021) ¥ . . for BI-RADS 4a patients: 92.86%
Optimized deep I triple-negative,
. Binary and * AUC for molecular subtypes
learning  model . HER2 (+), and Y. . .
(DLM) Multiclass HR (4) predictions: 0.864 (triple-negative),
0.811 (HER2 (+)), 0.837 (HR (+))
(Bychkov et ERBB2-positive AUC 0.70 (on tissue microarray
al., 2021) CNN Binary and ERBB2- | samples), on par with the previous
negative study (AUC 0.74)
(Kim et al., | Weakly-
2021) zlljp(frri\::;d ;’a Weakly-supervised DL algorithm:
fu?l supervised Benian AUC 0.86-0.96; Fully-supervised
DL);I oriithm (U- Binary Malign;ant DL algorithm (U-Net): AUC 0.89-
g g 0.96 (internal validation) and 0.85
Net based N
: (external validation)
segmentation
model)
Ghosh et Binary benign or 0
al., 2021 LSTM and CRY (Diagnostic) | malignant Rsio%
Qian et al., five main | Areas under the receiver operating
2021 Explainable categories, curve of 0.922 (95% CI=0.868—
deep learnin Multiclass ranging from | 0.959) for bimodal images and 0.955
P g benign findingsto | (95%  CI=0.909-0.982)  for
system . L . .
highly suspicious | multimodal images.
findings
(Boumaraf | Conventional .
. . benign and .
etal., 2021) | Machine Binary malianant  breast CML: 94.05% to 98.13% for binary
Learning (CML), | classificatio g . classification and 76.77% to 88.95%
. cancer and their 8 e
Deep Learning | n for 8-class classification
(OL) sub-classes
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(Li et al, " . AUC: 0.847 (direct prediction),
2021) Binar Potential 0.853  (processed b logistic
DL-based pCR- Y Responders” or | P y g
score (predicting wpotential  Nom- regression), 0.890 (mean AUC of
pCR) " integrated model); F1 score: 0.503
responders L .
(processed by logistic regression)
(Jumanto et _
al., 2022) Backpropagation B'“afy Malignant (212),
ANN (Malignant Benign (357) 98.30%
and Benign) g
(Samee et trai
al., 2022) Pre tra|!1ed CNN MRMRSEEMIM. Accuracy  98.50%,  Sensitivity
’ Models: Multiclass | S0 PISRVCAP o0 1606, Specificity  (98.99%)
AlexNet, VGG, CIFE and Preéisi;n'(% 580/) y 9855,
GoogleNet CONDRED Rl
(Alfian et | SUESNID 2SS The proposed SVM with extra-trees
al., 2022) trees, LR, MLP, .
. model achieved 80.23% accuracy,
DT, KNN, RF, . benign or | . .
Binary . higher than other models with up to
Dy <treme, malignant a 13.61% average accurac
XGBoost), and i rovéme:lt g y
AdaBoost P '
(A. Sharma Accuracy of
& Mishra, ANN 98.83%;
2022) NB 95.90%;
.
LR, DT, SVM. SVM 99.11/oursmgfeaturesselected
by Correlation-based feature
ANN, Adaboost, \ . !
XGBoost NB. | Binar Diagnosis (class | selection (CFS);
RE KNN’ ’ y label) LR 98.83% using features selected
’ by Sequential Forward Selection
(SFS);
The wvoting classifier proposed
achieved an accuracy of 99.41%
using SVM, LR, and ANN
(Arslan et Accuracy:
al., 2022) PANProfiler Binar positive or | 87% (ER),
(ER, PR, HER2) y negative 83% (PR),
87% (HER2)
(Jabeen et | Convolutional
al., 2022) Neural Network ; breast cancer 0
(CNN) with Multiclass. classification 99.1% accuracy
DarkNet-53
(Allugunti, Binary (for cancer, no cancer, | 99.65% (CNN), 89.84% (SVM),
2022) CNN), SVM, RF | all three
non-cancerous 90.55% (Random Forest)
models)
Jiang et al., | PAA object .
. Benign or
2022 detection Binar Malignant Improved Diagnostic efficienc
algorithm y g P g y

Table 2. List of the articles based on dataset, methods and performance evaluation parameters
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Wisconsin Breast
Cancer Prognosis
Dataset
(WBCPD)

Performance
Citation Dataset Methods Evaluation
Parameters
Nguyen et al., 2013 Wisconsin Breast
Cancer Diagnosis
Dataset L
(WBCDD) and | Feature Selection Technique ROC.’_ . Sensitivity,
Specificity

Nayeem et al., 2014

504
pathologically
diagnosed breast
tumors including
454 benign and
50 malignant
tumors

Multi-Cluster Feature
Selection, fed with a set of 25
features.

Area Under the
Receiver ~ Operating
Characteristic Curve

Wang et al., 2016

SunYat-sen
University
Cancer  Center
(Guangzhou,
China) and
Nanhai Affiliated
Hospital of
Southern

Medical
University
(Foshan, China)

Semi-automated segmentation,
discrimination classifier

Discriminative
accuracy with micro-
classification and
masses

Sheikhpour et al., 2016

1204 Females
from Wisconsin

Cancer Genome
Atlas (validation)

Breast  Cancer | Particle Swarm Optimization
Dataset (PSO), Non-parametric Kernel | classification
(WBCD), Density Estimation (KDE), | accuracy, sensitivity,
Wisconsin feature  subset  selection, | specificity
Diagnosis Breast | performance evaluation
Cancer Database
(WDBC)
(Cruz-roa et al., 2017) Dice coefficient
D ith i
400 exemplars (DSC) with a median
. . value of 0.7764,
from multiple | Deep-learning based approach .
. . . . o L Cohen's Kappa
different sitesand | with three main steps: (i) tile .
. . N coefficient (k) equal to
scanners tissue sampling, (ii) tile pre- .
. . 0.74851, reflecting
(training), 200 | processing, and (iii) ConvNet-
. good agreement
cases from The | based classification.
between expert

pathologists. The DSC
agreement was found
to be greater than 0.7
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for a majority of the
images studied,
indicating good
agreement.

(Han et al., 2017)

BreaKHis

Class Structure-based Deep
Convolutional Neural Network
(CSDCNN) which focuses on
focuses on feature learning
adopts an end-to-end training
manner and automatically learn
hierarchical features from low-
level to high-level. It also
incorporates  feature  space
distance constraints to control
the similarities of different
classes of histopathological
images

Accuracy

(Galvan-tejada et al.,
2017)

Mammography
image  features
from BCDR
public databases

Training and Blind Test
methodology, Statistical
Analysis, Frequency Graph,
OR values

Sensitivity/Specificity
, Error rate

Bhardwaj et al., 2018

Wisconsin Breast

Cancer (WBC),
Wisconsin
PR simultaneous feature selection | sensitivity, specificity,
P s and classification confusion matrix
(WDBC) from
ucCl Machine
Learning
repository
Khuriwal, and Mishra, Deep learning technology, pre-
2018 processing (Watershed
Segmentation, Colour based
Mammograph segmentation, Adaptive Mean

MIAS database

Filters), label encoding,
normalization, data scaling,
training and testing data split,
model implementation

Accuracy

Jannesari et al., 2018 Tissue  micro- e .
Automated classification of
arrays (TMAS) . . . -
e cancers using histopathological | Accuracy, Sensitivity,
training samples, | . . . .
BreakHis images, machine learning | AUC, False negative,
approach,  fine-tunin re- | False positive
database (7, 909 pp ne-iuning -~ p POSIEV
. trained deep neural networks
images)
(Motlagh et al., 2018) Tissue  micro-
arrays (TMAs) | feature extraction, e
e I accuracy, sensitivity,
training samples | classification AUC
(6,402),
BreakHis
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records archived
in the Houston
Methodist

systemwide data
warehouse from

database (7,909
images)
Mekha and | Breast  Cancer | Ten-fold cross-validation,
Teeyasuksaet, 2019 Wisconsin machine learning tool | Accuracy
dataset RapidMiner
(Xie et al., 2019) histopathological | supervised deep learning . .
. . comparison to existing
images of breast | (transfer learning), .
. . methods,  clustering
cancer from | unsupervised deep learning
. . . results, feature
BreaKHis (feature extraction, clustering )
. extraction results
database analysis)
(He et al., 2019) 5,147 patient

health records for
at least 1 year
before

with a 95% confidence interval
(CI) or by using the Delong
test Performance.

2006 to May | Natural language processing Sen5|_t|_V|_ty,
. . . Specificity, Total
2015, including | and deep learning
. . accuracy, AUC
imaging and
pathology
reports,
mammographic
images, and
patient
demographics
(Akselrod-ballin et al., | 52,936  images
2019) from 13,234
women who | Trained on 9611 mammograms
underwent at | and health records, Estimated
o ) Area under the
least one | the association of features with . .
. Receiver ~ Operating
mammogram outcomes by using t test and oy
. Characteristic  curve
between 2013 | Fisher exact test, Model
. . (AUC),  Specificity,
and 2017, with | comparisons were performed B
Sensitivity

undergoing
mammography
(Yang et al., 2019) 339 female
patients . with MDCT-based handcrafted and
pathologically L C
) deep radiomics feature | Discrimination,
confirmed . . L
. . extraction, feature selection | calibration, and
invasive  breast L .
procedures, and multivariate | clinical usefulness
cancer from logistic regression analysis
ILSVRC-2012 gistcreg y
dataset

(YYang et al., 2020)

348 breast cancer
patients from

contrast-enhanced CT
preoperative examinations, CT
image  segmentation  and

Discrimination,
calibration, and
clinical usefulness
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ILSVRC-2012
dataset

analysis, feature selection, deep
learning signature construction

Sha et al., 2020

Mammographic
Image Analysis
Society Digital
Mammogram

Database, Digital
Database for

Image noise reduction, Optimal
image segmentation,
Optimized feature extraction
and feature selection

Sensitivity,
Specificity,
NPV, Accuracy

PPV,

Screening
Mammography
Zhou et al., 2020 Data set from
Tongji  Hospital
74 i i L
© . Ll Accuracy, Sensitivity,
studies from b .
2016 to 2018 Specificity, Receiver
. " | Training on 90% of the Tongji | Operating
756 patients), . . b
. Hospital data set and testing on | Characteristic Curves,
independent test .
. | remaining 10%, as well as | Areas under the
set from Hubei | . : .
: independent test set. Receiver  Operating
Cancer Hospital w0
(81 e Characteristic  Curve
Judics = (AUCs), Heat Maps

2018 to 2019, 78
patients)

Zheng et al., 2020

Breast
Ultrasound
Images (BUSI)

Deep Convolutional Neural
Network (CNN), LSTM, Max-
pooling, feature selection and
extraction, evaluation using
classification and segmentation
techniques

Accuracy, Sensitivity,
Specificity

(Duanmu et al., 2020)

I-SPY-1 TRIAL,
112 patients with
stage 2 or 3 breast
cancer

Integration of 3D MRI imaging
data, molecular data, and
demographic data Performance

Accuracy, AUC,
Sensitivity, Specificity

(Shang et al., 2020)

Fluorescence

Transfer learning, data
augmentation, adding dropout
layer, histogram equalization,

images and Discriminant
pseudo-colour  enhancement -
Raman spectra of . . accuracy, prediction
. processing, and combining
breast tissue o accuracy
fluorescence  imaging and

samples

Raman spectroscopy with deep
learning and PLS

(Sun et al., 2020)

Retrospectively
enrolled 479

AUCs (Area under the
ROC curve) for each

r ncer . i

b e-ast ca (?e ROC analysis model,  comparison
patients with between models and
2,395 breast regions,  prospective
ultrasound o, o
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images, study for overall
prospectively performance.
enrolled 16
patients
(Yousefi et al., 2020) Robustness  against
Dimensionality reduction using | noise, Feature
. sparse  multiple  low-rank | selection robustness,
Infrared images . L . .
. . . matrix approximations, | Reduction in
with intensity - . . . .
. . Sparsity in calculation of low- | dimensionality,
information . . L
L rank representative of basis | Elimination of manual
similar to natural . . e .
images - 208 matrices, Recursive training of | feature selection,
.g \ autoencoder network, | Alleviation of motion
subjects . . . .
Association of low-level deep | artifacts and imaging
features with basis set acquisition noise
(S. Sharma, 2020) Handcrafted features, Bag of
Words  (BOW),  Locality
Constrained Linear Coding | Accuracy (Patch-
. LL ial Pyrami n ient-
BreakHis ( C)I Spatia y_a d | based and patient
Matching, Convolutional | based), F1-score,
Neural ~ Networks  (CNN), | Precision, Recall.

Fractal dimension technique,
Transfer learning

(Zheng et al., 2020)

584  malignant
breast lesions
from test cohort

Clinical parameter combined
DLR

under  the
operating
curve

Areas
receiver
characteristic
(AUC)

(Guo et al., 2020)

937 eligible
breast cancer
patients with
ultrasound

images, used as
training set
(n=542) and
independent test
set (n=395)

Deep learning radiomics and
axillary ultrasound to predict
the risk of SLN and NSLN
metastasis

Sensitivity, Negative
Predictive Value

(Suh et al., 2020)

1501  subjects
underwent digital
mammography

between Feb
2007 to May
2015, with 3002

Meta-analysis, pool analysis

MeanAUC,
Sensitivity, Specificity

merged
mammaograms
(Gopal et al., 2021) . Feature selection using | Precision, Recall, F1-
569 instances . ..
correlation coefficient, | score, Support, Mean

from Wisconsin
Breast cancer
Dataset (WBCD)

Principal Component Analysis
(PCA), and multiple filtering
methods.

Absolute Error
(MAE), Root Mean
Square Error (RMSE),
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Relative Absolute
Error (RAE)
Mishra et al., 2021 Breast  Cancer -

. average prediction
Coimbra Dataset accuracy, sensitivit
(BCCD)  and racy, Vi
Breast  Cancer specificity, area under

) . feature selection the curve (AUC) of the
Wisconsin receiver operating
Diagnostic -

Dataset zzi\rlzcterlstlcs (ROC)
(BCWDD)

(X. Zhang et al., 2021)

Breast ultrasound
images collected

from two ]

hospitals; ISREERRRCORGILE /T Accuracy, sensitivit
DS Network (DCNN) and racy. 4

Training set: . specificity, AUC,

. Convolutional Neural Network Y .

2,822 images; ° (CNN) Diagnostic  accuracy

Test set: 707 using DLM

images; .

External test set:

210 images

(Bychkov et al., 2021) | FinHer dataset | Tissue microarray (TMA), AUC
(external test set) | whole slide tumor sections
(Kim et al., 2021) 1000 Region-based  classification,

unannotated US | image-based classification, box

images (500 | convolution network, VGG-16, . .
h . AUC, t

benign and 500 | automated segmentation, DL UG dla}gnqs ¢
; ! ) accuracy, localization

malignant techniques, fully convolutional

masses) networks,  active  contour

model, dilated fully CNN

Ghosh et al., 2021

Wisconsin Breast
Cancer
(Diagnostic)
Dataset

Deep Learning, image
processing, machine learning

Accuracy

Qian et al., 2021

10,815
multimodal
breast-ultrasound
images of 721
biopsy-
confirmed
lesions from 634
patients  across
two hospitals and
prospectively
tested on 912
additional images
of 152 lesions
from 141 patients

Deep learning, augmented with
heatmaps for malignancy risk

AUC
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(Boumaraf et al., 2021)

BreaKHis,
KIMIA Path960

Handcrafted feature extraction,
transfer learning approach,
fine-tuning, attention maps

Accuracy, visual
explanation of learned
features

(Li et al., 2021)

540 breast cancer
patients receiving
standard

Histological image analysis,
Logistic regression

AUC, Accuracy, F1
score

neoadjuvant
chemotherapy
(Jumanto et al., 2022) Data collection, Data
preprocessing (data
. . transformation, data
Wisconsin Breast P
normalization, and Forward . .
Cancer : Confusion Matrix,
A , Feature Selection), .
(Diagnostic) o ‘ Detection Accuracy
Data Set Classification using
Backpropagation ANN,
Performance evaluation using
Confusion Matrix
(Samee et al., 2022) Transfer learning, pre-trained
Convolutional Neural
Network NN), d
INbreast ervorks (C. ). i il .
learning, univariate-based | Accuracy, Sensitivity,
mammograms . A »
paradigm, feature | Specificity, Precision
dimensionality curse, deep
convolutional networks,
shallow and deep features
(Alfian et al., 2022) Accuracy, precision,
Coimbra breast specificity, sensitivity,

cancer dataset

Extra-trees classifier

AUC, recall, and ROC
curve

(A. Sharma & Mishra,
2022)

Wisconsin Breast
Cancer (WDBC)

datasets acquired | Correlation-based  selection, ..
. . Accuracy, Precision,
from UCI | Information Gain based
. . . . Recall, F-measure,
machine learning | selection, Sequential feature 4
; . CPU time, Memory,
repository; 569 | selection, and Ensemble based
. e Error rate
samples  (212- | Max Voting Classifier.
Malignant, and
357-benign)
(Arslan et al., 2022) Cancer Genome T ipeline  (tile
Atls  (TCGA) processing  pip ;
extraction, background tile
open-access NN .
elimination, tumour region

dataset for the

detection, Macenko color and

gtriiisgcarcinoma brightness nqrmalization, Test Replacement
(BRCA)  study ground_—tr_uth labeling), end-to- | Trade-off (TRR)

[22] (ie TCGA. | &d training of CNN (encoder,

BRCA), decoder, and classification

proprietary
dataset by a

module), mean pooling to
produce final slide-level scores
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dataset with data
augmentation

fusion with a probability-based
serial approach.

private  clinical
data provider
(e.g. BiolVT)
(Jabeen et al., 2022) Deep learning, feature selection
Breast . . .
with  reformed differential
Ultrasound .
Images  (BUSI) evaluation (RDE) and reformed Accurac
g gray wolf (RGW), feature y

classifier

(Allugunti, 2022) Elapsed time,
for th . . 1 lidati

database for the Chiiter-nided Diagnasis va.ld_atlon accqrgcy,

management  of (CAD) training precision,

CAD training error, training

loss, confusion matrix

Jiang et al., 2022 compared with state-
of-the-art  methods,

. i d di ti
. single-stage PAA-based | mProve 1agnostic
integrated three efficiency of

ublic datasets of detector; - CyggENEY ROI radiologists b
P detector; « threshold-adaptive g_ y
mammaograms st-or i - NN automatically

(CBIS-DDSM, | P> PO lE FEONEY " detecting and
INbreast, MIAS) ’ & classifying breast

lesions and classifying
benign and malignant
mammograms

ALGORITHMS
A systematic literature review is a comprehensive evaluation
of research studies related to a specific topic. The algorithm
or models used in these studies play a crucial role in
determining the outcomes of the research. The algorithms or
models used can be conventional machine learning
techniques, deep learning algorithms, or a combination of
both. The choice of algorithms or models depends on the type
of data and the specific research question being addressed.
Some popular algorithms or models used in literature include
Convolutional Neural Networks (CNN), Random Forest
(RF), Support Vector Machines (SVM), and Deep Learning.
The systematic literature review on various research articles
in the field of machine learning and computer vision has
shown a wide range of algorithms and models being adopted
for various tasks. The most commonly used algorithms are
Random Forest Classifier, Convolutional Neural Networks
(CNNSs), Support Vector Machine (SVM), Decision Tree
(DT), Naive Bayes (NB), Deep Learning, and XGBoost.
Other popular algorithms include Sparse Representation
Classifier, SAE, PSO-KDE, CSDCNN, K-NN, NC, Genetic
Programming (GPsfsc), Inception_V3,

IJRITCC | November 2023, Available @ http://www.ijritcc.org

Inception_ResNet V2, ResNet V1 50, ResNet V1 152,
BRISK, and SHAP. In terms of deep learning-based models,
pre-trained models like AlexNet, VGG, and GoogleNet have
been widely used, as well as fine-tuned versions of ResNet
V1 50 and ResNet V1 152. Additionally, new architectures
such as DenseNet, Inception-ResNet V2, and ResNet-101
have been introduced and applied to various tasks. The use
of autoencoder networks and the combination of various
models like DT, NB, SVM, RF, AdaBoost, XGBoost, MLP,
and KNN have also been reported. In terms of optimizing
deep learning models, algorithms like the Grasshopper
Optimization Algorithm and Particle Swarm Optimization
(BPSO) have been used. Deep learning radiomics (DLR) and
Multicentre deep learning radiomics of ultrasonography
(DLRU) models have been introduced as well. In the
comparison of conventional machine learning and deep
learning, the study of DL-based pCR-score and the use of
LSTM and GRU models have been reported. The
PANProfiler (ER, PR, HER2) algorithm and the PAA object
detection algorithm have been applied in the field of object
detection. The use of the DarkNet-53 and CNN in
conjunction with SVM and RF have also been reported.
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The systematic literature review analyzed various research
articles which adopted deep learning and machine learning
algorithms/models for various purposes. Deep learning
algorithms/models such as Convolutional Neural Network
(CNN) were the most commonly used, with 8 mentions in the
literature. Inception V3, Inception-ResNet V2, and ResNet-
101 were also mentioned 2 times each, while other deep
learning models such as Deep Convolutional Neural Network
(CNN) and DenseNet were each mentioned 2 times. The use
of fine-tuned pre-trained deep neural networks (ResNet V1
50 and ResNet V1 152) was also noted 2 times. Autoencoder
network, deep learning radiomics (DLR), and a weakly-
supervised deep learning algorithm were each mentioned
once.

Machine learning algorithms/models were also analyzed in
the literature, with Random Forest (RF) being the most
frequently used, with 5 mentions. Support Vector Machine
(SVM) and Decision Tree (DT) were each mentioned 4 and
3 times, respectively. Naive Bayes (NB), XGBoost, and K-
NN were each mentioned 3 times. AdaBoost and MLP
Classifier were each mentioned 2 times, while Logistic
Regression (LR) and Vote (DT + NB + SVM) were each
mentioned once. Other machine learning models such as
LSTM, GRU, Handcrafted Approach (RF Classifier), and
Particle Swarm Optimization (BPSO) were also noted once.
The combination of various machine learning models such as
SVM with extra-trees, LR, MLP, DT, KNN, RF, NB,
eXtreme, and XGBoost was also mentioned once

In conclusion, the literature review has shown the wide range
of algorithms and models adopted in the field of machine
learning and computer vision, with a particular emphasis on
deep learning and its various pre-trained models, and the
optimization of deep learning models.

CLASS AND CLASSIFICATIONS:

In object-oriented programming, a class is a blueprint for
creating objects (a particular data structure), providing initial
values for state (member variables or attributes), and
implementations of behavior (member functions or
methods). The objects created from a class are called
instances of that class. Classes also allow for inheritance,
where a subclass can inherit the attributes and behaviors from
a superclass, and polymorphism, where different classes can
implement a method with the same name in different ways.

Classification is a type of machine learning problem that
involves assigning a label to an input data point based on a
set of predefined classes. This is often performed using
algorithms such as k-Nearest Neighbors, Naive Bayes,
Decision Trees, Random Forests, Support Vector Machines,
Neural Networks, etc. The goal of the classification

IJRITCC | November 2023, Available @ http://www.ijritcc.org

algorithms is to accurately predict the class label of new,
unseen data.

The majority of the articles in this systematic literature
review (25) focus on binary classification tasks, with the goal
of differentiating between two classes such as malignant vs.
benign, positive vs. negative for a specific variable (e.g.,
HER?2 status), or disease present vs. disease absent. Other
binary classification tasks included differentiating between
invasive and non-invasive tumors, cancerous and normal
regions, metastatic and non-metastatic sentinel lymph nodes,
and symptomatic vs. healthy patients.

A smaller number of articles (10) focused on multiclass
classification, with the goal of differentiating between
multiple classes. The multiclass classification tasks involved
differentiating between different types of breast cancers
based on tumor cell features, non-recurrent vs. recurrent
microcalcifications, and differentiating between benign and
malignant masses. In one article, there was a multiclass
classification task involving the differentiation of five main
categories of findings, ranging from benign to highly
suspicious. Another article focused on the multiclass
classification of multiple classes for histopathological image
classification.

A smaller number of articles (2) mentioned both binary and
multiclass classification, involving binary classification of
breast cancer vs. normal and multiclass classification of four
subclasses of breast cancer. One article involved the binary
classification of pathological complete response vs. not
pathological complete response, and another article involved
the binary classification of positive vs. negative.

Overall, this systematic literature review found that the
majority of articles adopted binary classification tasks, with
a smaller number of articles focused on multiclass
classification. The specific binary and multiclass
classification tasks varied among the articles, with the goal
of differentiating between a range of classes related to breast
cancer diagnosis and prognosis.

DATABASES:

A database is an organized collection of data stored and
accessed electronically. Databases are used to store
information in a structured and organized manner and allow
for efficient querying and data retrieval. There are several
types of databases, including Relational databases, NoSQL
databases, Graph databases, and Time-Series databases, each
with its own strengths and weaknesses, and used for different
purposes based on the requirements of the applications.

The systematic literature review analyzed various databases
used in research articles for breast cancer diagnosis and
prognosis. A total of 24 databases were identified and
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mentioned in the articles reviewed. The most frequently
mentioned database was the Wisconsin Breast Cancer
Diagnosis Dataset (WBCDD) with 7 mentions, followed by
the BreaKHis database with 6 mentions. The Wisconsin
Breast Cancer Prognosis Dataset (WBCPD) was not
mentioned in any of the articles.

Other frequently mentioned databases include the Wisconsin
Breast Cancer Dataset (WBCD) and the Wisconsin
Diagnosis Breast Cancer Database (WDBC) with 2 mentions
each. The Cancer Genome Atlas (TCGA) and ILSVRC-2012
dataset were also mentioned in 2 articles each.

Several other databases, including SunYat-sen University
Cancer Center, Nanhai Affiliated Hospital of Southern
Medical University, Mammography image features,
Mammograph MIAS database, Tissue micro-arrays (TMAS),
Houston Methodist systemwide data warehouse, Digital
Database for Screening Mammography, Tongji Hospital,
Hubei Cancer Hospital, Breast Ultrasound Images (BUSI), 1-
SPY-1 TRIAL, Fluorescence images, Infrared images,
FinHer dataset, Coimbra breast cancer dataset, Cancer
Genome Atlas (TCGA-BRCA), and Integrated three public
datasets of mammograms, were mentioned only once in the
articles reviewed.

This study highlights the diverse range of databases used in
research for breast cancer diagnosis and prognosis, with
some databases being more frequently mentioned than
others. The results of this literature review can inform future
studies on breast cancer by providing insight into the
commonly used databases in the field.

METHODS:

In programming, a method is a function that is associated
with an object and can be called on that object. Methods
perform operations on an object's internal data and return a
result. They can also modify the internal state of an object,
but typically they do not return a value.

The systematic literature review analyzed various methods
used in research articles for breast cancer diagnosis and
prognosis. A total of 19 methods were identified and
mentioned in the articles reviewed. The most frequently
mentioned method was Feature Selection Technique with 12
mentions. This was followed by Deep-learning based
approach with 7 mentions.

Other methods such as Training and Blind Test methodology,
Automated classification of cancers, Ten-fold cross-
validation, Integration of 3D MRI imaging data, and
Handcrafted features were mentioned only once or twice in
the articles. The Clinical parameter combined DLR and
Meta-analysis were also mentioned only once in the articles.
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Deep Convolutional Neural Network (DCNN) and Transfer
learning were mentioned 4 and 2 times respectively in the
articles reviewed. Region-based classification, Deep
learning, image processing, machine learning, Handcrafted
feature extraction, Data collection, Extra-trees classifier, Pre-
processing pipeline, Deep learning, feature selection with
reformed differential evaluation (RDE), and Computer-aided
Diagnosis (CAD) were mentioned only once in the articles.
This study highlights the diverse range of methods used in
research for breast cancer diagnosis and prognosis, with
some methods being more frequently mentioned than others.
The results of this literature review can inform future studies
on breast cancer by providing insight into the commonly used
methods in the field.

Performance Evaluation Parameters:

The performance of algorithms or models used in research
studies is evaluated using various parameters. These
parameters help in determining the effectiveness and
accuracy of the algorithm or model in achieving the desired
outcome. Some of the popular performance evaluation
parameters used in literature include accuracy, precision,
recall, F1-score, and area under the ROC curve (AUC). In
some cases, additional parameters such as sensitivity,
specificity, and negative predictive value may also be used.
The choice of performance evaluation parameters depends on
the type of data and the specific research question being
addressed. It is important to use appropriate performance
evaluation parameters to get a comprehensive understanding
of the algorithm or model performance.

The systematic literature review analyzed the various
performance evaluation parameters used in the research
articles for breast cancer diagnosis and prognosis. A total of
42 performance evaluation parameters were identified and
mentioned in the articles reviewed. The most frequently
mentioned parameter was Accuracy with 21 mentions. This
was followed by Sensitivity with 17 mentions and AUC
(Area under the Receiver Operating Characteristic curve)
with 17 mentions.

Other parameters such as Specificity, Precision, Recall, F1-
score, and F-measure were mentioned only a few times in the
articles. The parameters such as CPU time, Memory, Error
rate, Test Replacement Trade-off (TRR), Elapsed time,
Training precision, Training error, Training loss, Confusion
matrix, Dice coefficient (DSC), Cohen's Kappa coefficient
(), Negative Predictive Value, Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), Relative Absolute Error
(RAE), and Visual explanation of learned features were
mentioned only once in the articles.

Detection accuracy, Diagnostic accuracy using DLM,
Discriminant accuracy, Prediction accuracy, Robustness
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against noise, Feature selection robustness, Reduction in
dimensionality, Elimination of manual feature selection,
Alleviation of motion artifacts and imaging acquisition noise,
Comparison to existing methods, Clustering results, Feature
extraction results, Total accuracy, PPV (Positive Predictive
Value), NPV (Negative Predictive Value), MeanAUC,
Discrimination, Calibration, Clinical usefulness, Prospective
study for overall performance, Improved diagnostic
efficiency of radiologists were also mentioned only once in
the articles.

This study highlights the diverse range of performance
evaluation parameters used in research for breast cancer
diagnosis and prognosis, with some parameters being more
frequently mentioned than others. The results of this
literature review can inform future studies on breast cancer
by providing insight into the commonly used performance
evaluation parameters in the field.

ACCURACY:

Accuracy is a measure of how well a model performs in
correctly predicting the target variable. It is calculated as the
number of correct predictions divided by the total number of
predictions made. In the context of classification problems,
accuracy is the number of correct classifications divided by
the total number of instances in the test set. However,
accuracy is not always the best metric for evaluating a
model's performance, especially when the data is
imbalanced, meaning one class has many more instances than
the others. In such cases, precision, recall, F1-score, or ROC-
AUC can be more appropriate metrics to evaluate the model.
The systematic literature review found a range of algorithms
and models used for performance evaluation of breast cancer
classification tasks. The accuracy rates for each of these
algorithms and models were highly variable, with some
models achieving high accuracy and others with lower
accuracy.

The Random Forest Classifier (Multiclass, Non-recurrent
with 151 samples and recurrent with 47) was found to have
an accuracy of 99.82% on WBCDD and 99.7% on WBCPD.
The Convolutional Neural Network (Binary, Benign and
Malign) was found to have an accuracy of 98%. The Fine-
tuned pre-trained deep neural networks (ResNet V1 50 and
ResNet V1 152) (Binary, Benign, Malign) achieved accuracy
rates of 99.8% (four cancer types), 98.7% (benign/malignant
breast cancers), 94.8% (ResNet V1 50 benign/malignant sub-
types), and 96.4% (ResNet V1 152 benign/malignant sub-
types). The ResNet V1 50, ResNet V1 152 (Binary, Benign
and Malign) achieved accuracy rates of 99.8% (ResNet V1)
and 98.7% (ResNet V1 152). The Deep Learning assisted
Efficient Adaboost Algorithm (DLA-EABA) (Binary,
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Benign, Malign) achieved an accuracy of 96.1%. The
Convolutional Neural Networks (CNNs) - Inception V3,
Inception-ResNet V2, ResNet-101 (Binary,
Positive/Negative for axillary lymph node metastasis)
achieved accuracy rates of 85% (Inception V3, sensitivity)
and 73% (Inception V3, specificity). The Convolutional
Neural Network (Binary, HER2 status - Positive or Negative)
achieved a C-index of 0.829 in the primary cohort and 0.809
in the validation cohort. The pre-trained Convolutional
Neural Network (Binary, Sentinel lymph node metastasis
(yes/no), number of metastatic SLNs) achieved an AUC of
0.801 in the primary cohort, 0.817 in the validation cohort,
and 0.770 for distinction between number of metastatic
SLNs. The Convolutional Neural Network, Grasshopper
Optimization Algorithm (Binary, Cancerous region, Normal
region) achieved an accuracy of 92%. BRISK (Binary,
Malignancy (positive) and benign (negative)) achieved an
accuracy of 81%. XGBoost, DNNs, SHAP (Binary, Predict
biopsy malignancy, Differentiate normal from abnormal
screening examinations) achieved an AUC of 0.91 and
sensitivity of 87% and specificity of 77.3%. The
Inception_V3, Inception_ResNet_V2, Autoencoder network
(Binary and Multiclass, binary classification breast cancer vs
normal, multiclass classification and 4 subclasses of breast
cancer) achieved a highest clustering accuracy of 76.4%
(IRV2+AE+Kmeans algorithm) on the 200X dataset. RF, K-
NN, NC (Multiclass, benign, malignant, and indeterminate)
had the highest AUC of 0.967 (K-NN). Genetic
Programming (GPsfsc) (Binary, Benign, Malign
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