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ABSTRACT

This paper comprehensively reviews the classification of breast cancer histological images. The paper discusses the
research objectives, methodologies used, and conclusions drawn, as well as suggestions for the future. The study is
based on the ICIAR 2018 database, which is considered one of the largest databases available to support this research.
The paper also addresses major challenges such as lack of data, variation in tissue preparation, class imbalance, and
computational requirements. Advanced techniques such as deep learning (DL), transfer learning and data augmentation
are explored, along with innovative models such as convolutional neural networks (CNNs) and generative adversarial
networks (GANSs). The study focuses on integrating multimodal (histological, genetic, and clinical) data to enhance
diagnostic accuracy and enable personalized treatments. Breast cancer is responsible for 25.4% of cancer cases, with
1 in every 12 women developing this fatal disease. In 2020, a large number of women died as a result of the disease
spreading through lymphatic and blood vessels, with the number of deaths reaching about 685,000 cases. Improving
outcomes depends greatly on early detection of the disease and providing appropriate and effective treatment. Future
directions include addressing challenges related to texture image classification and promoting standardized data sets

with the goal of developing diagnostic tools and treatment strategies.

Keywords: Breast cancer, Deep learning, Machine learning, Classification, ICIAR 2018, Detection, Convolutional neural

network

1. Introduction

This study seeks to explore methods for classifying
tissue images of breast cancer, and will address the
challenges and advances that researchers and medical
personnel face in accurately diagnosing and treat-
ing breast cancer. Breast cancer is one of the most
common types of cancer among women, and its diag-
nosis and treatment is done using histological images
[1-4].

From the statistical chart in Fig. 1 of cancers in
the world, we notice that breast cancer occupies the
largest position, as breast cancer in women has sur-
passed lung cancer as the most commonly diagnosed

cancer, with the number of new cases estimated at
about 2.3 million cases (11.7%) [5].

On the other hand, identifying breast cancer is a
complex task and requires great expertise in the field
of medical classification [6]. To learn how to classify
breast cancer in the correct ways, we will explain it
in the following paragraphs:

Determining the stage of cancer is an essential ele-
ment of pathology when studying the spread of breast
cancer and the various treatment options [7]. Digital
imaging techniques have evolved and histological im-
ages have become an important means for diagnosing
and staging breast cancer [8] On the other hand, some
obstacles and limitations must be overcome to ensure
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Fig. 1. Global cancer statistics (2020), showcasing breast cancer’s prominence among women (Data from GLOBOCAN 2020) [5].

accurate and trustworthy classification for breast can-
cer detection [9].

Manual classification of breast cancer on
histopathological images remains difficult due to
some limitations. The examination requires the
professional background and rich experience of
pathologists, which may increase the cost of diagnosis
time or cause error. Then, automated computer-aided
diagnosis (CAD) in analyzing medical histology
images of breast cancer is essential and greatly
important to guide treatment and avoid medical
errors for pathologists [10]. Many studies have shown
that the use of histological images in diagnosing and
staging breast cancer is of great benefit [11]. Doctors
and researchers are working to improve breast cancer
staging using tissue images to guide treatment more
effectively and accurately [12].

The main objectives of this study are:

+ Highlighting the most important models used to
classify breast cancer tissue images.

* We aim to highlight the complexities that re-
searchers and practitioners face in accurately
evaluating and staging breast cancer through
histopathological analysis.

» By accurately classifying these images through
histopathological analysis, healthcare profession-
als can make more informed decisions regarding
patient care, treatment planning, and prognosis.

2. Accurate evaluation of breast cancer
staging using histopathological analysis

To identify different breast cancer subtypes, his-
tological images obtained from patients should be

properly analyzed and evaluated [13]. After follow-
ing this procedure, the diagnosis of the disease can be
determined more accurately, treatment options can
be chosen and the general condition of the patient can
be managed more accurately [14]. The goal of this
procedure is to classify cancer cells more accurately
according to their characteristics (morphology, size,
and coloring patterns). Thus, this classification helps
health care professionals in making the appropriate
decision about diagnosis and providing appropriate
treatment [15].

Histological images for classifying breast cancer
are very important to show the cellular structure of
breast tissue, which in turn is an important step for
classifying breast cancer to choose the appropriate
treatment for patients [16]. Thus, medical experts can
distinguish the various features of breast cancer cells’
analyzing these images, including Features (shape,
dimensions and organization). These features allow
them to evaluate the severity of the disease and divide
breast cancers into different subcategories.

Fig. 2 shows the microscopic patterns of benign
breast tumors. Figs. 3 and 4 represents the micro-
scopic patterns of malignant breast tumor [17].

Histological images can be visually examined to
find patterns and abnormalities that can be classified.
This is all made easy thanks to the use of machine
learning (ML) algorithms and computer-aided design
(CAD) programs. Diagnosis can be improved using
these modern tools, which can analyze huge amounts
of images very quickly and with greater accuracy than
human methods [18-20].

In order to allow for improved diagnosis and
personalized medical treatment, this can be done
by combining both histological images and genetic
and clinical information, as it provides a more
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Fig. 2. Microscopic patterns of benign breast tumor (a) Fibroadenoma (Intracanalicular pattern), (b) Fibroadenoma (Pericanalicular pattern)

(c) Phyllodes tumor (d) Intraductal papilloma [17].
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Fig. 4. Microscopic patterns of Invasive carcinoma. (a) IDC (b) Invasive lobular carcinoma (c) Medullary carcinoma (d) Mucinous carcinoma
(e) Papillary carcinoma (f) Tubular carcinoma (g) Adenoid cystic carcinoma (h) Secretory carcinoma (i) Inflammatory carcinoma (j) Carcinoma

with metaplasia [17].

comprehensive understanding and integration of
breast cancer. Recent evidence that supports this
integration of research includes [21-23]:-

1. Improve diagnostic accuracy: To obtain high ac-
curacy for breast cancer subtypes, this is done
by revealing underlying tumor characteristics
by integrating genetic markers with histologic
patterns and the patient’s clinical history.

2. Integration of genomic data enhances diagno-
sis and treatment planning (such as chromatin
accessibility and mutation profiles) by comple-
menting histologic analysis to improve diagnosis
for targeted therapies.

3. To create robust predictive models by combining
multimodal data integration with genomic and
clinical records of breast cancer histopathology
images.

The result of improving the classification of estro-
gen receptor-positive breast cancers came as a result
of combining histological images and chromatin ac-
cessibility data, as shown by Xu et al. [21]. For
robust classification, Xiao and Lu [22] in their paper
presented a framework that integrates labeled and
unlabeled datasets. To prove that integration helps
in model adaptation and classification performance,
Mukhlif et al. [23] highlight the potential of dual
transfer learning for merging unlabeled and labeled
medical images.

2.1. Breast cancer classification overview

Breast cancer affects millions of women globally,
which can be complex or diverse. When cancer cells
in the breast multiply abnormally, they produce tu-
mors. The patient’s survival rate and the treatments
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given to him are also affected by the early diagnosis
and classification of the disease [24-26].

2.2. Types of breast cancer

Invasive lobular carcinoma and ductal carcinoma,
as well as ductal carcinoma in situ (which is the
most common) are types of breast cancer. The type
of cancer affects diagnosis and treatment [27].

2.3. Methods of classification

Breast cancer can be classified using ML, deep
learning (DL), and feature extraction techniques,
which have their advantages and disadvantages [28].
Using pre-trained models such as ResNet and Xcep-
tion, which leverage transfer learning, this in turn
plays a critical role in breast cancer image classifica-
tion, thus reducing the requirement for large labeled
datasets. Researchers such as Mukhlif et al. [23] are
improving methodologies by fine-tuning models on
labeled and unlabeled data.

Xiao and Lu [22] show that combining labeled and
unlabeled data improves classification by recognizing
complex patterns. By using techniques such as clus-
tering, unsupervised learning helps take advantage of
unlabeled medical images.

S. Xu et al. [21] revealed that multimodal data in-
tegration between histopathological images, genetic
and clinical data enhances diagnostic accuracy and
deepens understanding of disease mechanisms.

2.3.1. Classification of histological images of breast
cancer patients using ML algorithms

Classification of breast cancer histological images is
the cornerstone of research and progress in the field
of medical imaging. Machine learning techniques
are essential for accurate and efficient classification.
To obtain accurate and effective classification, well-
known ML algorithms must be used.

These algorithms include: -

» KNearest Neighbors (K-NN),

« Random Forest (RF),

+ Naive Bayes (NB), and

« Support Vector Machine (SVM).

The above algorithms use information extracted
from histological images to classify them as cancerous
or benign. The characteristics that are extracted from
these images are: the shape, texture and density of the
images.

SVMs are widely used in breast cancer classifica-
tion due to their ability to handle high-dimensional
data and complex classification problems. Integrating
several decision tree projections using RF has yielded

impressive results in this field. While K-NNs use NBs
to classify unknown data, NBs use probabilistic rela-
tionship between features and class labels [29].

2.3.2. Diagnosis of histological images of breast cancer
patients using deep learning (DL)

Deep learning (DL) has shown significant improve-
ments in breast cancer diagnosis over traditional
methods such as classical machine learning (ML) and
manual examination, and DL is considered a trans-
formative technique. Early ML approaches generally
relied on algorithms such as random forests (RF)
and support vector machines (SVM), which require
handcrafted features from histopathological images.
Although these methods are effective, they lack the
ability to scale or adapt when the dataset is complex
and diverse [30, 31].

The introduction of convolutional neural networks
(CNNs) has been a major advance in improving
feature extraction and enabling end-to-end learn-
ing. Models such as AlexNet and VGGNet have
demonstrated their ability to achieve high classifica-
tion accuracy by taking advantage of large datasets
such as ImageNet [32]. Reinforced transfer learning
optimized these models by modifying structures pre-
trained on specialized breast cancer datasets, thus
reducing the requirement for large amounts of labeled
data [33].

Recent innovations in DL for breast cancer diagno-
sis include:

1. Hybrid Architectures: Merging CNNs with Re-
current Neural Networks (RNNs) to preserve
both spatial and temporal characteristics of
histopathological images [34].

2. Generative Adversarial Networks (GANSs):
through creation of synthetic images can tack-
ling data shortage and class imbalance [35].

3. Attention mechanisms: To improve interpre-
tation ability and diagnostic accuracy, critical
areas in the images must be highlighted [36].

2.3.3. Diagnosis of histological images of breast cancer
patients using transfer learning

Breast cancer diagnosis using transfer learning has
made significant progress, using pre-trained models
to effectively classify histopathological images. Fol-
lowing are some recent studies:

1. Dual transfer learning approach: Mukhlef
et al. [23] proposed a dual transfer learning
approach that involves training models on unla-
beled medical images before optimizing them on
labeled datasets. This has enhanced the flexibil-
ity and classification accuracy of breast cancer
tissue images.
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2. Combining supervised and unsupervised
learning: Xiao and Luo [22] successfully prop-
agated labels from a small subset to unlabeled
images, by integrating unsupervised clustering
into semi-supervised frameworks, as well as ad-
dressing and tackling variability and imbalance
in extensive datasets.

3. GAN-enhanced Transfer Learning: Nassima
et al. [35] explored the use of Generative Ad-
versarial Networks (GANs) to augment limited
datasets. Their intra-domain fine-tuning method
bridged gaps between histological datasets,
boosting classification precision.

4. Transfer learning with hybrid architectures:
Yan et al. [37] introduced a hybrid model that
integrates convolutional and recurrent neural
networks, and effectively absorbs and captures
local and global image features to improve
breast cancer classification.

5. Lightweight CNN Models: Kausar et al. [36]
suggested a streamlined deep CNN model tai-
lored for environments with limited database,
emphasizing efficiency and lower computational
expenses while maintaining accuracy.

6. Integration of multimodal data: To improve
diagnosis and provide a comprehensive view
of estrogen receptor-positive breast cancers, Xu
et al. [21] proposed integrating histological
imaging with chromatin accessibility data.

These studies demonstrate innovative uses of trans-
fer learning to improve diagnostic accuracy, reduce
reliance on large datasets, and effectively manage
data heterogeneity.

2.3.4. Diagnosis of histological images of breast cancer
patients using unsupervised learning techniques

Unsupervised learning techniques have increas-
ingly been applied to breast cancer tissue imaging
diagnosis. Some recent studies are as follows:

To augment synthetic data, Farid-Adar et al. [38]
used GANs and unsupervised support learning indi-
rectly in medical imaging.

To extract significant patterns from histopathology
images, Xingyu Li et al. [39] developed a technique
using a fully convolved autoencoder, which supports
breast cancer classification without requiring exten-
sive annotations.

To aid in the automated detection process of breast
cancer diagnosis, Bilal Ahmed Lodi [40] proposed an
unsupervised method that uses hierarchical cluster-
ing to locate masses in mammograms.

To demonstrate the effectiveness of automated
clustering in identifying cancerous regions, Sangwon
Lee et al. (2020) presented an unsupervised

learning-based approach for detecting for cancer
detection in invasive breast cancer slide images [41].

Alexander Thiari et al. [42] demonstrated a color-
less algorithm that learns independently from pathol-
ogy images, this algorithm improves the robustness
of the algorithm in dealing with color variations and
increases the performance of the algorithm on breast
cancer datasets.

To extract features and discover patterns, Zhao
et al. [43] examined the use of deep learning
in  histopathology, highlighting unsupervised
approaches.

In order to improve the efficiency of texture image
classification, Xiao and Lu [22] developed a semi-
supervised framework that integrates unsupervised
clustering.

These studies highlight the potential of unsuper-
vised learning techniques to improve the accuracy
and effectiveness of breast cancer diagnosis by his-
tological imaging of this deadly disease.

2.3.5. Diagnosis of histological images of breast cancer
patients using integrating multimedia data techniques
There have been some recent studies that have led
to significant improvement in breast cancer diagnosis
by analyzing breast cancer tissue images as a result of
integrating multimodal data fusion techniques. The
most prominent of these studies are the following:

1. Abdullakutty et al. [44] conducted an exten-
sive review on improving histopathology-based
breast cancer diagnosis, highlighting the inte-
gration of multi-modality data and the signifi-
cance of interpretability in AI models.

2. To enhance diagnostic accuracy across diverse
staining methods, Modi et al. [45] suggested a
multi-stained, multi-level zigzag network to dif-
ferentiate various tissue types in breast cancer
images.

3. To improve the classification of high-resolution
histology images, Zhong [46] constructed a
deep spatial fusion network, which in turn
demonstrated improved accuracy in distinguish-
ing carcinoma from non-carcinoma tissues.

4. for the segmentation of multi-class breast cancer
images, Ho et al. [47] presented deep multi-
magnification networks, employing data from
different magnifications to enhance segmenta-
tion precision.

The entire above are summarized and the details
and results of these studies are combined for breast
cancer classification methods and presented in
Table 1.

This table categorizes the approaches according to
their contributions to pattern recognition, diagnostic
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Table 1. Summarizes the techniques used to understand and distinguish patterns of breast cancer, achieve greater diagnostic accuracy,
and improve treatment methods.

Technique Goal/Purpose Models Year
Machine Learning Its purpose is to recognize patterns and K-NN, RF, NB, and SVM,; focus on shape, 1990-2001
(ML) Algorithms improve classification. texture, and density [29].
Deep Learning (DL) Automate the process of feature extraction CNNs like AlexNet and VGGNet applied to  2016-2018

from datasets and improve scalability. breast cancer histology [31, 48].
Hybrid Architectures Their purpose is to integrate spatial and CNN-RNN combinations for capturing 2018
(CNN + RNN) sequential features that enhance the diverse patterns [34].

accuracy and effectiveness of advanced

diagnostic techniques
Generative Enhance datasets to tackle issues associated Synthetic data generation for 2018-2020
Adversarial Networks with limited data and imbalance. classification improvement [35].
(GANs)
Transfer Learning Purpose to achieve better classification, Training on unclassified data followed by 2023
(Dual Transfer) pre-trained models were utilized. labeled datasets [23].
Lightweight CNN Its purpose is to make optimal use of Reducing computational costs without 2023
Models resources within limited environments. sacrificing accuracy [36].
Multimodal Data Its purpose was to integrate diverse medical Combining imaging with chromatin and 2020-2024
Fusion data sources to obtain a comprehensive genetic data. [21, 44]

diagnosis.
Unsupervised Their purpose is to identify patterns in data Clustering, autoencoders, and GANs 2018-2023
Learning Techniques without labeled data. applied to mammograms and

histopathology images [41, 42]

Invariant Supervised Its purpose is self-supervised learning is to Stain-invariant self-supervised techniques 2022
Self-Learning enhance resilience to color variations. for histopathology analysis [42].
Deep Its purpose is to use multiple amplifications Enhancing segmentation through diverse 2019

Multi-Magnification

(zooms) to improve segmentation.

magnification inputs [47].

Networks

accuracy, and treatment improvement. It is necessary
to understand the nuances within the different histo-
logical images in order to devise focused treatment
methods. By finding connections between visual-
ization features and therapeutic responses, we can
enhance treatments and improve patient care [49].

3. Overview of the 2018 ICIAR database of
histological images

The 2018 ICIAR2018 BACH Conference on Image
Analysis and Recognition was created in 2018 to chal-
lenge breast cancer tissue image data, with the goal
of providing computer scientists and clinicians with
tools for breast cancer diagnosis [50]. This collection
includes a large variety of images, showing different
types and stages of cancer tumors. Techniques and
algorithms for classifying breast cancer are created
and evaluated using this database [51].

ICIAR is known for its support for researchers and
scientists in image classification because it promotes
research and innovation in medical image analysis,
and is a great force and a useful tool for them. This
database was launched in 2018 to classify histological

images of breast tumors. A database of cancer tissue
images was launched before ICIAR, and it is a useful
tool for researchers in the field of classifying histolog-
ical images of tumors [43].

Malignant tissue images classified as objective, in-
vasive, and benign. There are 2042 images in the
ICIAR2018 database. Through the various categories
in this database, it can represent breast cancer of
different types and stages. This collection contains
images from multiple sources representing a wide
variety of tissue types, which shows the quality of the
images in it [51].

Using the ICIAR 2018 database, researchers can
develop and test machine learning and deep learning
models, CAD tools, and algorithms for breast cancer
classification. This vast amount of information has
allowed researchers to train their algorithms on a
variety of cases, helping to develop their classification
techniques. By making it easier to compare different
algorithms, this dataset enables advances and devel-
opments in the industry [52].

In general, patients have become more aware about
their treatment plan options through the use of his-
tological images in staging breast cancer. The avail-
ability of data sets such as the R&D Efforts Database
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has contributed to the advancement of this field.
To achieve the real goal of more accurate patient
outcomes, researchers are working to increase the ef-
ficiency and accuracy of breast cancer screening using
advanced technology and large amounts of data [53].

4. Breast cancer classification and
addressing its obstacles and challenges

Despite the progress achieved by histological imag-
ing in staging breast cancer, there are several chal-
lenges and limitations that need to be addressed. The
diversity of complex tumors, discrepancies between
medical observers, different image quality, and lack
of standardization in staging criteria for complex tu-
mors are some of these challenges and limitations
[54]. If we wish to improve the quality of patient care
and outcomes by adopting an advanced approach to
accurate and standardized classification [55].

We must overcome these limitations and challenges
if we wish to improve the quality and outcomes of
patient care by adopting an advanced approach to
accurate and standardized classification [56].

We look forward to the future that future advanced
technology will contribute to improving breast cancer
detection techniques due to the continuous and rapid
technological progress and innovation in addition to
the collaborative efforts to care for breast cancer
patients [57].

4.1. A selection and extraction of characteristics

The process of identifying and extracting impor-
tant features is important for classifying histological
images of breast tumors. These features provide im-
portant details that can accurately identify the type
and stage of disease in the current case. The ICIAR
2018 database was relied upon with the help of com-
puter to extract these features by applying different
methods and selecting the best one that has high
results to be used in classifying the data [53].

4.2. Classification of breast cancer histological
images by using common features

Researchers found common features in histological
images that are commonly used to classify breast
cancer. Among these features are:

Unique morphological features: These features
are used to record the special characteristics of
cancer cells, including the size, shape, and texture
of tissues and cells that are visible in histologi-
cal images. They provide important information

about the composition of cancer cells, which
helps researchers and medical experts distinguish
between types and stages of breast cancer by pro-
viding important details regarding the structure of
cancer cells [58].

Features of statistics: One of the statistical fea-
tures in histological images is the relationship
between pixel intensity and distribution analysis.
These features can aid in classification by reveal-
ing the texture, density, and spatial arrangement
of cells [59].

Features of Texture: Textural features of tissue
are provided by histological images. They have
the ability to record variations and patterns that
may indicate certain types of cancer. Wavelet
transform-based features, gray range length matri-
ces, and co-occurrence matrices are all examples
of such common synthetic features [60].

4.3. Techniques for selecting ideal features for
breast cancer classification

For accurate breast cancer classification, it is just
as vital to extract the right features as it is to extract
all of the features. Feature selection is done using the
following methods:

4.3.1. Principal component analysis (PCA)

One dimensionality reduction technique is
principle component analysis (PCA), which seeks to
convert the original features into a new collection
of independent variables known as principle
components. These primary components allow
for the identification of the most useful features by
capturing the largest variance in the data as show in
Fig. 5 [61, 62].

4.3.2. Recursive feature elimination (RFE)

Beginning with all of the features, RFE iteratively
removes the least significant ones according to a pre-
determined criterion as show in Fig. 6. This process
is carried out until either the required number of
features or some other predetermined endpoint is met
[63, 64].

4.3.3. Genetic algorithms (GA)

It is a method of optimization and research. This
method can be classified as one of the methods of evo-
lutionary algorithms that rely on imitating the work
of nature from a Darwinian perspective. A genetic
algorithm uses a search technique to find exact or
approximate optimal solutions. It involves creating a
set of subsets of potential features, evaluating each
one against an objective function to ensure its fit,
and then gradually improving the set using genetic
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Fig. 7. Genetic selection method using genetic algorithm [66].

operators such as crossover and mutation as show
in Fig. 7 [65].

4.3.4. Encapsulation (Wrapper) methods

The encapsulation method adds feature selection
to the classifier training process. They test multi-
ple subsets of features for predictive performance by
the chosen classifier and choose the classifier that

performs best. In integrative methods, external infor-
mation is used as a filter to reduce the feature search
space before passing the reduced feature set through
a wrapper or inline method to obtain the final feature
set as show in Fig. 8 [67].

Studies have shown that these feature extraction
and selection methods enable them to efficiently
classify breast cancer histological images. These
techniques further improve classification accuracy, as



IRAQI JOURNAL FOR COMPUTER SCIENCE AND MATHEMATICS 2025;6:1-23 9

Embedded method ]

All features

Protein-protein interaction,
pathway database, etc

OR m— Solected features

[Wrapper method ]

Fig. 8. Encapsulation (Wrapper) methods [67].

Table 2. Approach and methodology for classification.

Implementing Preprocessing Methods Feature Extraction

Classification Algorithms

Some pre-processing techniques (noise
reduction, image normalization, and color
correction) are important and necessary
techniques that are used before
classification, which work to improve
image quality and reduce the effect of
different acquisition conditions [68].

Various algorithms are used to extract
relevant features from histological
images, including Gabor filters, texture
analysis methods, and wavelet transform.
These features help distinguish between
healthy and malignant tissue by picking
up distinct patterns [69].

Breast cancer histological images are
categorized using a variety of
classification algorithms, such as SVMs,
neural networks, and RFs. Using the
collected features, these algorithms
classify images accordingly [70].

Table 3. The results and the analysis.

Overall Accuracy

Best Class of Performers

Class with the Poorest Results

SVM, which stands for support vector
machines, was the approach that
performed the best overall. The greatest
accuracy that was reached was 86.49%.

simplest to classify.

With an accuracy rate of 91.17 percent,
the invasive carcinoma class was the

With an accuracy percentage of just
70.06%, normal breast tissue proved to be
the most challenging to classify.

Table 4. Limitations of ICIAR database 2018.

Small Dataset Noisy Labels

Limited Information

The ICIAR database 2018 contains only
2,000 images, which may not be sufficient
to train DL models effectively.

It can be difficult to use a dataset for
research because the labels that come
with it are not always reliable.

The utility of the dataset may be limited
because it only includes tissue images and
does not include any clinical information
about patients.

well as our understanding of the disease, and help
find more targeted treatments.

Obtaining an optimal classification is very impor-
tant, and this is achieved by extracting and selecting
features from breast cancer histological images. These
features, coupled with modern machine learning al-
gorithms, can enable healthcare to identify and treat
breast cancer very effectively, as shown in Tables 2
to 4 [51].

4.4. Breast cancer histological image classification
challenges

Pathologists and medical researchers face sev-
eral challenges in identifying histological images of
malignant diseases such as breast cancer. A good
understanding of these challenges and difficulties
is essential to developing effective and reliable

classification models. Let’s look at the key points sur-
rounding this subject:

4.4.1. Variation in tissue preparation and coloring
appearance

Variability in tissue preparation is a major chal-
lenge in classifying histological images of breast
cancer. The appearance and quality of images may
vary based on the methods used by technicians in
different laboratories. This may result in inconsistent
diagnoses and the development of standardized clas-
sification criteria [71].

4.4.2. Complexity and diversity of textile patterns
Breast cancer is often observed to have unimagin-
ably complex and heterogeneous histological mani-
festations. Diverse tissue compositions characterize
different breast cancer subtypes, such as invasive
ductal carcinoma (IDC) and ductal carcinoma in situ
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Table 5. The breast cancer histological image classification challenges.

Challenge Description

Variability among observers

Determining the features of breast cancer histological images is a task fraught

with considerable intra- and inter-observer heterogeneity.

Noise in the background

What makes it very difficult to classify cancer cells is that medical images contain

a large amount of noise.

An imbalance in the data

With a far higher proportion of benign images than malignant images, the ICIAR

database features an imbalanced class distribution.

(DCIS). Within each classification, slight variations
can also exist in the structure and arrangement of
cells and tissues. Because of these many differences,
it can be difficult to differentiate between different
types and subtypes of breast cancer [27].

4.4.3. Overlapping and ambiguous features

The presence of complex and ambiguous features
is another challenge in tissue classification in breast
cancer images. Some histologic features may be dif-
ficult to define precisely because of their similarity
to other breast cancers. A need for unbiased and reli-
able classification methods arises when pathologists
disagree in diagnosis [72].

The Breast Cancer Histological Image Classification
Challenges shown in Table 5.

Classification of breast cancer histological images
faces several challenges. Accurately understanding
these images is difficult due to their complexity and
diversity in histological patterns, differences in tissue
preparation and staining, in addition to the presence
of overlapping and ambiguous features. To improve
the accuracy of breast cancer diagnosis, researchers
and histopathologists are working hard to develop
accurate and reliable classification algorithms.

5. Breast cancer histological image
classification limitations

To correctly detect breast cancer, correct inter-
pretation of histological images is essential in this
complex process. Although the results of classifying
these images using artificial intelligence and machine
learning algorithms have been promising, there are
limitations and difficulties to consider [73].

5.1. Limited access to training data with annotations

One of the main difficulties in classifying breast
cancer histopathological images is the lack of
reasoned data for training. Reported data is key to
teaching Al systems how to accurately recognize and
classify different forms of breast cancer. But obtaining

a large set of well-tagged images is a tedious and
time-consuming process. The limited amount of
annotated data may have an impact on the models’
ability to classify accurately and how well they
generalize [74].

5.2. Challenging in capturing spatial information

Another difficulty is the issue of obtaining spatial
data from tissue images. The term “heterogeneity”
conveys the idea that different features and patterns
are present in different regions of breast cancer tissue
samples. Obtaining and analyzing spatial information
appropriately is vital for correct classification. But
even with the current limitations of how classification
methods do not effectively capture or use this specific
information (despite their best efforts), misclassifica-
tion can still occur [53].

5.3. Resolution and magnification effects on images

Creating histological images at different resolutions
and magnifications can also present additional chal-
lenges for classification because they can be difficult
to resolve. Different imaging modalities and tech-
niques are likely to produce images at different levels
of resolution and magnification. If a particular feature
is useful in making a correct classification but its
salience is compromised due to contrast and due to
image quality, it can be very difficult for the model
to make accurate predictions [75].

Although leveraging artificial intelligence and
machine learning algorithms to classify breast cancer
histological images is already showing good results,
it is far from an easy process. Some typical barriers
include: lack of an easy way to obtain spatial data;
Lack of sufficient explanatory data; and many other
factors such as image resolution and zoom can affect
the final results. However, despite all these chal-
lenges, we have yet to be able to formulate a robust
classification model that will play an important role
in detecting breast cancer in its early stages with high
accuracy.
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6. Challenges and limitations: solutions
(methods and techniques)

6.1. Uniformity in the methods used for staining and
preparing tissues

One challenge in identifying images of breast can-
cer tissue is that tissue preparation and staining
procedures are not standardized. Variations in labo-
ratory techniques can affect the appearance of tissue
samples, making it difficult to compare and clas-
sify images successfully. Therefore, researchers are
actively working to standardize staining and tissue
preparation processes. To enable accurate compar-
isons across laboratories and classification of breast
cancer-related histological images [76].

6.2. Development of algorithms for image
processing and analysis

Classification is challenging due to the complex
structure of breast cancer histological images. Ad-
vanced algorithms can improve breast cancer clas-
sification by detecting and analyzing complex and
difficult patterns and structures that may be difficult
to resolve visually [77].

6.3. Multimedia data integration for taxonomy
development

Researchers aim to improve breast cancer image
classification based on tissue composition by combin-
ing genetic, clinical, and histological data. Combining
diverse data sources is essential for a comprehensive
understanding of cancer cell characteristics. Combin-
ing data from multiple sources creates more accurate
breast cancer models that can differentiate between
cancer types and provide personalized treatment rec-
ommendations [78].

Improving multi-tissue classification of breast can-
cer images involves standardization, advanced image
processing, and combining multiple data sources in a
single location. These techniques aim to increase ac-
curacy and efficiency and overcome the obstacles and
limitations associated with classification to improve
patient outcomes.

6.4. Difficulties and challenges in breast cancer
imaging utilizing deep learning

There are several challenges and obstacles that
hinder the effective implementation of DL in breast
cancer imaging accurately despite the advances in
technology, including:

1. Limited data and labeling: Labeled datasets
are very important for training deep learn-
ing models and helping them understand and
classify the information they process. Acquir-
ing labeled pathological tissue images is highly
labor-intensive and requires specialized knowl-
edge from pathologists [51].

2. Variation in data quality: Differences in imaging
equipment, differences in preparation methods,
and variation in tissue staining procedures can
introduce noise that ultimately affects the effi-
ciency of model performance [43].

3. Class imbalance: Most datasets have an irregular
distribution of data between classes, for exam-
ple, the proportion of benign cases is higher than
that of malignant cases, which leads to biased
predictions of benign cases and thus lowers ac-
curacy in detecting malignant cases [37].

4. Large computational requirements: Deep learn-
ing models require large computational re-
sources, which limits their deployment in
resource-limited environments [54].

5. Lack of standardization: Variation in preprocess-
ing methods and assessment measures compli-
cates comparability and reproducibility between
studies [58].

Solutions to the above challenges through the use
of deep learning techniques in breast cancer imaging
are as described below:

1. Limited data and labeling:

o Data augmentation is a method of increasing
the size and diversity of deep learning training
datasets. It involves applying random changes
to existing data, such as flipping, cropping,
rotating, and changing colors, which may ar-
tificially increase the size of the data set [79].

o Synthetic Data Generation: Using Generative
Adversarial Networks (GANs) to create real-
world synthetic texture images [38].

o Transfer learning allows developers to lever-
age knowledge gained from pre-trained mod-
els to solving one problem and apply it to a
different, but related problem [80].

o Active Learning: The main idea is to select
only the most informative samples with the
help of pathologists to annotate them and then
train a model with these samples in a super-
vised manner [81].

2. Variation in Data Quality:

o Stain Normalization: Stain normalization is an
innovative solution to overcome stain vari-
ability by Standardizing tissue staining across
images, and has been commonly used in
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computer-aided diagnosis (CAD) systems us-
ing computational algorithms [82].

o Quality Control Pipelines: Medical image pre-
processing is a critical step to ensure uni-
formity in image resolution and staining by
improving image quality [83].

o Domain Adaptation: Domain adaptation deals
with the problem of adapting a model trained
on data from one domain (the source domain)
to perform well on data from another domain
(the target domain) [84].

. Class Imbalance:

o Resampling techniques: To rebalance the
class distribution of an imbalanced data set,
resampling techniques provide over-sampling
of malignant cases or under-sampling of
benign cases [85].

o Cost-sensitive learning: Assigning higher
penalties to instances misclassified as
malicious, thus reducing the cost of misclassi-
fication of the model on the input data [86].

o Synthetic Oversampling (SMOTE): The
component works by creating new synthetic
cases for underrepresented classes from
existing minority cases that you provide as
input [87].

. Large computational requirements:

o Model Optimization: Using lightweight
architectures like MobileNet for resource-
constrained environments, achieving a
streamlined transformation of deep learning
models [88].

o Edge computing is a distributed computing
framework that brings enterprise applications
closer to data sources such as IoT devices or
local edge servers [89].

o Federated learning: Distributed training on
heterogeneous datasets across multiple ma-
chines to ease the computational load [90].

. Lack of Standardization:

o Benchmark datasets: An algorithm based on
a standardized dataset to effectively reduce
variance, and jointly develop standardized
datasets with uniform preprocessing proce-
dures [91].

o Evaluation frameworks: Adopting standard-
ized metrics such as F1 score is based on a
specific threshold, while area under the curve
(AUCQ) evaluates all thresholds, providing in-
sights into different classification aspects of
model evaluation [92].

o Community Efforts: To enhance reproducibil-
ity, it is best to share open source code and
models with a broader community that devel-
ops them together [93].

The following detailed solutions are proposed to
address the obstacles and challenges in preprocessing
in histopathological image analysis, including varia-
tions in staining and sample preparation:

1. Stain Normalization Techniques:

o To preserve the structure and uniformity of
color differences across texture images it is
best to use “stain normalization”. This im-
proves consistency between datasets [82].

o One of the stain normalization techniques that
enhances data normalization is the use of
“GAN-based methods” that produce synthetic
images [38].

. Quality Control Pipelines:

o To reduce discrepancies in imaging results,
it is preferable to implement automated
pipelines to check the consistency of staining,
image resolution, and noise levels before anal-
ysis [83].

3. Advanced Imaging Equipment:

o To ensure that the results of imaging samples
are uniform, it is preferable to use scanning
devices that are equipped with built-in correc-
tion algorithms for spots and inconsistencies
in imaging and are also of high resolution
[54].

. Standardization of Sample Preparation

Protocols:

o To ensure reproducibility and consistency of
diagnostic results, it is best to adopt univer-
sal guidelines for tissue fixation and staining
to minimize interlaboratory variability. These
protocols for sample preparation include: con-
sistent tissue fixation, standardized sectioning,
and controlled imaging conditions [71].

. Data Augmentation:

o Data augmentation is a technique to increase
the number of labeled examples required for
deep learning training. It artificially enlarges
the original training dataset by introducing
various transformations such as translation,
rotation, scaling, and even noise, in addition
to using test time augmentation (TTA), which
involves applying transformations such as hor-
izontal and vertical flipping to the original
data instances to create new instances [94].

6. Integration of Genomic and Clinical Data:

o For consistent analysis, deep learning algo-
rithms have automated the segmentation of
epithelial and histological tissue in images
while integrating imaging and genomic and
clinical data to reveal relationships, helping to
understand breast cancer and improve treat-
ment strategies [21].
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7. Opportunities for development and future
directions

71. Enhancing classification accuracy with DL
methods

The use of artificial intelligence in classifying breast
cancer tissue images from the 2018 ICIAR database
shows promising potential due to the advancement
in the field of machine learning and image analysis.
Some problems related to image classification have
shown encouraging results for DL models, namely
convolutional neural networks (CNNs). Using these
algorithms to improve the quality of histological im-
age classification could help researchers diagnose
breast cancer more accurately [53].

DL, a branch of ML, has contributed greatly to med-
ical image classification, especially classification of
breast cancer histological images [95].

CNN is the most advanced algorithm currently
available. These trends can automatically learn and
record distinct patterns from images, meaning there
is no need to put effort into manually extracting
features. A CNN is based on many interconnected
neurons and is able to discriminate within impor-
tant elements and patterns of images [96]. ResNet,
AlexNet, GoogLeNet, and VGGNet are the most com-
monly used CNN architectures for breast cancer
classification. When used on histological images,
these models showed complete accuracy in distin-
guishing between cancerous and benign cells. These
models have been fine-tuned for breast cancer classi-
fication using transfer learning, a method that allows
pre-trained models to be fine-tuned to specific tasks
[97]. Creating synthetic tissue images using genera-
tive adversarial networks (GANs) has shown promise
as a way to augment limited datasets and address data
imbalance issues recently [98].

Combining the use of ML algorithms with DL mod-
els has significantly improved the classification of
breast cancer histological images. These newer meth-
ods are expected to support pathologists in more
accurate diagnoses, which could be beneficial for
breast cancer patients [12].

72. Enhancing classification accuracy with transfer
learning methods

Transfer learning addresses the challenges posed
by small labeled datasets, emerging as a trans-
formative approach to breast cancer classification.
Researchers can fine-tune these infrastructures for
specific tasks. By leveraging pre-trained models, such
as ResNet, Xception, and VGGNet, which are initially

trained on large visual database sets designed for
use in optical object recognition software research
such as ImageNet, this in turn reduces overfitting
as well as the need for a dataset. Classified exten-
sively and thus obtain robust models as quickly as
possible [23].

In another study, Makhliv et al. [23] proposed a
dual transfer learning strategy. This method involves
training in two parts, first on unlabeled medical im-
ages and second fine-tuning on labeled datasets. The
advantages of this approach were improved classifi-
cation accuracy and enhanced the ability of models to
adapt to variations such as coloration and resolution
in image datasets.

73. Enhancing classification accuracy with
unsupervised learning methods

A major opportunity for unsupervised learn-
ing techniques is the “abundance of unlabeled
histopathological images,” which can extract patterns
of interest without having to refer to labeled data.
Clustering, self-supervised learning, and feature dis-
covery are key features that can be leveraged from
this untapped resource [22].

Xiao and Lu [22] improved classification by com-
bining unsupervised learning with semi-supervised
methods. Their method significantly improved clas-
sification performance by clustering similar features
and propagating labels from a small labeled subset
to unlabeled images. This approach proved effective
for groups Large-scale breast cancer data by address-
ing misalignment between categories and variation in
image quality.

74. Enhancing classification accuracy with
multimodal data fusion methods

Multimodal data fusion represents a promising
prospect in breast cancer diagnosis, as it integrates
various sources of information such as histopatho-
logical images, clinical records, and genomic data.
Researchers can achieve a more comprehensive un-
derstanding of tumor biology and improve the accu-
racy of diagnosis by combining these methods [21].

S. Xu et al. [21] in their study highlight the impact
of combining genetic information and histological
imaging. This integration allowed for deeper analysis
of estrogen receptor-positive breast cancers, revealing
patterns that were not previously detectable through
single-pattern approaches. Such advances pave
the way for personalized diagnostics and targeted
therapies.
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75. Developing platform for collaboration in data
sharing and benchmarking

To break down the barriers imposed on the 2018
ICIAR database and encourage further research into
breast cancer staging, this is done by adopting col-
laborative systems to facilitate data exchange and
measurement. These systems can increase the diver-
sity and quantity of datasets available for training
and evaluation by supporting researchers at different
universities with their own data input and algorithms.
When researchers collaborate to achieve a common
goal, they can expand and enhance the generalizabil-
ity of taxonomic models, accelerate the development
process as well as enhance teamwork [99].

76. Integration of genetic and clinical data with the
purpose of conducting extensive analysis

While the 2018 ICIAR database contains histolog-
ical images useful for research, it should be noted
that visualization alone may not provide a complete
understanding of breast cancer. Integrating genomic
information with clinical information helps provide
a more complete analysis of breast cancer subtypes
and corresponding images, such as gene expression
patterns and mutational data, along with demograph-
ics, tumor stage, and treatment history of the patient.
Consolidating additional data sources can help re-
searchers discover more precise analyses, discover
new biomarkers, and improve personalized treatment
regimens [21].

The challenges and limitations of classification of
breast cancer histology images from the 2018 ICIAR
database give an opportunity for further research
and progress. By demonstrating DL models, creating
collaborative platforms for sharing and measuring
data, and integrating genomic and clinical data, re-
searchers can enhance the quality of breast cancer
detection and treatment.

77 Proposed solutions and future directions

- Data augmentation: While operations such as
translation, rotation, flipping, scaling, and crop-
ping increase the diversity of datasets, GANs solve
class mismatch issues by creating synthetic mod-
els [94].

Learning transfer: Leverage pre-trained models
like ResNet and Xception to reduce reliance on
large data sets and speed up model adaptation for
specific tasks [78].

Efficient model performance: CNN is lightweight,
and adaptive anti-aliasing reduces computational
complexity, providing real-time analysis [97].

» Multimodal data fusion: Combining histopatho-
logical images with clinical and genetic data
improves the accuracy of diagnosis and provides
comprehensive information on different types of
cancer [21].

Therefore, microscopy can play a pivotal role in
early detection and treatment of breast cancer, im-
proving patient outcomes and reducing diagnostic
errors by addressing these challenges and adopting
advanced technologies.

In Table 6 below, we compare the strengths and
weaknesses of the techniques used in the ICIAR
2018 breast cancer classification tasks as well as the
problems addressed along with the objectives and
importance.

Table 6 highlights a diverse range of methods uti-
lized in the ICIAR 2018 breast cancer classification
task, each with distinct advantages and limitations.
The strengths of these techniques include high classi-
fication accuracy e.g., Minh et al. [100], innovative
hybrid architectures (e.g., Yan et al. [34]), and
computational efficiency e.g., KAUSA et al. [36].
However, many methods face challenges such as re-
liance on extensive labeled datasets, loss of critical
image features during preprocessing (e.g., Nassima
et al. [35]), and sensitivity to model complexity
(e.g., Guo et al. [101]). These findings underline
the need for approaches that balance accuracy,
interpretability, and computational feasibility to ad-
dress the multifaceted challenges of breast cancer
classification.

From the results presented in Table 6, an effective
approach to balancing accuracy, interpretability, and
computational feasibility for breast cancer classifica-
tion involves integrating several strategies:

Hybrid Modeling Techniques: Combining different
architectures, such as convolutional and recurrent
neural networks (e.g., Yan et al. [37]), captures both
local and global image features while preserving
spatial relationships. This approach enhances accu-
racy and provides interpretable insights into feature
importance.

Transfer learning and data augmentation: Lever-
aging data augmentation and transfer learning (e.g.,
Nguyen et al. [94] and Mukhlef et al. [23]) helps ad-
dress the challenges of limited datasets by improving
model generalization without requiring large compu-
tational requirements. It also allows models to adapt
to varying shooting environments.

Low-cost architecture: Using efficient network de-
signs, such as the Lightweight Deep CNN model with
Wavelet Transform (e.g., KAUSA et al. [36]), reduces
memory and computation costs while maintaining
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Table 6. Techniques used in the breast cancer classification tasks for ICIAR 2018.
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Methods/ Problems
Authors Techniques Strengths Weaknesses Addressed Importance
In this study, As for the power of  The research is in Problem solved: The importance
convolutional this technique, the its infancy The problem of of the
neural networks  classification although there is manual analysis technology lies
(CNNs) were accuracy was high at room for comes from the  classify breast in reducing
used to extract 87.5% for improvement in  size and cancer images human error and
the features and  distinguishing CNN structures  complexity of the and differentiate the workload on
— then classify between cancer and  and data, reducing between cancer  the pathologist,
= them. To adjust  non-cancerous and methodologies.  the risk of types to improve and improving
= the pre-trained 80% for four cancer  Apart from erroneous early diagnosis
= CNN models to  classes. In addition to relying only on  analysis and decision-making. and treatment of
) medical imaging the effective use of  labeled datasets, time-consuming patients.
fg tasks, transfer data augmentation several important processes.
= learning was for training power, factors that affect
used. To deal the reliability of classification
with the limited  medical diagnosis performance
dataset sizes, was improved by should also be
data automating image considered.
augmentation analysis.
was
implemented.
They propose a  Our hybrid CNN unit The structure of  This approach This technology ~ The importance
high- might use image the model, addresses the addresses the lies in
performance, local and global particularly the  challenges challenges of automating the
scalable information to GoogleNet inherent in breast automating diagnostic
—_ architecture to produce more model, is quite cancer history, breast cancer process, which
§ address. accurate predictions. complicated. minimizing tissue image in turn reduces
= The four-category Bagging and errors, managing recognition, the workload on
E problem of breast hierarchical voting small data sets, reducing error pathologists,
“o’ cancer based on  are also used to and integrating  rates, and dealing improves
& deep CNN improve the national and with limited data. accuracy, and
networks. classifier. In terms of international The technology  improves early
total accuracy and data to ensure achieves highly  detection, which
sensitivity in accurate accurate is very
classifying each predictions from predictions by important to
category of images, the data. integrating global reduce mortality
our approach and local in breast cancer
outperforms the state information. cases.
of the art, according
to trials.
Using histology ~ This paper shows that The process of The problems I Its goal is to This technology
images, this data pre-processing  extracting 10 addressed were  improve both provides
paper classifies and parameter patches from that traditional accuracy and powerful
breast cancer adjustment increase  each image may CNN computational automated tools
kinds. Histology traditional cause the loss of architectures for efficiency and is  for doctors to
N images can be architecture some important  classifying breast done by help them
E classified using performance. The features that are  cancer tissue enhancing the improve the
= image processing. results demonstrate  relied upon to images failed to  classification of  quality of
= The current study that this technology  determine the capture breast cancer diagnosis, make
© uses capsule can be used as an type of disease.  directional and tissue images early and
§ networks to automated tool to spatial using capsule accurate
2 record spatial help clinicians relationships in ~ networks with diagnoses, and
< and orientation  diagnose diseases, the data. There is patch extraction focus on

data. which may boost also a need to pre-processing treatment rather

cancer survival by improve and macular than diagnosis,
focusing on classification normalization which greatly
treatment rather than accuracy with the techniques. improves

limited amount survival rates.
of data that

exists.

diagnosis.

(Continued)
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Methods/ Problems
Authors Techniques Strengths Weaknesses Addressed Objectives Importance
A DCNN Experimental results The work needs  The problem of  Develop a deep  This approach
descriptor and ~ show that the to use DL based  color contrast in  learning-based helps in early
pooling pre-trained Xception ensemble models color images and framework that and accurate
operation model-based DCNN  and improved limited data size uses diagnosis of
enable DL-based architecture exceeds speckle were addressed, transformative cancer, reduces
breast cancer all others in normalization to  both of which are learning, global  the workload of
§ categorization.  classification increase the important for integration, and  pathologists,
= We employed accuracy with classification early and data and improves
= data 92.50%. accuracy. accurate augmentation to  patient
° augmentation detection of classify breast outcomes in
E methods to breast cancer cancer images their survival
4 improve using into 4 groups: rate through
2 categorization. histopathological “normal”, timely and
Various stain images. “benign”, “In focused care.
normalization situ”, and
methods are “invasive”.
also tested.
This technique ~ 78% accuracy on the It would be The problem of  The objective Improves
improves four-class test set beneficial to the limited was to improve  diagnostic
histology image prediction was further optimize  accuracy of deep the dataset by efficiency by
classification by attained, whichisa  the model during learning models improving automating
increasing the respectable result training and is solved by classification histology image
dataset (400 to  when compared to expand the study solving the accuracy using a  classification,
e 480) images the 65% accuracy to include other  problem of the time-based test ~ reduces
o through rates that were data sets or scarcity of (TTA) approach  subjectivity, and
= additive patch  previously published domains. labeled data for ~ and removing addresses data
° extraction(APE) in Vu et al breast cancer some spots from  limitations
§ and data publication. The tissue image the whole-slide critical to
2 augmentation,  evaluation includes classification. image (WSD). accurate cancer
4 using Test time five-fold detection.
augmentation cross-validation,
(TTA) during which improves the
testing with classification
CNNs. accuracy into four
cancer classes.
A hybrid CNNs  With an average It is ideal to Issues identified = The objective is ~ The importance
and RNNs for accuracy of 91.3% directly use a are the to improve of the
breast cancer for the 4-class complete importance and  automated breast technology is
histopathology classification test, high-resolution =~ complexity of cancer image highlighted by
image our system exceeds image as input to analyzing classification. A  automating
categorization is the state-of-the-art a deep neural histopathological hybrid model image
proposed. Our  method, according to network. images, lack of using CNNs and  classification
—_ method the experimental definitive data, RNNs captures and providing a
E. combines data. and challenges spatial features reference data
= convolutional associated with  and context, set to guide
= and recurrent processing enhancing progress in
g neural networks high-resolution  classification medical imaging
> with the deeper histopathological performance for and reducing

multilevel
feature
representation
of histopatho-
logical image
patches to retain
short-term and
long-term
spatial
relationships.

images of breast
cancer.

better
diagnostics.

reliance on
medical experts,
all of which
have helped in
the accuracy of
medical
diagnosis.

(Continued)
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Methods/ Problems
Authors Techniques Strengths Weaknesses Addressed Objectives Importance
This article The proposed The process of The problem Its objective was  The importance
makes use of the strategy cutting the image addressed was to use models of this technique
Inception outperformed the into patches may the challenges in pre-trained on is highlighted in
-v3CNN alternatives in the lose some of its  transferring similar tasks to  improving the
architecture, six  literature on the CRC properties, i.e. knowledge from improve efficiency of
histopathology (95.28%) and there may be large public classification transfer learning
5 source datasets, = KIMIA-PATH important datasets (e.g., accuracy and in medical
= and four target (98.18%) datasets, features that may ImageNet) to demonstrate the imaging, which
E sets as its according to the be lost. Instead,  specialized effectiveness of  has improved
3 foundational comparison research. they can use histopathological intra-domain performance in
= components. To image resizing tasks, as well as  transfer learning pathological
'% address class and data the scarcity of between image
4 imbalance in augmentation to  annotated data histopathological classification
histopathology increase the for medical datasets. tasks and
datasets, transfer number of image analysis. reduced
learning and samples. dependence on
GANs have been distant datasets.
used.
Using three This work’s best They did not use The problem of  To evolve an It is important in
classifiers for algorithm was other CNN difficulty in methodical, providing a
automatic breast ResNet50, which architectures like accurately low-cost second expert
lesion used the SVM Transfer Learning classifying breast computational opinion for
classification in  classifier with to compare the lesions due to procedure for diagnosis, helps
medical images  Polynomial kernel to results or other  limited automatic in early
T and Transfer get values above 78% classifiers. data,potential classification of  detection of
= Learning for in evaluation metrics. errors in manual  breast lesions breast cancer,
: feature Good evaluation analysis by using transfer serves as a
Y extraction, this findings allow breast specialists, and  learning with reliable tool for
% work compared lesion research goals high classifiers and CAD procedures
ug and evaluated to be proposed. computational multiple CNN in clinical
~ the performance cost was solved.  architectures. practice, and
of four network reduces false
designs. posi-
tive/negative
results.
An automated When DL features They did not It addressed the  Its objective is to It significantly
classification were combined with  check the problem of the combine both the improves
method that handcrafted features, classification limitation of features of deep classification
combines the performance performance hand-crafted learning and accuracy by
multilayer classification results ~ when training features or deep manual learning leveraging the

Amr et al. [105]

hand-crafted
features with
pre-trained deep
CNNs to extract
features.

improved to 96.79

percent for four-class

classification.

the first layers of
the pre-trained
models on tissue
images similar to
breast cancer
tissue images
such as colon and
bone cancer
tissue images
instead of
keeping the first
layers trained on
ImageNet.

learning in breast
cancer
histopathological
image
classification and
the challenges in
dealing with the
limited dataset
size for medical
image analysis,
which may affect
its
generalizability
and clinical
application.

for multi-class
classification of
histopathology
images, and also
by using transfer
learning
techniques, this
leads to
overcoming the
limitations of the
dataset and thus
improving the
classification
performance.

complementary
strengths of
individual
hand-crafted or
deep learning
features in
classifying
breast cancer
histopathology
images, which in
turn has helped
in better
diagnosis and
provided a
powerful CAD
tool for breast
cancer
detection.

(Continued)
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Methods/ Problems
Authors Techniques Strengths Weaknesses Addressed Importance
Wavelet Reduces Some image We address the Its objective is  Its importance
Transform computational cost information may problem of high lies in the fact
(WT) and by focusing only on  be lost due to computational that it
Lightweight low-frequency bands decomposition, cost and memory significantly
Deep CNN of images. Designed ~ which might requirements of  classification of reduces
Model with invertible affect detailed deep CNNss for computational
= residual block texture analysis. classifying breast costs without
2z modules, which May not be as cancer compromising
= reduce memory accurate for pathological classification
3 usage and complex datasets images, which accuracy, and
< computational without careful ~ makes them thus can be
= complexity. opti time-consuming  that leverages used
§ and unsuitable immediately
for capacity- and helps
constrained residual blocks. medical
platforms. professionals
detect cancer
early.
Semi- Combines labeled Clustering can be It addressed the  Their objective Its importance
Supervised and unlabeled data to sensitive to the problem of the was to develop lies in
Classification improve model initial data difficulty of increasing the
performance; spreads distribution and  classifying large powerful and
label information to  may not always medical images  framework that classification
unlabeled data. find meaningful  due to its performance,
patterns in reliance on reduced
N complex data. expert knowledge overfitting
N as well as taking unlabeled data caused by
= advantage of by combining  bounded
71 large-scale, labeled data,
] unlabeled data to deep clustering and efficiently
] classify medical use of
images large-scale,
effectively. unlabeled data
in medical
image analysis.
Dual Transfer =~ Reduces domain Limited Addressed the Its objective is It is important
Learning (DTL) mismatch between performance problem of to introduce a  in enhancing
source and target boost without inefficient system new approach the
domains; fine-tunes  data transfer between that accurately classification
with unclassified and augmentation; pre-trained performance of
classified images. domain-specific  clinical target breast cancer
= knowledge may  models and and skin
& be required for restricted cancer images,
= fine-tuning. medical imaging reduces
E tasks, leading to  medical images reliance on
= poor clinical large-scale
~ image classification
= classification learning (DTL) datasets, and
performance. provides a
highly efficient
domain-
target domain  specific
transfer
learning
approach.

(Continued)
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Methods/ Problems
Authors Techniques Strengths Weaknesses Addressed Objectives Importance
Convolutional Outperformed Requires large Addressing the The objective is  Its importance
Neural Networks traditional labeled datasets  problems in to develop a has emerged in
(CNN) handcrafted and high breast cancer classification supporting early
feature-based computational diagnosis due to  system based on  detection and
methods; highly resources for reliance on the use of treatment of
accurate for both training; traditional convolutional breast cancer, as
g binary and multiclass potential for methods for neural networks  well as reducing
= classification. overfitting with  histological (CNNs) for the burden on
= small datasets. diagnosis of the  accurate pathologists and
2 disease by diagnosis of providing an
g medical experts, binary (benign objective
i errors in manual  vs. malignant) classification of
= analysis, and and multiclass tumors.
difficulty in (subtypes within
accurately benign and
classifying tumor malignant
types. categories) breast
cancer.
Transfer Learning Reduces reliance on  Effectiveness may Address the Its main purpose Provide a more
with ImageNet ImageNet features by vary depending  problem of the is to improve the efficient
incorporating on the amount lack of enough classification of  approach to
unclassified images  and quality of labeled medical  breast cancer medical imaging
of the same disease, unclassified images to train tissue images by by achieving
- improving model medical images  deep learning integrating high
5 adaptability. available. models, and unclassified classification
= reduced reliance  images of the accuracy while
= on ImageNet same disease, preserving
E’ features by using pairwise image details
= incorporating transfer learning without
% unclassified technology, and  correction-based
= images of the improving data ~ segmentation.

same disease.

augmentation
methods.
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competitive accuracy. This ensures the ability to op-
erate in resource-constrained environments.

Integrated correction with fine-tuning: While
patch-based methods are commonly used (e.g., Nas-
sima et al. [35], Anupama et al. [102]) to reduce
computational complexity, optimizing patch extrac-
tion and ensuring minimal loss of key features of
the image is critical to achieving a balance between
accuracy and interpretability.

Combining hand-designed features with deep fea-
tures: Combining hand-designed features with deep
learning-based features (e.g., Amr et al. [105])
enhances the robustness of the model, providing ac-
curacy in classification results while using features
known in the field to achieve interpretability.

It becomes possible, then, to address the challenges
posed by breast cancer classification while achieving
a practical balance between accuracy, interpretabil-
ity, and computational efficiency by adopting these
strategies.

8. Future outlook in breast cancer staging
research

Future research is directed towards developing
advanced breast cancer staging methods using in-
novative techniques such as deep learning, artificial
intelligence, and unsupervised learning to improve
diagnosis accuracy and personalize treatment. The
work includes improving classification and feature
extraction algorithms and using diverse datasets
to increase the effectiveness of predictive models.
Attention is focused on developing multi-category
taxonomy, creating interpretable models, applying
transfer learning, and integrating multimodal data
to enhance personalized treatment. In addition, data
augmentation techniques such as convolutional neu-
ral networks (CNNs) and generative adversarial
networks (GANs) are used to overcome the limi-
tations of small data sets. To achieve these goals,
it fosters collaboration between researchers and
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healthcare providers to accelerate innovation and
transform breast cancer treatment.

9. Conclusions

Accurate diagnosis and treatment of breast can-
cer depend on advanced classification of complex
histological images. This study highlights the impor-
tance of using modern technologies to improve breast
cancer staging, and also addresses the challenges
associated with analyzing tissue images resulting
from breast cancer biopsies. By taking advantage of
innovative technology, such as deep learning and
transfer learning, and using resources such as the
ICIAR 2018 database, researchers have made signifi-
cant progress toward reliable classification of breast
cancer subtypes. These developments contribute to
enhancing personalized treatments and improving
clinical decision making. Future directions empha-
size the importance of integrating histological images
with genomic and clinical data in order to achieve
a comprehensive understanding of tumor biology.
Integrating multimodal data, as well as data aug-
mentation techniques and collaborative platforms for
information sharing, is key to overcoming the lim-
itations of datasets and enhancing the effectiveness
of models. Moreover, the development of lightweight
and efficient models contributes to ensuring their
accessibility in resource-limited environments, while
unsupervised learning shows promising potential in
discovering new patterns without relying on labeled
datasets. These advances pave the way for more ac-
curate diagnoses, improved patient outcomes, and
the development of innovative treatment models.
This survey is a comprehensive resource that re-
views classification methods, identifies challenges,
and suggests future research paths. It also highlights
the importance of cooperation between researchers
and healthcare providers in promoting technological
progress that contributes to improving the diagnosis
and staging of breast cancer.
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