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ABSTRACT 14 

Breast cancer remains a leading cause of mortality in women globally, necessitating early 15 

detection and accurate diagnosis. Deep learning, particularly Convolutional Neural Networks 16 

(CNNs), and adaptive thresholding methods have emerged as promising technologies for 17 

analyzing histopathological images. This systematic literature review examines trends, 18 

challenges, and innovations in applying deep learning and adaptive thresholding to breast 19 

cancer histopathology image analysis. Following PRISMA guidelines, we conducted a 20 

comprehensive search across IEEE Xplore, ScienceDirect, SpringerLink, publications from 21 

2022-2025. The review encompassed identification, selection, eligibility assessment, and 22 

results synthesis stages. Key findings reveal that integrating adaptive thresholding pre-23 

processing with deep learning models achieves classification accuracy exceeding 95% in 24 

several studies. However, significant challenges persist, including data imbalance, limited 25 

validated datasets, model interpretability concerns, and barriers to clinical integration. This 26 

review emphasizes the critical need for developing integrative models that combine deep 27 

learning technology with clinical decision-support systems. Such approaches can enhance 28 

diagnostic speed, accuracy, and transparency in breast cancer diagnosis. Our findings provide 29 

a foundational framework for future research in artificial intelligence applications within digital 30 

pathology and medical decision-support systems, ultimately advancing the role of AI in 31 

improving patient outcomes and clinical workflow efficiency. 32 

Keywords: Deep Learning, Adaptive Thresholding, Histopathology Images, Breast Cancer, 33 

Medical Integration. 34 
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HIGHLIGHTS 2 

 Systematic review of deep learning and adaptive thresholding for breast cancer diagnosis. 3 

 Integration of preprocessing techniques improves accuracy in histopathology image 4 

classification. 5 

 Convolutional neural networks outperform conventional methods in cancer tissue analysis. 6 

 Addresses key challenges: data imbalance, model interpretability, and clinical 7 

implementation. 8 

 Framework integrating artificial intelligence with medical decision-support systems in 9 

pathology. 10 
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1. Introduction 3 

Breast cancer is one of the diseases with the highest morbidity and mortality rates 4 

among women worldwide [1]. According to the World Health Organization (WHO), more 5 

than 2.3 million new cases of breast cancer are detected annually, and this number continues 6 

to increase, particularly in developing countries [2]. Early and accurate diagnosis is a 7 

crucial key to improving patient survival rates [3]. One of the widely used diagnostic 8 

methods is histopathology image analysis, which involves microscopic tissue examination 9 

to detect the presence of cancer cells [4]. 10 

The development of artificial intelligence (AI) technology, particularly Deep Learning, 11 

has brought a significant revolution to the field of digital pathology [5][6]. Models such as 12 

Convolutional Neural Networks (CNNs) demonstrate remarkable capability in recognizing 13 

tissue morphological patterns and classifying cancer cell types with high accuracy [7][8]. 14 

Various studies report that CNNs outperform conventional methods in terms of speed and 15 

accuracy in histopathology image analysis [9][10]. Inspired by the phenomenon mentioned 16 

above, we have endeavored to structure our line of questioning and reasoning by presenting 17 

the first research question: 18 

RQ1: What Deep Learning methodologies have been implemented for breast cancer 19 

histopathology image analysis, and to what extent do they improve classification accuracy? 20 

However, the performance of deep learning models is significantly influenced by input 21 

data quality [11][12]; consequently, image preprocessing becomes an essential step prior to 22 

model training. In this context, adaptive thresholding plays a crucial role as a preprocessing 23 

technique to enhance contrast and highlight important features in histopathology images 24 

[13][14]. This method locally adjusts threshold values according to pixel intensity [13], 25 

thereby effectively addressing variations in illumination and complex tissue textures. The 26 

combination of adaptive thresholding and CNN has demonstrated its effectiveness in 27 

improving both segmentation efficiency and classification accuracy across multiple 28 

histopathology datasets [15][16]. Given that deep learning model performance significantly 29 

influences adaptive thresholding performance [17][18], we present the second research 30 

question as follows: 31 

RQ2: How do adaptive thresholding methods contribute to the preprocessing stage and 32 

impact the performance of Deep Learning models in breast cancer classification? 33 

Nevertheless, the implementation of deep learning approaches in medical contexts 34 

continues to face considerable challenges [19][20], encompassing inadequate annotated 35 

training data, unbalanced class distribution [25][26], insufficient model transparency 36 

(black-box phenomena) [21][22], and the incorporation of predictive systems into clinical 37 

environments, which demands stringent ethical and regulatory oversight. Therefore, 38 

conducting a systematic review of the existing literature is imperative to map emerging 39 

developments, identify technological advances, and pinpoint remaining research 40 

deficiencies in the application of deep learning techniques alongside adaptive local 41 

thresholding strategies for analyzing histological breast tissue images. 42 



The deployment of deep learning technology and adaptive thresholding mechanisms in 1 

medical practice extends far beyond the technical dimensions of image processing; it 2 

fundamentally requires addressing the practical barriers to implementation within real-3 

world clinical settings. While research has consistently documented substantial 4 

improvements in classification performance of tissue microscopy images through 5 

convolutional neural architectures and intelligent preprocessing techniques [23][24], their 6 

operational integration within clinical diagnostic workflows remains encumbered by 7 

multiple implementation barriers. These obstacles include the scarcity of rigorously 8 

validated histopathological datasets [13][14], concerns surrounding ethical principles and 9 

patient confidentiality [27][28], the pressing demand for algorithmic interpretability 10 

(explainable artificial intelligence) [29][30], and the necessity to accommodate technical 11 

variations arising from differences between institutions and diagnostic equipment [31][32]. 12 

With consideration given to this overarching framework for translating computational 13 

models into practical medical environments, the present study sets forth the following 14 

proposition: 15 

RQ3: What are the challenges, innovations, and potential for integrating Deep 16 

Learning-based models and adaptive thresholding in the context of real-world medical 17 

implementation? 18 

Through this investigation, we aim to establish a comprehensive research map [33][34] 19 

that can serve as a foundation for developing an integrative model [35] combining artificial 20 

intelligence technology and medical practice in the future, to support more effective, 21 

efficient, and reliable breast cancer detection [36]. This research is expected to contribute 22 

not only theoretically to the advancement of medical image processing algorithms but also 23 

to provide strategic direction for integrating transparent, ethical, and clinically 24 

implementable intelligent technologies, thereby establishing an essential foundation toward 25 

digital transformation in contemporary oncology diagnostics [37]. 26 

 27 

2. Theoretical Perspective 28 

Systematic investigation of histopathological image analysis for breast cancer using Deep 29 

Learning and adaptive thresholding methods, theoretical perspective plays a crucial role in 30 

explicating the conceptual framework underlying the relationship between technological 31 

concepts, image analysis processes, and their application within medical contexts [38][39]. 32 

Theoretical perspective not only provides a philosophical foundation for the approaches 33 

employed but also bridges scientific principles and practical applications. In this regard, 34 

relevant theories must encompass two primary dimensions: first, how Deep Learning, 35 

particularly Convolutional Neural Network (CNN) architectures, enables the construction 36 

of meaningful visual representations from medical images [39][40]; and second, how 37 

adaptive thresholding as a preprocessing technique contributes to enhancing the quality of 38 

input data received by Deep Learning models [41]. Consequently, these two theoretical 39 

frameworks complement each other representation learning theory elucidates the internal 40 

mechanisms through which models comprehend image structures [38][39], while adaptive 41 

segmentation theory explains how images are prepared to become more informative and 42 

aligned with histopathological data characteristics [41]. The integration of both frameworks 43 

constitutes a robust conceptual foundation for understanding, analyzing, and evaluating the 44 



efficacy of this integrated methodology in supporting more accurate and efficient breast 1 

cancer diagnosis [38][42]. 2 
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2.1 Theoretical Perspective: Representation Learning Theory in Deep Learning 6 

The first highly relevant theoretical perspective is representation learning theory [43] 7 

in the context of deep neural networks. In the domain of medical image processing, 8 

including histopathological images, the primary challenge is determining how models 9 

can learn abstract, discriminative, and robust feature representations that are resilient 10 

to variations in illumination, staining, texture, and artifacts [44]. According to this 11 

theoretical framework, Convolutional Neural Network (CNN) models do not merely 12 

map pixels to classes, but rather gradually transform raw images into high-level feature 13 

representations through layers of convolution, pooling, and nonlinearity [45]. This 14 

hierarchical transformation enables models to capture tissue morphological patterns, 15 

cellular structures, and texture patterns that are difficult to reveal using classical 16 

methods [46]. In the context of your research, representation learning theory explains 17 

why the integration of adaptive thresholding at the preprocessing stage can support 18 

improved feature representation exploration: by suppressing noise, enhancing local 19 

contrast, and focusing on meaningful tissue area pixels, adaptive thresholding helps 20 

deep learning models avoid disruption from background artifacts or irrelevant intensity 21 

variations [47]. Consequently, the internal representations learned by the CNN become 22 

cleaner and more easily separable by the final classification layer, thereby maximizing 23 

the potential for improved classification accuracy [50]. 24 

This theory also presents a challenge: if preprocessing is too aggressive, some relevant 25 

fine-grained features might be lost, and the resulting representation could become 26 

over-biased toward images that have been processed differently from real clinical data 27 

[51]. Therefore, achieving balance between preprocessing (adaptive thresholding) and 28 

the flexibility of CNN representation becomes a critical aspect that must be explored 29 

in the literature review [52]. Theoretically, this approach is related to the principle of 30 

invariant feature learning, which refers to the model's ability to recognize important 31 

image attributes that remain consistent despite variability in illumination, staining, or 32 

rotation [53][54]. A robust representation will be more resistant to noise or non-33 

informational variations, and ultimately will enhance model generalization to new 34 

samples. 35 

2.2 Theoretical Perspective: Adaptive Segmentation Theory and Image Pre-processing 36 

The second theoretical perspective focuses on the foundational theory of 37 

adaptive segmentation techniques, particularly adaptive thresholding, in the domain of 38 

medical image processing. This perspective views segmentation and adaptive 39 

thresholding processes not merely as technical operations, but as integral components 40 

of the medical image processing pipeline that determine the quality of input for 41 

subsequent computational stages [55]. According to image segmentation theory, the 42 

primary objective of segmentation is to separate meaningful objects (foreground) from 43 

the background in such a manner that objects can be analyzed in greater depth [56]. In 44 



histopathological images, meaningful objects include cellular structures, cell nuclei, or 1 

tumor tissue, whereas the background may consist of empty space, artifacts, or non-2 

tumor tissue. Because staining conditions, illumination variations, and tissue 3 

preparation artifacts can be highly variable, global static thresholding often fails to 4 

effectively separate objects from background [57]. 5 

Adaptive thresholding theory posits that threshold values should be determined 6 

locally, based on the statistical properties of pixel intensities in the neighborhood 7 

surrounding each pixel [58]. For example, local thresholds can be calculated based on 8 

mean, median, or local combinations. With this approach, regions of the image with 9 

low intensity or dim illumination can be processed effectively without incorrectly 10 

identifying background as foreground objects. This principle, known in the literature 11 

as local adaptive thresholding, has become a fundamental technique in medical image 12 

preprocessing and documentation [59]. In histopathological research, adaptive 13 

segmentation theory emphasizes the importance of local statistical methods (mean, 14 

Gaussian, median) to keep segmentation sensitive to tissue morphological changes 15 

without introducing excessive noise or artifacts [60]. If the window is too small, local 16 

noise can affect the threshold; if too large, the local threshold approaches the global 17 

threshold and loses local sensitivity [61]. 18 

The theoretical integration between adaptive thresholding and deep learning can 19 

be viewed as a hybrid pipeline in which local adaptive segmentation prepares images 20 

so that CNNs or other deep learning models receive input of optimal quality [62]. 21 

Within the framework of segmentation theory, adaptive thresholding can be understood 22 

as a pre-filter that reduces image noise and irregularities, allowing deep learning 23 

models to focus more on learning significant cancer cell features [63]. When adaptive 24 

thresholding is performed effectively, then cellular morphological features including 25 

cell edges, cell nucleus heterogeneity, and tissue structure formation are better 26 

preserved and contrasted for feature extraction by CNNs. Adaptive segmentation 27 

theory also carries the implication that adaptive thresholding methods must align with 28 

the characteristics of histopathological datasets for example, H&E staining variations, 29 

image size, cell resolution, and tumor tissue heterogeneity [64]. In this Literature 30 

Review Study, we will examine how various studies select different adaptive 31 

thresholding parameters tailored to dataset characteristics, and how adaptation of these 32 

methods affects deep learning model accuracy and stability [65][66][67]. 33 

 34 

3. Research Methods 35 

The research method employed in this study is a Systematic Literature Review (SLR), 36 

which aims to review, identify, and critically synthesize various studies conducted 37 

concerning the application of Deep Learning and adaptive thresholding in breast cancer 38 

histopathological image analysis [68]. This approach adheres to the principles of 39 

transparency, replication, and objectivity to ensure that the results obtained can serve as a 40 

scientific foundation for understanding the developments, challenges, and future research 41 

directions in this field [69]. The SLR method was selected because it enables researchers 42 

to aggregate scientific evidence from various credible sources, such as ScienceDirect, IEEE 43 

Xplore, SpringerLink, and SCOPUS, as well as to manage research data systematically 44 



using a review protocol based on the Preferred Reporting Items for Systematic Reviews 1 

and Meta-Analyses (PRISMA) guidelines [70]. 2 

 3 

3.1 Data Collection 4 

The data collection stage was conducted by searching for scholarly articles published 5 

between 2022 and 2025 from several internationally indexed databases such as 6 

ScienceDirect, SpringerLink, IEEE Xplore, and Scopus. The selection of this time 7 

frame was intended to ensure that the reviewed literature represents the most recent 8 

developments in the application of Deep Learning and adaptive thresholding 9 

techniques in medical image analysis, particularly in breast cancer histopathological 10 

image analysis. 11 

Tabel 1. Search strings used in this study 12 

Code used Formula used in this study for search strings 

SS-1 “Deep Learning” OR “Convolutional Neural Network” OR “CNN” OR 

“Artificial Intelligence” OR “Machine Learning” 

SS-2 “Adaptive Thresholding” OR “Image Preprocessing” OR “Segmentation 

Technique” OR “Image Enhancement” OR “Threshold-based 

segmentation” 

SS-3 “Breast Cancer” OR “Histopathology Image” OR “Histopathological 

Analysis” OR “Digital Pathology”  

SS-4 “Medical Integration” OR “Clinical Application” OR “Healthcare System” 

OR “Medical Diagnosis” OR “AI in Medicine” 

SS SS-1 AND SS-2 AND SS-3 AND S4 

 13 

The search string formulation in this study was designed to encompass all major 14 

aspects of the research topic under investigation. SS-1 focuses on Deep Learning 15 

approaches as a core technique in medical image analysis, particularly those involving 16 

algorithms such as Convolutional Neural Networks (CNNs) for classification and 17 

cancer tissue pattern detection. SS-2 is directed toward image preprocessing techniques, 18 

specifically the application of adaptive thresholding methods that play a crucial role in 19 

enhancing the quality and accuracy of histopathological image segmentation prior to 20 

model training. SS-3 targets the application domain of breast cancer, with emphasis on 21 

the utilization of histopathological images as the primary source of tissue-based 22 

diagnostic data. Meanwhile, SS-4 expands the scope of the search by considering 23 

aspects of clinical integration and medical application, which are relevant to the 24 

research objective of exploring the potential implementation of Deep Learning and 25 

adaptive thresholding technologies in real-world medical diagnostic systems.  26 

These four search strings collectively ensure that the collected literature not only 27 

encompasses technical approaches, but also practical and contextual aspects of the 28 

application of this technology in the medical field. The search for relevant articles in 29 

this study was limited to publications that have undergone a peer-review process, been 30 

published in reputable academic journals, and possess full-text availability in English. 31 

Articles that provided only English-language abstracts without complete full-text were 32 

excluded from the analysis.  33 



After extracting metadata from publication databases, the titles, abstracts, and 1 

full texts of articles were subsequently screened manually using two sets of assessment 2 

criteria. The assessment criteria are presented in Table 2. Articles that met all criteria 3 

were included in this study.   4 

Tabel 2. Screening criteria used to select papers 5 

Title and abstract assessment criteria Full text assessment criteria 

  

 Only articles that have gone through a 

peer-review process and are published in 

reputable scientific journals. 

 Only articles written in English and 

available in full text form. 

 The aims, findings, and/or implications 

of the research relate to medical image 

analysis, breast cancer classification, or 

the application of artificial intelligence 

in digital pathology. 

 The research context is related to the 

fields of biomedicine, digital pathology, 

or histopathology tissue pattern 

recognition. 

 Articles that only touched on the topic of 

AI in general without histopathological 

context were not included. 

 The focus of the article is the application of 

Deep Learning technology (especially 

Convolutional Neural Network/CNN) in 

the analysis of breast cancer histopathology 

images. 

 The article comprehensively explains the 

use of image pre-processing methods, 

especially adaptive thresholding, in 

improving the accuracy of Deep Learning 

models. 

 Studies address model performance 

evaluation, CNN architecture innovation, 

or integrative approaches in AI-based 

medical diagnosis. 

 The article describes the challenges and 

potential of integrating Deep Learning and 

adaptive thresholding technologies in real 

medical systems, including ethical, 

regulatory, and clinical implementation 

issues. 

 Studies that did not provide experimental 

data, comparative studies, or quantitative 

evaluation results were excluded from the 

analysis. 

 6 

3.2 Data Analysis 7 

The process of identifying and selecting research articles was conducted 8 

systematically using the Preferred Reporting Items for Systematic Reviews and Meta-9 

Analyses (PRISMA) approach. At the identification stage, a total of 1867 articles were 10 

obtained from various leading scientific databases, namely ScienceDirect, IEEE 11 

Xplore, Springer, and SCOPUS. These articles were retrieved using combinations of 12 

relevant keywords such as "Deep Learning," "adaptive thresholding," "image 13 

preprocessing," and "breast cancer histopathology." Subsequently, at the screening 14 

stage, 1,650 articles remained after the duplicate removal process. These articles were 15 

then selected based on title relevance to the research topic, yielding 630 articles 16 

deemed relevant. From this number, 1020 articles were excluded because they did not 17 



meet the initial criteria (for example, were not related to medical image analysis or did 1 

not employ AI-based approaches). 2 

The next stage is abstract screening, in which 630 abstracts were read and 3 

evaluated to determine the relevance of methodology, application domain, and research 4 

contribution. A total of 510 articles were eliminated because they did not meet the 5 

inclusion criteria (for example, non-peer-reviewed studies, those not involving Deep 6 

Learning methods, or those not focused on breast cancer). 7 

At the eligibility stage, an evaluation was conducted on the remaining 120 8 

articles by reading their full texts. This process aimed to ensure that the research 9 

methodology, image analysis techniques, as well as the application of Deep Learning 10 

and adaptive thresholding were aligned with the objectives of this systematic review. 11 

Following rigorous assessment, 45 articles were excluded because they did not fully 12 

meet the quality and research criteria. Finally, at the included stage, 75 final articles 13 

were obtained that met all criteria for further analysis. These articles served as the 14 

foundation for thematic synthesis and in-depth analysis regarding challenges, 15 

innovations, and the potential integration of Deep Learning and adaptive thresholding 16 

models in the context of breast cancer histopathological diagnosis in the medical field. 17 

For more details, the PRISMA framework can be seen in Figure 1. 18 

 19 

 20 

Figure 1. Article filtering (based on the PRISMA flowchart (Liberati et al,. 2009)) 21 

3.3 Synthesis 22 



Based on the analysis of 75 selected articles, it was found that the integration of 1 

Deep Learning and adaptive thresholding plays a crucial role in improving the 2 

accuracy of breast cancer histopathological image analysis. The majority of studies 3 

employed Convolutional Neural Network (CNN) architectures due to their capability 4 

to automatically extract tissue morphological features. However, the success of CNN 5 

is highly dependent on the image preprocessing stage, where adaptive thresholding 6 

helps normalize illumination and clarify relevant pathological areas. The combination 7 

of adaptive thresholding and CNN has proven capable of improving cancer cell 8 

segmentation and increasing classification accuracy by 10–20% compared to 9 

conventional methods. This approach is particularly effective on complex 10 

histopathological datasets such as BreakHis, BACH, and CAMELYON16. 11 

Additionally, the application of transfer learning, fine-tuning, and data augmentation 12 

helped overcome the limitations of annotated dataset availability, resulting in models 13 

that are more robust and generalizable to data variations. 14 

Recent research trends indicate a shift toward hybrid models and explainable AI 15 

(XAI) to enhance the interpretability of classification results and reduce the black-box 16 

nature of Deep Learning models. However, the main challenges remain rooted in the 17 

scarcity of large and consistent datasets, variations in tissue staining techniques, and 18 

class imbalance in data. Several studies recommend patch-based learning and multi-19 

scale analysis to improve model generalization. 20 

Overall, the integration of Deep Learning and adaptive thresholding offers 21 

significant potential for more accurate, efficient, and interpretable breast cancer 22 

diagnosis. The success of its clinical application depends on the quality of 23 

preprocessing, the appropriate selection of CNN architecture, as well as ethical and 24 

regulatory validation to ensure that system results can be safely utilized in medical 25 

practice. 26 

 27 

4. Findings 28 

4.1 Article Profile 29 

Table 4.1 Data on articles generated to follow up on SLR articles. 30 

No. Source 
Automated Search Jurnal Q1 and Q2 

Related 

Abstract 

1 ScienceDirect 620 35 20 

2 IEEE Xplore 480 30 18 

3 Springer 247 15 12 

4 Scopus 520 40 25 

Total 1867 120 75 

 31 

Table 4.1 presents the results of literature search obtained from four major 32 

databases, namely ScienceDirect, IEEE Xplore, Springer, and Scopus. The total 33 

number of articles found through the automated search process was 1,867 articles. 34 

From this number, further screening was conducted to obtain high-quality journals (Q1 35 

and Q2) and abstracts relevant to the research topic. Based on the search results, 36 



ScienceDirect provided the largest contribution with 620 articles from the initial 1 

search, followed by IEEE Xplore with 480 articles, Springer with 247 articles, and 2 

Scopus with 520 articles. After screening based on journal quality, a total of 120 Q1 3 

and Q2 journals were obtained. The distribution shows that Springer had the largest 4 

number of Q1 and Q2 journals, namely 40 journals, followed by ScienceDirect (35 5 

journals), IEEE Xplore (30 journals), and Scopus (15 journals). Subsequently, from 6 

the screening results based on abstract relevance to the research topic, 75 relevant 7 

abstracts were obtained. The majority originated from Springer with 25 abstracts, 8 

followed by ScienceDirect (20 abstracts), IEEE Xplore (18 abstracts), and Scopus (12 9 

abstracts). Overall, the results demonstrate that although each database made different 10 

contributions in terms of initial search results, Springer and ScienceDirect dominated 11 

in terms of journal quality and abstract relevance to the research topic under 12 

investigation. 13 

 14 

 15 

Figure 2. Problems in the classification of breast cancer histology images 16 

Figure 2 presents the distribution of major issues frequently encountered in 17 

various contemporary research studies. Based on the diagram, the accuracy factor 18 

occupies the largest proportion, accounting for 71% of all identified issues. This 19 

indicates that the majority of research remains focused on improving the accuracy of 20 

developed models or systems. Accuracy often serves as the primary metric for 21 

assessing the success of methods, particularly in the fields of machine learning, deep 22 

learning, and data-driven analysis research. Consequently, model improvement, 23 

optimal feature selection, and enhancement of data quality have become the primary 24 

priorities for addressing this issue. 25 

Subsequently, the running time or computational cost aspect occupies the 26 

second position with a percentage of 11%. This issue is related to computational 27 

efficiency during the model training and testing processes. In modern research, 28 

particularly those employing complex architectures such as deep neural networks, 29 

computational resource requirements have become a major challenge. Therefore, many 30 

contemporary studies endeavor to develop more lightweight and faster methods 31 
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through techniques such as model compression, parallel processing, or hardware 1 

acceleration to reduce execution time without compromising accuracy. 2 

Issues of scalability, generalization, and dataset contribute 8% of the total 3 

problems identified. These challenges arise because many models still lack the 4 

capability to adapt well to data variations that differ from their training data. In the 5 

context of modern research, this issue becomes important because many developed 6 

systems operate within limited environments and do not always perform optimally 7 

when applied to real-world conditions. Researchers now focus extensively on cross-8 

domain learning, transfer learning, and increasing the size and diversity of datasets to 9 

address these generalization challenges. 10 

Finally, the preprocessing optimization aspect accounts for 10% of the total 11 

problems. The preprocessing stage is highly critical because it directly influences the 12 

quality of data that will be used in the model. Current research frequently emphasizes 13 

the importance of automating this process, such as automated feature engineering, data 14 

augmentation, and noise reduction, to enhance efficiency and model performance. 15 

With the increasing volume and complexity of data, preprocessing optimization has 16 

become a pressing necessity for models to function more effectively. 17 

 18 

 19 

Figure 3. The most popular datasets in breast cancer histology image 20 

classification. 21 

BreakHis has become the most dominant dataset used because it provides a 22 

comprehensive collection of high-resolution breast cancer histopathological images 23 

with diverse categories (benign and malignant) from various tissue subtypes. This 24 

dataset is highly ideal for training deep learning models that require large and diverse 25 

data. In contemporary research, BreakHis is frequently utilized as the primary dataset 26 

for developing and evaluating Convolutional Neural Network (CNN) architectures and 27 

transfer learning models for breast cancer classification. Its popularity is further 28 

supported by public availability and a format that is easily processed by computer 29 

vision algorithms. 30 
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Meanwhile, TCGA-BRCA (The Cancer Genome Atlas – Breast Cancer) and 1 

Camelyon16/17 each demonstrated moderate usage levels, approximately 15 times 2 

respectively. TCGA-BRCA is a multimodal dataset encompassing genomic data, gene 3 

expression, and histological images, making it highly relevant for research combining 4 

image analysis with omics approaches. This dataset is frequently used in contemporary 5 

research focused on multi-modal deep learning and precision medicine. On the other 6 

hand, Camelyon16/17 is extensively utilized for research in detecting cancer 7 

metastasis in whole-slide histopathological images. This dataset provides detailed 8 

annotations at the cellular level, making it highly valuable for developing automatic 9 

detection algorithms and cancer tissue segmentation. 10 

Subsequently, BACH (BreAst Cancer Histology Challenge ICIAR 2018) and 11 

ICIAR/Bioimaging/Mitos-Atypia demonstrated relatively lower usage levels, 12 

approximately 10 and 5 times respectively. Although their usage frequency is not as 13 

high as BreakHis, both datasets maintain an important role in modern research, 14 

particularly in the context of competitions and benchmarking. BACH, for instance, is 15 

frequently used to test model performance on international competition standard data, 16 

whereas ICIAR and Mitos-Atypia datasets are extensively utilized in studies of mitosis 17 

detection and cellular-level analysis of cancer tissue. 18 

 19 

 20 

Figure 4. Library Dataset 21 

The dominance of Scopus in this graph indicates that the majority of data or 22 

research references were obtained from multidisciplinary databases with extensive 23 

indexing coverage. Scopus is recognized as one of the largest scientific journal 24 

indexes, encompassing various fields of knowledge, including computer science, 25 

medicine, engineering, and applied sciences. Consequently, the high volume of data 26 

from Scopus indicates that current research utilizes credible and high-reputation 27 

sources to ensure the validity of the literature employed. 28 

ScienceDirect occupies the second position as one of the platforms providing 29 

access to diverse journals and articles from Elsevier publishers. Many contemporary 30 

studies leverage ScienceDirect because it offers complete full-text articles relevant to 31 

machine learning, medical imaging, and computational pathology fields. The high 32 

volume from ScienceDirect demonstrates that researchers extensively rely on open-33 
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access literature and more complete data availability to support the analysis process 1 

and model development. 2 

Meanwhile, Springer occupies a middle position with approximately 20 entries. 3 

Springer has become an important source because it frequently publishes articles in 4 

engineering, biotechnology, and digital medicine fields. The use of Springer in 5 

research demonstrates the diversity of sources employed, particularly in the context of 6 

integrating methods and cross-disciplinary approaches. 7 

Regarding IEEE Xplore, it has the lowest volume in this graph. This can be 8 

attributed to the fact that IEEE Xplore's focus is more specific to electrical engineering, 9 

electronics, and pure computer science, such that only a small portion of the dataset is 10 

directly relevant to the research context, particularly if the research emphasizes 11 

biomedical aspects or histopathological image analysis rather than pure technical 12 

algorithms. 13 

 14 

 15 

Figure 5. Year of Publication 16 

Figure 5 presents the distribution of the number of publications based on 17 

publication year from 2021 to 2025. Based on the graph, a considerable increase in the 18 

number of publications can be observed year-over-year. The year 2021 recorded the 19 

lowest number of publications, with only approximately two publications. This number 20 

subsequently increased in 2022 and 2023 with relatively stable quantities in the range 21 

of six to seven publications. 22 

A more pronounced increase becomes evident in 2024, where the number of 23 

publications rose sharply to approximately 25 publications. This increase demonstrates 24 

heightened attention and more intensive academic activity on the research topic or field 25 

under investigation. The year 2025 represents the peak of this graph, with the number 26 

of publications reaching approximately 39 publications, nearly double compared to the 27 

previous year. 28 

The tendency of increasing publication numbers each year demonstrates 29 

consistency and strong growth in interest regarding the discussed topic. Technological 30 

advancement, data availability, and enhanced collaboration among researchers may 31 

constitute factors driving the increase in publication numbers. Consequently, this graph 32 
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illustrates a positive trend and demonstrates that the research field is progressively 1 

developing and receiving greater attention from both the academic and professional 2 

communities year-over-year. 3 

 4 

 5 

Figure 6. Feature model development. 6 

Figure 6 presents the distribution of approaches employed in the observed 7 

studies. Quantitatively, the Hybrid Deep Learning approach dominates with 8 

approximately 33 entries, followed by Transfer Learning with approximately 22 9 

entries, Transformer-based Models with approximately 10 entries, other approaches 10 

(such as Autoencoder, GAN, and deep feature extraction) with approximately 6 entries, 11 

and Traditional Machine Learning (SVM, KNN, Random Forest) with the lowest 12 

count, approximately 5 entries. The dominance of hybrid and transfer learning 13 

approaches is clearly evident. 14 

Transfer Learning (VGG, ResNet, Inception, EfficientNet, etc.) with 15 

approximately 22 entries has become a popular choice due to the ease of adapting pre-16 

trained models and data efficiency. This approach enables researchers to leverage 17 

feature representations that have been learned on large datasets, thereby accelerating 18 

convergence and improving performance when domain-specific datasets are relatively 19 

small. The primary advantages of transfer learning include reduced training data 20 

requirements and computational time; however, limitations emerge if the target domain 21 

is substantially different from the source domain of the pre-trained model. 22 

Hybrid Deep Learning (CNN + SVM, CNN + LSTM, CNN + Transformer, etc.) 23 

occupies the largest proportion (33 entries). This indicates a strong tendency to 24 

combine the strengths of multiple architectures: CNN for spatial feature extraction, 25 

LSTM for sequential dependencies, SVM for margin-based classification, or 26 

Transformer for attention mechanisms. The hybrid approach is frequently selected to 27 

enhance accuracy and generalization capability by leveraging the advantages of each 28 

component. The trade-off involves increased architectural complexity, more extensive 29 

hyperparameter tuning requirements, and potentially higher computational costs. 30 
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Transformer-based Models (ViT, etc.) with approximately 10 entries 1 

demonstrate growing adoption of attention-based architectures in the image processing 2 

domain. Transformers offer powerful global context modeling capabilities compared 3 

to conventional CNN, proving beneficial for tasks requiring recognition of spatially 4 

distributed patterns. However, they generally require large datasets or effective 5 

augmentation/transfer strategies to achieve optimal performance, as well as significant 6 

computational requirements if trained from scratch. 7 

Traditional Machine Learning (SVM, KNN, Random Forest) with the lowest 8 

count (5 entries) are still employed, particularly in studies utilizing handcrafted 9 

features (manual feature extraction) or when datasets are relatively small, making 10 

simpler models more stable. Their advantages include interpretability and low 11 

computational cost; their limitations include restricted capability to capture complex 12 

features from raw image data without intensive feature engineering. 13 

Other approaches (Autoencoder, GAN, Deep Feature Extraction, etc.) with 14 

approximately 6 entries encompass specialized techniques such as generative models 15 

(GAN) for augmentation or image quality enhancement, and autoencoders for 16 

representation learning or denoising. This category demonstrates exploration of 17 

complementary methods outside the main categories yet possessing important roles in 18 

preprocessing, data augmentation, or feature enhancement preceding the primary 19 

classification pipeline. 20 

Overall, this graph reflects practical preferences: combinations (hybrid) and 21 

model reuse (transfer learning) dominate because they offer a balance between 22 

performance and efficiency. Conversely, traditional methods and other experimental 23 

approaches are less frequently employed, though they remain relevant for specific 24 

cases. Ideally, the selection of approach should consider dataset size and 25 

characteristics, target metrics (accuracy versus efficiency), and available 26 

computational resources. 27 

 28 
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Figure 7. Comparison of model development 1 

Figure 7 displays the distribution of usage frequency of various model 2 

approaches employed in the research. This graph illustrates considerable variation in 3 

the frequency of each approach's application, with strong dominance of CNN-based 4 

approaches (Convolutional Neural Networks). 5 

The CNN-Based Approach occupies the highest position with 22 instances of 6 

usage. This demonstrates that CNN-based models remain the primary and most 7 

popular method for image analysis, particularly for tasks involving classification, 8 

segmentation, and visual pattern detection. The advantage of CNN lies in its capability 9 

to automatically extract spatial features without requiring manual feature engineering 10 

processes, thereby remaining the foundational basis in many image-based pattern 11 

recognition systems. 12 

Subsequently, Transfer Learning Approach and Preprocessing-Based Approach 13 

occupy equivalent positions, each with 12 instances of usage. Transfer learning is 14 

extensively utilized to accelerate model training and improve accuracy by leveraging 15 

pre-trained models such as VGG, ResNet, or EfficientNet. Meanwhile, preprocessing-16 

based approaches emphasize enhancing data quality prior to the model training phase, 17 

for instance through augmentation techniques, normalization, or segmentation. Both 18 

approaches are frequently employed simultaneously to achieve more optimal results. 19 

Hybrid Deep Learning Approach occupies the next position with 7 instances of 20 

usage. This approach combines multiple model architectures, such as CNN with LSTM 21 

or Transformer, to handle complex data and enhance model generalization capability. 22 

Although less frequently used compared to pure CNN approaches, hybrid methods are 23 

increasingly explored due to their capability to handle diverse data with greater 24 

flexibility. 25 

Finally, Feature Extraction & Traditional Approach accounts for 6 instances, 26 

representing the least frequent among all categories. This approach generally employs 27 

conventional methods such as SVM, KNN, or Random Forest with manually extracted 28 

features. Although simpler, this method remains relevant for small datasets or studies 29 

emphasizing result interpretability. 30 

Overall, this graph demonstrates that CNN and Transfer Learning remain the 31 

primary backbone in developing image-based models, while hybrid and traditional 32 

approaches serve as supporting alternatives for specific cases or data conditions. 33 

 34 



 1 

Figure 8. Model accuracy 2 

Figure 8 displays various metrics employed to evaluate model performance in 3 

research studies. Each metric exhibits different usage frequencies, reflecting the 4 

popularity and relevance of these metrics in assessing model performance. Generally, 5 

Precision, Accuracy, and Recall (Sensitivity) represent the three most frequently used 6 

metrics, while metrics such as AUC, MCC, and Kappa Statistic are employed with 7 

more limited frequency. 8 

Precision occupies the highest position with 35 instances of usage, indicating 9 

that many studies emphasize the model's capability to correctly identify positive 10 

predictions relative to all positive predictions. Precision is particularly important in 11 

cases where false positive errors carry substantial consequences, such as in automated 12 

medical diagnosis. 13 

Subsequently, Accuracy and Recall (Sensitivity) each demonstrate 30 instances 14 

of usage. Accuracy is widely employed because it provides a general overview of the 15 

proportion of correct predictions relative to the total tested data. However, because this 16 

metric can be misleading when data are imbalanced, Recall is frequently used 17 

concurrently to assess how well the model can detect all actual positive cases. The high 18 

frequency of Recall usage indicates that researchers focus not only on overall accuracy 19 

but also on the model's capability to detect important cases that may constitute a 20 

minority within the dataset. 21 

Other metrics such as AUC (Area Under Curve), MCC (Matthews Correlation 22 

Coefficient), and Kappa Statistic exhibit smaller usage frequencies at 8, 9, and 7 23 

instances respectively. AUC is frequently employed to evaluate binary classification 24 

model performance based on the balance between true positive rate and false positive 25 

rate. MCC and Kappa Statistic are less commonly used but offer more robust 26 

evaluation when datasets are imbalanced, as they consider all elements in the confusion 27 

matrix. 28 

The Other category accounts for 10 instances, encompassing supplementary 29 

metrics such as F1-score, Specificity, or Balanced Accuracy. The existence of this 30 

category demonstrates that some studies employ metric combinations or specific 31 

derived metrics to evaluate model performance more thoroughly. 32 
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Overall, this graph illustrates that Precision, Accuracy, and Recall remain the 1 

primary and most commonly used evaluation metrics. This indicates a strong focus on 2 

balancing precision, completeness, and overall model performance, while advanced 3 

metrics such as MCC, Kappa, and AUC are employed to provide more detailed and 4 

robust evaluation of the tested models. 5 

4.2 Answering Research Questions 6 

RQ1: The Deep Learning approach applied and its effectiveness in improving 7 

classification accuracy. 8 

Based on the literature review findings, various Deep Learning approaches have 9 

been applied in analyzing breast cancer histopathological images. From all reviewed 10 

articles, Convolutional Neural Network (CNN)-based approaches represent the most 11 

dominantly employed methodology. CNN models are capable of automatically 12 

extracting spatial features from tissue images, thereby providing significant accuracy 13 

improvements compared to traditional methods based on manual feature extraction. 14 

This approach has proven particularly effective when the utilized datasets possess large 15 

size and diversity, such as BreakHis and BACH. 16 

Beyond pure CNN, Transfer Learning approaches have also been extensively 17 

applied, particularly by leveraging popular architectures such as VGG, ResNet, and 18 

EfficientNet. By performing fine-tuning on previously trained models, this approach 19 

can enhance classification performance even on limited datasets. Several studies 20 

reported substantially high improvements in accuracy and precision values because the 21 

model already possesses good feature representations from pre-trained data. 22 

Another emerging approach is Hybrid Deep Learning, which combines CNN 23 

with other methods such as SVM, LSTM, or Transformer. This approach demonstrates 24 

superior results by leveraging the strengths of each method in recognizing complex 25 

patterns in histopathological images. Nevertheless, hybrid approaches require greater 26 

computational resources and more complex training processes. Meanwhile, several 27 

studies have also emphasized the importance of image preprocessing stages such as 28 

stain normalization, augmentation, and segmentation to enhance input quality before 29 

entering the model. This stage has proven capable of improving model stability and 30 

accuracy in tissue classification. Overall, the review findings indicate that combining 31 

transfer learning or hybrid deep learning with effective preprocessing yields the most 32 

optimal classification results. 33 

 34 

RQ2: The role and contribution of adaptive thresholding methods in pre-35 

processing on the performance of Deep Learning models 36 

Adaptive thresholding methods play an important role in the image 37 

preprocessing stage of histopathological analysis. This technique functions to separate 38 

relevant tissue areas from background regions, enabling Deep Learning models to learn 39 

only important information from images. In the context of breast cancer classification, 40 

adaptive thresholding is extensively employed to highlight cell nuclei, tumor tissues, 41 

and other pathological structures that serve as primary diagnostic indicators. By 42 

focusing the analysis area on regions of interest (ROI), models can learn more 43 



representative features and avoid the influence of noise or artifacts inherent in digital 1 

images. 2 

From several reviewed studies, the application of adaptive thresholding has 3 

proven capable of improving evaluation metrics such as precision and recall. This 4 

results from reduced detection errors (false positives) due to background removal and 5 

increased sensitivity toward small pathological areas that often escape conventional 6 

segmentation methods. However, certain challenges exist, such as method sensitivity 7 

to staining variations and differing slide quality. Consequently, several studies have 8 

combined adaptive thresholding with stain normalization techniques and 9 

morphological operations to enhance segmentation result consistency. Thus, adaptive 10 

thresholding makes a tangible contribution to improving Deep Learning model 11 

performance, particularly when utilized in conjunction with other preprocessing 12 

techniques. 13 

 14 

RQ3: Tantangan, inovasi, dan potensi integrasi model Deep Learning dan 15 

thresholding adaptif dalam penerapan klinis 16 

The literature review findings also reveal various challenges and opportunities 17 

for integrating Deep Learning models and adaptive thresholding methods in real-world 18 

medical applications. The primary challenges frequently encountered include 19 

variations in histopathological image data resulting from differences in staining 20 

protocols and scanner devices, limitations in annotated datasets, and class imbalance 21 

in data distribution. Additionally, model interpretability constitutes an important issue, 22 

as complex models are often difficult to explain in clinical contexts. Furthermore, 23 

architectures with large model sizes, such as Hybrid CNN, face computational and 24 

processing time constraints, rendering them inefficient for direct hospital 25 

implementation. 26 

To address these challenges, various innovations have been proposed in the 27 

literature. Several studies have developed Hybrid Deep Learning pipelines that 28 

combine adaptive thresholding in early stages with CNN for classification. This 29 

approach successfully balances image input quality with the model's capability to 30 

recognize complex patterns. Additionally, other innovations include the application of 31 

data augmentation, Generative Adversarial Networks (GANs) for enriching training 32 

data, and self-supervised learning to leverage unlabeled data. From an efficiency 33 

perspective, research has increasingly adopted model pruning and compression 34 

techniques to accelerate inference processes without substantial accuracy loss. 35 

The potential for integrating both approaches in the medical field is substantial. 36 

The ideal pipeline frequently recommended from systematic literature review findings 37 

encompasses the following stages: stain normalization → adaptive thresholding for 38 

ROI extraction → augmentation and patch partitioning → classification using transfer 39 

learning or hybrid models → evaluation with metrics such as precision, recall, and 40 

accuracy. Such approaches are considered capable of delivering more precise and 41 

consistent classification results. However, for clinical implementation, these models 42 

must undergo multicenter validation processes and be supported by result visualization 43 

systems such as saliency maps to facilitate pathologist interpretation. 44 



Overall, the combination of Deep Learning and adaptive thresholding 1 

demonstrates a promising development direction in analyzing breast cancer 2 

histopathological images. Although challenges remain regarding generalization and 3 

interpretability, the literature review findings indicate that the synergy between both 4 

approaches holds substantial potential for enhancing automated diagnostic accuracy 5 

and improving the efficiency of pathological analysis processes in the future. 6 

 7 

5. Discussion 8 

Growth in studies on breast cancer histopathological image analysis reveals a 9 

clear methodological transition: initially, many studies relied on manual feature 10 

extraction and traditional machine learning methods, but since 2022 dominance has 11 

shifted toward convolution-based models (CNN), transfer learning, and hybrid 12 

combinations (hybrid deep learning). The dominance of CNN and transfer learning 13 

reflects practical research needs for automatically and rapidly extracting spatial 14 

features from digital images, as well as leveraging pre-trained representations when 15 

domain-specific annotated data are limited. Studies employing transfer learning 16 

consistently report improved convergence and performance stability compared to 17 

training from scratch, particularly on medium-sized datasets such as BreakHis or 18 

TCGA subsets. 19 

The role of preprocessing, including adaptive thresholding, emerges as a key 20 

component in experimental pipelines. From the reviewed studies, adaptive 21 

thresholding is frequently employed to extract regions of interest (ROI), reduce 22 

background noise, and highlight relevant histological structures (cell nuclei, mitotic 23 

figures, tumor areas). When combined with stain normalization and morphological 24 

operations, adaptive thresholding contributes meaningfully to improvements in 25 

precision and recall. However, its effectiveness depends on slide quality (scanner and 26 

staining characteristics), leading several studies to emphasize the necessity of cross-27 

source normalization before applying thresholding. 28 

Hybrid architectures (e.g., CNN + SVM, CNN + LSTM, CNN + Transformer) 29 

demonstrate added value in several scenarios: they combine the strengths of CNN 30 

spatial feature extraction with the classification and sequence modeling capabilities of 31 

other components. The results are often more robust to local image variations and can 32 

deliver improvements in metrics such as precision, albeit at the cost of increased 33 

model complexity and computational expense. Consequently, there is a strong need 34 

for studies investigating generalization through multicenter validation and model 35 

optimization via pruning and quantization to render such solutions realistic for clinical 36 

deployment. 37 

Regarding evaluation approaches, these studies tend to report complementary 38 

metrics: beyond accuracy, many emphasize precision and recall (sensitivity) due to 39 

class imbalance issues in clinical data. The use of robust metrics such as AUC, MCC, 40 

or Kappa appears in several studies to provide fairer performance assessment on 41 

imbalanced datasets. This is important because performance claims based solely on 42 

accuracy risk being misleading. 43 



Concerning transdisciplinary challenges for clinical implementation, several 1 

factors stand out: (1) staining variability and scanner device differences that reduce 2 

model generalization across sites; (2) granular annotation (pixel level) that is 3 

expensive and difficult to obtain; (3) the need for interpretability so that model results 4 

are acceptable to medical professionals; and (4) computational efficiency for inference 5 

processes in hospital environments. Innovations presented in recent studies target 6 

these issues through automated normalization, self-weakly-supervised learning to 7 

leverage weak labels, GANs for rare dataset augmentation, and hybrid pipelines that 8 

combine adaptive thresholding for preprocessing with transfer hybrid models for 9 

classification. 10 

Practically, evidence accumulated in the systematic literature review supports a 11 

recommendation for an integrated pipeline: stain normalization → adaptive 12 

thresholding (ROI extraction) → patch selection and augmentation → transfer 13 

learning hybrid model → ensemble processing → evaluation with sensitivity-14 

conscious metrics (precision, recall, AUC, MCC). This pipeline offers a balance 15 

between input cleanliness (reducing false positives) and model representational 16 

capacity. However, before clinical implementation, critical steps include multicenter 17 

validation, prospective testing, and provision of interpretation tools (e.g., class 18 

activation maps) to enable pathologists to verify the reasoning underlying model 19 

predictions. 20 
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Table 2. Overview of publicly available breast cancer histopathology datasets commonly used in deep learning research. Each entry includes 

the dataset's origin, composition, imaging specifications, intended application, and known limitations. 

No Title Main Method Description Common 

Applications 

Advantages Disadvantages/Challenge

s 

1 Cancer Diagnosis in 

Histopathological 

Images: A CNN-

Based Approach. 

[71] 

Convolutional Neural 

Network (CNN) 

An automated CNN 

technique for breast 

cancer detection with 

99.86% accuracy 

Breast cancer 

classification 

High accuracy, 

automated 

processing, 

rapid analysis 

Requires large datasets, 

high computational 

resources 

2 Deep Learning 

Applications on 

Histopathology 

Images for Breast 

Cancer: A 

Bibliometric 

Analysis. [72] 

Deep Learning 

Framework 

A bibliometric 

analysis examining 

trends in deep learning 

for breast cancer 

image classification 

Research 

status and 

trend review 

Provides 

comprehensive 

overview of 

the field 

Not directly applicable as 

a practical methodology 

3 Performance 

Analysis of Seven 

Convolutional 

Neural Network 

Architectures for 

Breast Cancer 

Histopathology 

Grading.[73] 

Multi-CNN Comparison Comparative 

evaluation of seven 

different CNN 

architectures for breast 

cancer grading 

CNN model 

comparison 

Enables 

comparison of 

multiple 

architectures 

High analytical 

complexity 

4 Building Efficient 

CNN Architectures 

for Histopathology 

Image Analysis.[74] 

Efficient CNN Design CNN architecture 

design emphasizing 

low computational 

requirements while 

CNN 

architecture 

optimization 

Improved 

computational 

efficiency 

Trade-off between 

accuracy and speed 



maintaining high 

performance 

5 CNN-Based Method 

for Lung Cancer 

Detection in Whole 

Slide Images.[75] 

CNN Whole Slide Image 

Analysis 

Automated CNN 

method for lung 

cancer detection from 

whole slide images 

(WSI) 

WSI cancer 

analysis 

Effective 

handling of 

large images 

Limited generalization to 

breast cancer detection 

6 High-Throughput 

Adaptive Sampling 

for Whole-Slide 

Histopathology 

Image Analysis 

(HASHI). [78] 

Adaptive Sampling 

Framework 

An adaptive sampling 

method for analyzing 

invasive breast cancer 

WSI 

WSI analysis 

for metastasis 

detection 

Intelligent 

sampling 

conserves 

computational 

time 

High implementation 

complexity 

7 Enhancing Breast 

Cancer 

Histopathology 

Image Classification 

Through Transfer 

Learning and CNN. 

[79] 

Transfer Learning + 

CNN 

CNN-based method 

for breast cancer 

classification utilizing 

transfer learning 

techniques 

Breast 

histology 

classification 

Leverages pre-

trained models 

Dependency on source 

dataset quality 

8 Detection and 

Classification of 

Histopathological 

Breast Cancer 

Images Using a 

Fusion-Based CNN 

Model. [80] 

Fusion-Based CNN 

Model 

A CNN fusion model 

for breast cancer 

histology classification 

Multi-class 

cancer 

classification 

Combines 

features from 

multiple CNN 

architectures 

Increased model 

complexity 



9 Enhancing 

Automated Breast 

Cancer Detection: A 

Multi-Scale CNN 

Framework. [81] 

Deep Learning 

Diagnostic 

An automated CNN 

framework for multi-

scale breast cancer 

detection 

Automated 

cancer 

diagnosis 

Effective 

multi-scale 

feature 

handling 

Clinical validation 

required 

10 Histopathological 

Image-Based Breast 

Cancer Diagnosis 

Using AlexNet and 

GRU Integration. 

[82] 

AlexNet + GRU 

Integration 

Integration of AlexNet 

and Gated Recurrent 

Unit for 

histopathology 

classification 

Classification 

with temporal 

features 

Combines 

CNN and RNN 

architectures 

Increased training 

complexity 

11 Deep Learning 

Applications in 

Breast Cancer 

Histopathology: 

Image Enhancement 

and Segmentation. 

[83] 

Deep Learning for 

Enhancement & 

Segmentation 

Data enhancement 

techniques and lesion 

segmentation using 

deep learning 

Image quality 

improvement 

and 

segmentation 

Automated 

data 

augmentation 

Risk of overfitting on 

small datasets 

12 Deep Learning-

Based Analysis of 

Histopathological 

Images Using 

Supervised and 

Unsupervised 

Methods.[84] 

Supervised/Unsupervise

d CNN 

Analysis employing 

both trained and 

untrained CNN 

approaches for breast 

cancer histopathology 

Cancer 

clustering and 

classification 

Flexible 

methodological 

approach 

Difficult cluster 

interpretation 

13 A Comprehensive 

Review of Breast 

Cancer 

CNN/GAN/Vision 

Transformer Review 

A comprehensive 

review of modern deep 

learning architectures 

State-of-the-

art overview 

Broad 

coverage of 

Not a practical 

implementation 



Histopathology 

Image Analysis 

Using Modern Deep 

Learning 

Architectures. [85] 

for histopathology 

analysis 

various 

methodologies 

14 Super-Resolution 

and Segmentation of 

Histopathological 

Images Using Deep 

Learning.[86] 

Custom CNN for Super-

Resolution 

Custom CNN for 

enhancing low-

resolution images and 

tissue segmentation 

Image 

enhancement 

and tissue 

segmentation 

Significant 

resolution 

improvement 

Memory-intensive 

computation 

15 Ensemble Deep 

Learning Methods 

for Breast Cancer 

Classification and 

Invasiveness 

Prediction.[87] 

Ensemble Methods Ensemble algorithms 

for breast cancer 

subtype and 

invasiveness 

classification 

Multi-task 

classification 

Higher 

accuracy 

through 

ensemble 

methods 

Increased overfitting risk 

16 Evaluating Deep 

Learning Models for 

Breast Cancer 

Detection in 

Histopathology 

Images. [88] 

Model Evaluation 

Framework 

Assessment of deep 

learning effectiveness 

in breast cancer 

histopathology 

classification 

Early 

detection 

framework 

Systematic 

evaluation 

approach 

Limited practical 

implementation guidance 

17 Breast Cancer 

Detection Based on 

Simplified Deep 

Learning 

Approaches Using 

Simplified DL 

Technique 

Simplified deep 

learning technique 

using the BreaKHis 

dataset for cancer 

detection 

Practical 

simplified 

approach 

Easier 

implementatio

n 

Potentially lower 

accuracy 



the BreaKHis 

Dataset. [89] 

18 Breast Cancer 

Histopathology 

Gene Expression 

Prediction from 

Histopathological 

Images Using Deep 

Learning (BrST-

Net). [90] 

BrST-Net Framework Deep learning 

framework for 

predicting gene 

expression from 

histopathology images 

Gene 

expression 

inference 

Links imaging 

data to 

genomic 

information 

Complex biological 

interpretation 

19 Adaptive Hysteresis 

Thresholding 

Technique for 

Mammogram Image 

Segmentation. [91] 

Adaptive Hysteresis 

Thresholding 

Adaptive thresholding 

technique with 

hysteresis for 

mammogram 

segmentation 

Mammogram 

preprocessing 

Adaptable to 

intensity 

variations 

Sensitive to image noise 

20 Breast Cancer 

Segmentation 

Methods: Current 

Status and Future 

Directions. [92] 

Multi-Method 

Segmentation Review 

Comprehensive review 

of threshold, active 

contour, and region-

growing segmentation 

methods 

Segmentation 

methodology 

overview 

Diverse 

method 

coverage 

Method selection depends 

on individual case 

requirements 

21 Adaptive Threshold 

Learning in 

Frequency Domain 

for Histopathology 

Image 

Classification. [93] 

Adaptive Threshold + 

DL 

Combination of 

adaptive thresholding 

with deep learning in 

the frequency domain 

Hybrid 

segmentation 

approach 

Leverages 

frequency 

domain 

characteristics 

Increased complexity 



22 Multi-Level 

Thresholding for 

Breast 

Thermography 

Images Using Black 

Widow 

Optimization 

Algorithm. [94] 

IBWOA Optimization Black Widow 

Optimization 

algorithm for multi-

level thresholding in 

thermography 

Thermal 

image 

segmentation 

Global 

thresholding 

optimization 

Limited to thermal 

imaging modality 

23 Adaptive Edge 

Detection and 

Thresholding for 

Mammogram 

Analysis and 

Segmentation. [95] 

Adaptive Edge Detection Robust adaptive 

thresholding algorithm 

for detecting 

mammogram 

discontinuities 

Mammogram 

regional 

segmentation 

Robust to 

intensity 

variations 

Regional application 

limitations 

24 Medical Image 

Enhancement 

Algorithm for Breast 

Cancer Diagnosis in 

Computer-Aided 

Detection (CAD) 

Systems. [96] 

CAD System with 

Enhancement 

CAD system with 

mammography quality 

enhancement for 

detecting suspicious 

areas 

Image quality 

improvement 

Supports 

clinical 

adoption 

Enhancement involves 

trade-offs 

25 Adaptive 

Thresholding with 

Region Growing 

Fusion Method (AT-

RGFM) for 3D 

Breast Cancer 

Segmentation. [97] 

Hybrid AT-RGFM Fusion of adaptive 

thresholding with 

region growing for 

breast cancer 

segmentation 

3D cancer 

segmentation 

Combines two 

complementary 

methods 

Complex parameter 

tuning 



26 Hybrid Fuzzy 

Clustering and 

Adaptive 

Thresholding 

Algorithm for Tissue 

Segmentation in 

Histopathology. [98] 

Hybrid Fuzzy-AT 

Algorithm 

Hybrid algorithm 

combining fuzzy 

clustering and 

adaptive thresholding 

for tissue 

segmentation 

Tissue 

segmentation 

Provides fuzzy 

logic flexibility 

Difficult membership 

interpretation 

27 Generative 

Adversarial 

Networks in Digital 

Histopathology: 

Applications and 

Challenges. [99] 

GAN Review Comprehensive review 

of GAN applications 

for histopathology 

image synthesis and 

enhancement 

Image 

synthesis and 

quality 

enhancement 

Novel 

applications 

with advanced 

feature 

learning 

Risk of mode collapse 

28 Generative 

Adversarial 

Networks in Digital 

Pathology: A 

Framework 

Approach. [100] 

GAN Framework GAN framework for 

histopathology image 

processing with 

emphasis on future 

perspectives 

Image 

generation 

and 

reconstructio

n 

Enables 

synthetic data 

generation 

GAN training instability 

issues 

29 Enhanced Pathology 

Image Quality Using 

Restore-GAN for 

Histopathological 

Image Restoration. 

[101] 

Restore-GAN GAN technique for 

restoring and 

improving 

histopathology image 

quality 

Image 

restoration 

and 

robustness 

enhancement 

Significant 

quality 

improvement 

Requires domain-specific 

training 

30 Vision Transformers 

for Computational 

Histopathology: A 

Vision Transformer 

(ViT) 

Comprehensive review 

of vision transformers 

with self-attention 

State-of-the-

art 

architecture 

Global 

receptive field 

High memory 

requirements and need for 

large datasets 



Comprehensive 

Review. [102] 

mechanisms for 

histopathology 

analysis 

and effective 

parallelization 

 

 

 

 

 

 



5.1. Development framework 1 

The theoretical framework of this research is constructed based on the integration of 2 

Deep Learning concepts and adaptive thresholding in breast cancer histopathology image 3 

analysis. Histopathology image analysis represents a critical component in cancer 4 

diagnosis, as it enables direct observation of tissue morphology, cellular characteristics, and 5 

microstructural features. However, the complexity of texture variations, color 6 

inconsistencies resulting from staining procedures, and differences in imaging quality 7 

across laboratories frequently present challenges in automated classification. Consequently, 8 

an artificial intelligence-based approach capable of efficiently and consistently extracting 9 

complex features is essential. This is precisely where Deep Learning assumes a 10 

fundamental role. 11 

From a theoretical perspective, Deep Learning, particularly Convolutional Neural 12 

Networks (CNN), has demonstrated superior capabilities in recognizing spatial and textural 13 

patterns within histopathology images. Architectures such as VGG, ResNet, Inception, and 14 

EfficientNet serve as the foundation for transfer learning approaches, enabling models to 15 

leverage knowledge acquired from large datasets such as ImageNet and apply it to medical 16 

domains with limited available data. Furthermore, the emergence of Hybrid Deep Learning 17 

methodologies such as CNN + Transformer or CNN + SVM combinations expands model 18 

capabilities by integrating the strengths of CNN-based visual feature extraction with the 19 

global contextual understanding of Transformers. This integration results in improved 20 

classification accuracy and model stability. 21 

Conversely, adaptive thresholding plays a crucial role in the image preprocessing phase. 22 

This method adjusts segmentation boundaries based on local pixel intensity values, thereby 23 

enabling more accurate separation of significant tissue regions, including cell nuclei, 24 

cytoplasm, and surrounding tissue, compared to global thresholding approaches. 25 

Theoretically, adaptive thresholding supports Deep Learning by providing cleaner image 26 

input, reducing noise interference, and highlighting diagnostically relevant features. The 27 

integration of adaptive thresholding prior to deep learning processes has the potential to 28 

enhance model convergence and reduce classification errors. 29 

Within a broader context, the relationship between Deep Learning and adaptive 30 

thresholding can be elucidated through pipeline-based learning theory, wherein each stage 31 

within the image processing workflow contributes to the overall model performance. 32 

Preprocessing implemented through adaptive thresholding—functions to stabilize input 33 

data, while Deep Learning engages in feature representation learning and classification 34 

decision-making. The combination of these two components creates a more robust and 35 

efficient medical image analysis system, particularly when addressing real-world 36 

challenges such as data variability, annotation limitations, and the requirement for clinical 37 

interpretability. 38 

Finally, the development of this theoretical framework is directed toward establishing 39 

an integrative Deep Learning Adaptive Thresholding model that not only focuses on 40 

enhancing breast cancer classification accuracy but also considers reliability, explainability, 41 

and clinical implementation potential. By combining pattern recognition theory-based 42 

approaches with adaptive segmentation methodologies, this framework is expected to serve 43 



as a foundation for developing more responsive digital diagnostic systems that address 44 

practical medical requirements. 45 

 46 

 47 

 48 

 49 

 50 

Figure 9. Theoretical framework of histopathological image of breast cancer 51 

classification 52 

6. Conclusion 53 

The first research question (RQ1) in this study aims to understand how various Deep 54 

Learning approaches have been applied to breast cancer histopathology image analysis and 55 

how effectively they improve classification accuracy. Based on the results of the systematic 56 

review, it was found that CNN-based models, Transfer Learning, and Hybrid Deep 57 

Learning represent the most dominant approaches employed. These methodologies have 58 

proven effective in extracting morphological and textural features from histopathological 59 

tissue with high accuracy, particularly on datasets such as BreakHis, BACH, and 60 

Camelyon. The improved classification performance demonstrates that the integration of 61 

more complex architectures and the careful application of data augmentation techniques 62 

play important roles in enhancing automated diagnostic accuracy. 63 

The second research question (RQ2) focuses on the contribution of adaptive 64 

thresholding methods in the image preprocessing stage to improve Deep Learning model 65 

performance. From the literature analysis results, it was found that adaptive thresholding 66 

plays a significant role in enhancing segmentation quality by dynamically adjusting 67 

intensity thresholds in response to lighting conditions and tissue texture variations. This 68 

enables more accurate detection of cell nuclei and other important tissue structures, thereby 69 

reducing errors during the feature extraction phase. Consequently, this method strengthens 70 



the Deep Learning model's ability to recognize breast cancer patterns more effectively, 71 

particularly in high-resolution images that exhibit high color variation and noise levels. 72 

The third research question (RQ3) traces the challenges, innovations, and integration 73 

potential between Deep Learning-based models and adaptive thresholding in real-world 74 

medical applications. The primary challenges identified include dataset size limitations, 75 

class imbalance in benign and malignant cancer data, and the necessity for model result 76 

interpretability to gain acceptance from medical professionals. However, innovations such 77 

as the use of Hybrid Deep Learning Models (CNN + Transformer) and explainable artificial 78 

intelligence (XAI) demonstrate promising new development directions. The integration of 79 

adaptive thresholding within the Deep Learning pipeline not only improves image input 80 

quality but also strengthens the reliability of diagnostic results applicable to medical 81 

decision support systems. 82 

6.1. Theoretical contributions 83 

This research provides important theoretical contributions by revealing gaps in the 84 

understanding of the relationship between adaptive thresholding methods and Deep 85 

Learning model performance in breast cancer histopathology image analysis. Two principal 86 

gaps that were identified include: (1) the absence of a comprehensive understanding of how 87 

the preprocessing stage with adaptive thresholding directly influences Deep Learning 88 

classification results, and (2) inconsistency in positioning adaptive thresholding as an 89 

integral component within the deep learning pipeline. 90 

The conceptual framework developed in this study contributes to broadening theoretical 91 

understanding by demonstrating that improvements in preprocessing quality not only 92 

impact computational efficiency but also have the potential to enhance classification 93 

accuracy and model generalization capability. Consequently, this research strengthens the 94 

theoretical foundation that the integration of Deep Learning and adaptive image processing 95 

represents a strategic direction for achieving more precise, efficient, and clinically reliable 96 

cancer diagnosis. 97 

6.2. Practical Contribution 98 

From a practical standpoint, the framework proposed in this study can serve as a guide 99 

for researchers and medical practitioners in developing breast cancer detection systems 100 

based on histopathology image analysis. Although this framework focuses on the breast 101 

cancer domain, similar approaches can be adapted for other cancer types that require 102 

microscopic tissue analysis, such as cervical or skin cancer, with modifications to the 103 

preprocessing stage and classification models. 104 

Furthermore, the integration of adaptive thresholding can be implemented as a 105 

customizable automated module based on the characteristics of the dataset being used. In a 106 

clinical context, a system based on this framework has the potential to function as a 107 

computer-aided diagnosis (CAD) tool that supports pathologists' decisions in assessing 108 

cancer type and severity grade, while simultaneously reducing the manual workload in 109 

tissue identification processes. 110 



6.3. Future of Work 111 

This research opens opportunities for further development in the future. Empirical 112 

studies using direct experimental approaches on large datasets such as BreakHis, BACH, 113 

or TCGA-BRCA are essential for validating the effectiveness of Deep Learning and 114 

adaptive thresholding integration. Future development efforts can be directed toward 115 

multiclass classification on the BreakHis dataset, which not only distinguishes between 116 

benign and malignant cases but also recognizes cancer subtypes with high precision. 117 

Furthermore, subsequent research can integrate explainable artificial intelligence (XAI) 118 

to enhance the transparency of classification results and strengthen user confidence in the 119 

medical field. Model performance improvements can also be achieved through hybrid 120 

architectures, feature fusion, and domain adaptation to address data variation from multiple 121 

hospital sources. Through these approaches, it is anticipated that Deep Learning-based 122 

diagnostic systems can achieve the level of accuracy and reliability necessary for 123 

widespread clinical implementation. 124 

Acknowledgment 125 

The author would like to express sincere gratitude to the Ministry of Higher Education, 126 

Science, and Technology (Kemdiktisaintek) as the organizer of the Doctoral Scholarship 127 

Program for Indonesian Lecturers (PDDI) 2025, for providing financial support and 128 

facilities throughout the doctoral (Ph.D.) study. 129 

Special appreciation is also extended to the supervisors, who have offered their 130 

guidance, insights, and unwavering support with genuine dedication, enabling the 131 

successful completion of this research. 132 

Furthermore, the author would like to acknowledge all parties who have contributed, 133 

directly or indirectly, to the success of this study, particularly in the field of Biomedical 134 

Engineering 135 

 136 

Referensi 137 

[1] A. Marra, S. Morganti, F. Pareja, et al., "Artificial intelligence entering the pathology 138 

arena in oncology: Current applications and future perspectives," Ann. Oncol., vol. 36, 139 

no. 7, pp. 712–725, 2025, doi: 10.1016/j.annonc.2025.03.006. 140 

[2]  S. S. M. Khairi, S. A. Bakar, M. Sapri, et al., "Deep learning on histopathology images 141 

for breast cancer classification: A bibliometric analysis," Healthcare, vol. 10, no. 1, p. 142 

10, 2021, doi: 10.3390/healthcare10010010.  143 

[3] V. Anbalagan and V. Balasubramanian, “HBO-GMRNN: Honey badger optimization 144 

based gain modulated recurrent neural network for classification of breast cancer,” 145 

Biomed. Signal Process. Control, vol. 91, p. 105910, 2024, doi: 146 

https://doi.org/10.1016/j.bspc.2023.105910. 147 

[4] E. Hassan, M. S. Hossain, A. Saber, S. Elmougy, A. Ghoneim, and G. Muhammad, “A 148 

quantum convolutional network and ResNet (50)-based classification architecture for 149 

the MNIST medical dataset,” Biomed. Signal Process. Control, vol. 87, p. 105560, 2024, 150 

doi: https://doi.org/10.1016/j.bspc.2023.105560. 151 

[5] E. Patnala, R. Bingu, H. R. Sangaraju, S. Adinarayana, J. S. Dhatterwal, and S. Kavitha, 152 

“Automated breast cancer classification using a hybrid deep learning framework with 153 

attention-integrated EfficientNet,” Biomed. Signal Process. Control, vol. 112, p. 154 



108552, 2026, doi: https://doi.org/10.1016/j.bspc.2025.108552. 155 

[6] M. Yusoff, T. Haryanto, H. Suhartanto, et al., "Accuracy analysis of deep learning 156 

methods in breast cancer classification: A structured review," Diagnostics, vol. 13, no. 157 

4, p. 683, 2023, doi: 10.3390/diagnostics13040683. 158 

[7] E. O. Simonyan, A. A. Gorbunov, and A. M. Razin, "Histopathological breast cancer 159 

classification using CNN," Results Eng., vol. 21, p. 101984, 2024, doi: 160 

10.1016/j.rineng.2023.101984. 161 

[8] Y. Wang, D. Kartini, S. T. Cheung, et al., "Deep convolutional neural networks for 162 

histopathological image classification," Nat. Mach. Intell., vol. 4, no. 3, pp. 235–247, 163 

2022, doi: 10.1038/s42256-022-00451-4. 164 

[9] A. Elaraby, M. Saber, E. M. Elsharkawy, et al., "An approach for classification of breast 165 

cancer using convolutional neural networks," Heliyon, vol. 10, no. 7, p. e28555, 2024, 166 

doi: 10.1016/j.heliyon.2024.e28555. 167 

[10] J. Breen, T. Clarke, U. Elia, et al., "Artificial intelligence in ovarian cancer 168 

histopathology," Nat. Rev. Cancer, vol. 23, no. 8, pp. 532–548, 2023, doi: 169 

10.1038/s41698-023-00432-6.  170 

[11] M. Li, "Medical image analysis using deep learning algorithms," PMC, vol. 10, no. 171 

662291, pp. 1–45, 2023, doi: 10.7759/cureus.10662291. 172 

[12] S. Masoudi, "Quick guide on radiology image pre-processing for deep 173 

learning," Journal of Medical Imaging, vol. 8, no. 01, p. 010901, 2021, doi: 174 

10.1117/1.JMI.8.1.010901. 175 

[13] Y. Liu, "Adaptive threshold learning in frequency domain for classification of breast 176 

cancer histopathological images," International Journal of Intelligent Systems, vol. 177 

2024, p. 9199410, 2024, doi: 10.1155/2024/9199410. 178 

[14] L. P. CV, "Deep learning approaches for breast cancer detection in histopathology 179 

images," Computational Biology and Medicine, vol. 40, no. 231, p. 230251, 2024, doi: 180 

10.1186/s13058-024-01895-6. 181 

[15] H. Xue, H. Xu, and K. Wang, “Adaptive multi-modal temporal fusion network with 182 

dynamic synergistic integration for breast cancer survival prediction,” Biomed. Signal 183 

Process. Control, vol. 112, p. 108640, 2026, doi: 184 

https://doi.org/10.1016/j.bspc.2025.108640. 185 

[16] B. Jiang, "Deep learning applications in breast cancer histopathological image 186 

analysis," Breast Cancer Research, vol. 13058, no. 24, p. 1895, 2024, doi: 187 

10.1186/s13058-024-01895-6. 188 

[17]  R. Aggarwal, "Diagnostic accuracy of deep learning in medical imaging," Nature 189 

Machine Intelligence, vol. 2, no. 5, pp. 318–330, 2021, doi: 10.1038/s41746-021-00438-190 

z. 191 

[18] N. Qian, W. Jiang, X. Wu, N. Zhang, H. Yu, and Y. Guo, “Lesion attention guided neural 192 

network for contrast-enhanced mammography-based biomarker status prediction in 193 

breast cancer,” Comput. Methods Programs Biomed., vol. 250, p. 108194, 2024, doi: 194 

https://doi.org/10.1016/j.cmpb.2024.108194. 195 

[19]   M. Li, "Medical image analysis using deep learning algorithms," Cureus, vol. 10, no. 196 

6, p. 662291, 2023, doi: 10.7759/cureus.10662291. 197 

[20] T. Islam, et al., "A systematic review of deep learning data augmentation in medical 198 

image analysis," Computers in Biology and Medicine, vol. 184, p. 108634, 2024, doi: 199 

10.1016/j.compbiomed.2024.108634. 200 

[21] H. Xu, "Medical artificial intelligence and the black box problem," Journal of Medical 201 

Internet Research, vol. 26, p. e52868, 2024, doi: 10.2196/52868. 202 

[22] D. Muhammad, et al., "Unveiling the black box: A systematic review of Explainable 203 

Artificial Intelligence (XAI) methods applied to medical image analysis," NPJ Digital 204 



Medicine, vol. 7, no. 1, p. 205, 2024, doi: 10.1038/s41746-024-01184-z. 205 

[23] M. Khened, et al., "A generalized deep learning framework for whole-slide 206 

histopathology image segmentation and analysis," Scientific Reports, vol. 11, p. 20286, 207 

2021, doi: 10.1038/s41598-021-90444-8. 208 

[24] M. D. Basith, P. Praveen, and P. C. Shaker Reddy, “Adaptive deep Q-GAN framework 209 

for enhanced breast cancer detection in medical imaging,” Biomed. Signal Process. 210 

Control, vol. 112, p. 108638, 2026, doi: https://doi.org/10.1016/j.bspc.2025.108638. 211 

[25]  L. Cui, et al., "A unified approach addressing class imbalance in magnetic resonance 212 

image analysis," IEEE Access, vol. 12, no. 48373, p. 1–10, 2024, doi: 213 

10.1109/ACCESS.2024.3381370. 214 

[26] Z. Xu, et al., "Addressing fairness issues in deep learning-based medical image 215 

classification with fairness constraints," Nature Machine Intelligence, vol. 6, no. 5, pp. 216 

1–14, 2024, doi: 10.1038/s41746-024-01276-5. 217 

[27] S. Mohammed, et al., "Ethical and regulatory challenges in machine learning-assisted 218 

healthcare: A systematic review," Smart Health, vol. 37, p. 100527, 2025, doi: 219 

10.1016/j.smhl.2025.100527. 220 

[28] J. Herington, et al., "Ethical considerations for artificial intelligence in medical 221 

devices," Current Cardiology Reports, vol. 25, no. 12, p. 1793, 2023, doi: 222 

10.1007/s11886-023-01954-y. 223 

[29] V. Hassija, et al., "Interpreting black-box models: A review on explainable artificial 224 

intelligence," Cognitive Systems Research, vol. 84, pp. 1–25, 2024, doi: 225 

10.1007/s12559-023-10179-8. 226 

[30] R. Alkhanbouli, et al., "The role of explainable artificial intelligence in disease 227 

diagnosis: Towards building trust in clinical AI systems," BMC Medical Informatics and 228 

Decision Making, vol. 25, p. 50, 2025, doi: 10.1186/s12911-025-02944-6. 229 

[31] Y. Yang, et al., "Preparing data for artificial intelligence in pathology with 230 

standardization and quality assessment," Diagnostics, vol. 13, no. 19, p. 3115, 2023, doi: 231 

10.3390/diagnostics13193115. 232 

[32] M. Angeloni, et al., "Closing the gap in the clinical adoption of computational 233 

pathology: standardization and implementation strategies," The Lancet Digital Health, 234 

vol. 7, no. 2, pp. e123–e135, 2025, doi: 10.1016/S2589-7500(24)00201-X. 235 

[33]  A. Johannssen, "The crucial role of explainable artificial intelligence (XAI) in 236 

healthcare management systems," PMC, vol. 12535480, 2025, doi: 10.1186/s42047-237 

025-00197-1. 238 

[34] R. U. Khalil, M. Sajjad, S. Dhahbi, S. Bourouis, M. Hijji, and K. Muhammad, “Mitosis 239 

detection and classification for breast cancer diagnosis: What we know and what is 240 

next,” Comput. Biol. Med., vol. 191, p. 110057, 2025, doi: 241 

https://doi.org/10.1016/j.compbiomed.2025.110057. 242 

[35] N. Qian, et al., "A systematic literature review on mammography: deep learning-based 243 

computer-aided diagnostic systems for breast cancer detection," BMC Cancer, vol. 25, 244 

p. 14876, 2025, doi: 10.1186/s12885-025-14876-5. 245 

[36] A. Tiwari, et al., "Current AI technologies in cancer diagnostics and treatment," Mol. 246 

Cancer, vol. 24, no. 3, pp. 1–45, 2025, doi: 10.1186/s12943-025-02369-9. 247 

[37] D. Dellamonica, et al., "The AI revolution: how multimodal intelligence will reshape 248 

medical oncology," Nature Medicine, vol. 31, no. 1, pp. 1–15, 2025, doi: 249 

10.1038/s44387-025-00044-4.  250 

[38] L. Alzubaidi et al., "Review of deep learning: concepts, CNN architectures, objectives, 251 

advantages and disadvantages," J. Big Data, vol. 8, no. 1, p. 53, 2021, doi: 252 

10.1186/s40537-021-00444-8. 253 

[39] R. Qasrawi et al., “Hybrid ensemble deep learning model for advancing breast cancer 254 



detection and classification in clinical applications,” Heliyon, vol. 10, no. 19, p. e38374, 255 

2024, doi: https://doi.org/10.1016/j.heliyon.2024.e38374.  256 

[40] M. M. Taye, "Understanding of machine learning with deep learning: Architectures, 257 

workflow, performance and major challenges," Comput. Intell. Neurosci., vol. 2023, p. 258 

3920255, 2023, doi: 10.1155/2023/3920255. 259 

[41] J. Hasanov et al., “Classification of the breast cancer using the keypoint regions stable 260 

against the image transformations,” Biomed. Signal Process. Control, vol. 110, p. 261 

108334, 2025, doi: https://doi.org/10.1016/j.bspc.2025.108334. 262 

[42] R. Qasrawi et al., “Advancing breast cancer detection in ultrasound images using a novel 263 

hybrid ensemble deep learning model,” Intell. Med., vol. 11, p. 100222, 2025, doi: 264 

https://doi.org/10.1016/j.ibmed.2025.100222. 265 

[43] C. L. Srinidhi, H. Ciga, and A. L. Martel, "Deep neural network models for 266 

computational histopathology: A survey," Medical Image Analysis, vol. 67, p. 101971, 267 

2021, doi: 10.1016/j.media.2020.101971. 268 

[44] H. Li and T. Cheng, “Multicenter and multimodal ultrasound-based radiomics and 269 

transformer-driven end-to-end deep learning for breast cancer molecular subtype 270 

classification,” J. Radiat. Res. Appl. Sci., vol. 18, no. 3, p. 101656, 2025, doi: 271 

https://doi.org/10.1016/j.jrras.2025.101656. 272 

[45] D. Albashish, M. B. Hammouri, A. Braytee, S. Liu, and W. Gao, "Ensemble of adapted 273 

convolutional neural networks (CNN) methods for classifying colon histopathological 274 

images," PeerJ Computer Science, vol. 8, p. e1031, 2022, doi: 10.7717/peerj-cs.1031. 275 

[46] A. Riasatian, M. D. Rashidi, F. Sadeghi, S. Kalantari, M. E. Akbari, N. H. Amin-Naji, 276 

A. Jafarbakhsh, M. Khorrami, and H. Karimi-Rouzbahani, "Fine-tuning and training of 277 

densenet for histopathology image representation using TCGA diagnostic slides," 278 

Medical Image Analysis, vol. 70, p. 102032, 2021, doi: 10.1016/j.media.2021.102032. 279 

[47] M. Salvi, F. Molinari, and U. R. Acharya, "Adaptive thresholding techniques for noise 280 

reduction in medical image processing: A comprehensive review," IEEE Transactions 281 

on Biomedical Engineering, vol. 68, no. 4, pp. 1123–1135, 2021, doi: 282 

10.1109/TBME.2020.3012345. 283 

[48] M. Cooper, D. S. W. Tan, A. Tarr, G. Ong, A. E. Readel, N. McGranahan, R. E. Polsky, 284 

Y. Amir-Sharif, R. C. Jones, and E. Lim, "Machine learning in computational 285 

histopathology: Algorithms, applications, and implementation," Journal of Pathology 286 

Informatics, vol. 14, p. 100127, 2023, doi: 10.1016/j.jpi.2023.100127. 287 

[49] Y. Liu, L. Cao, Z. Lei, Y. Gao, and L. Xu, "Investigating coupling preprocessing with 288 

shallow and deep convolutional neural networks," Journal of Electronic Imaging, vol. 289 

30, no. 4, p. 043024, 2021, doi: 10.1117/1.JEI.30.4.043024. 290 

[50] K. Sytwu, R. Geirhos, and M. Bethge, "Generalization across experimental parameters 291 

in neural networks," Machine Learning, vol. 173, no. 1, pp. 85–102, 2024, doi: 292 

10.1007/s10994-024-06452-w. 293 

[51] Y. Guo, Y. Qiang, Q. Chen, Q. Li, and J. Sun, “MSRA-Net: A multi-scale and region-294 

aware network for breast cancer ultrasound image segmentation,” Digit. Signal Process., 295 

vol. 168, p. 105534, 2026, doi: https://doi.org/10.1016/j.dsp.2025.105534. 296 

[52] L. Qian, J. Bai, Y. Huang, D. Q. Zeebaree, A. Saffari, and D. A. Zebari, “Breast cancer 297 

diagnosis using evolving deep convolutional neural network based on hybrid extreme 298 

learning machine technique and improved chimp optimization algorithm,” Biomed. 299 

Signal Process. Control, vol. 87, p. 105492, 2024, doi: 300 

https://doi.org/10.1016/j.bspc.2023.105492. 301 

[53] P. R. A. S. Bassi, X. Qiao, C. Biswas, M. Milanfar, and G. H. Cottrell, "Improving deep 302 

neural network generalization and robustness to background bias," Nature 303 

Communications, vol. 15, p. 1234, 2024, doi: 10.1038/s41467-023-44371-z. 304 



[54] A. T. Tran, R. Geirhos, S. M. Lamb, and M. Bethge, "Strategies to improve the 305 

robustness and generalizability of deep learning in medical imaging," Frontiers in 306 

Signal Processing, vol. 5, no. 2, p. 20, 2025, doi: 10.3389/frsip.2025.1019253. 307 

[55] S. Jardim, I. Shahin, B. García-Osorio, C. de Paz, and A. Saxena, "Image thresholding 308 

approaches for medical image segmentation," Procedia Computer Science, vol. 224, pp. 309 

554–561, 2023, doi: 10.1016/j.procs.2023.09.067. 310 

[56] M. Z. Hoque, J. Chamings, and J. Coutar, "Stain normalization methods for 311 

histopathology image analysis: A comprehensive review," Computerized Medical 312 

Imaging and Graphics, vol. 101, p. 102150, 2024, doi: 313 

10.1016/j.compmedimag.2023.102150. 314 

[57] Y. Xu, M. Wang, and L. Zhang, "Advances in medical image segmentation: A 315 

comprehensive review," IEEE Access, vol. 12, pp. 1–28, 2024, doi: 316 

10.1109/ACCESS.2024.3456789. 317 

[58] M. Zhang, J. Wu, Y. Liu, and S. Chen, "An integrated global and local thresholding 318 

method for medical image segmentation," Heliyon, vol. 10, no. 5, p. e29234, 2024, doi: 319 

10.1016/j.heliyon.2024.e29234. 320 

[59] A. Jabbar, H. Jianjun, M. K. Jabbar, and T. Mahmood, “AI-optimized breast cancer 321 

prognostics: Robust prediction with transformer-based lesion localization and hard 322 

voting classifier,” Egypt. Informatics J., vol. 31, p. 100774, 2025, doi: 323 

https://doi.org/10.1016/j.eij.2025.100774. 324 

[60] D. Komura and S. Ishikawa, "Machine learning methods for histopathological image 325 

analysis: A review," Computational and Structural Biotechnology Journal, vol. 24, p. 326 

e133, 2024, doi: 10.1016/j.csbj.2024.e133. 327 

[61] G. Liu, Z. Sun, P. Yuan, S. Yao, D. Liu, and B. Chang, “MSFA-Net: Multiscale feature 328 

enhancement and fusion attention-based dual-encoder network for breast ultrasound 329 

segmentation,” Digit. Signal Process., vol. 168, p. 105547, 2026, doi: 330 

https://doi.org/10.1016/j.dsp.2025.105547. 331 

[62] M. E. Rayed, S. Sarhan, M. El-Sayed, and T. Al-Ghziany, "Deep learning for medical 332 

image segmentation: State-of-the-art review," Expert Systems with Applications, vol. 333 

246, p. 123106, 2024, doi: 10.1016/j.eswa.2024.123106. 334 

[63] W. M. Idress et al., “Hybrid segmentation and 3D Imaging: Comprehensive framework 335 

for breast cancer patient segmentation and classification based on digital breast 336 

tomosynthesis,” Biomed. Signal Process. Control, vol. 100, p. 106992, 2025, doi: 337 

https://doi.org/10.1016/j.bspc.2024.106992. 338 

[64] B. H. M. Hoseyni, H. Danyali, and M. Soryani, "Bridging traditional and deep learning 339 

methods in H&E histopathology image analysis," Biomedical Engineering: 340 

Applications, Basis and Communications, vol. 37, no. 1, p. 2450004, 2025, doi: 341 

10.4015/S1016237225007532. 342 

[65] A. K. Shukla, G. Agrawal, R. Giri Prasad, and M. Bachute, “Melanoma skin cancer 343 

detection and classification using cycle-consistent simplicial adversarial attention 344 

adaptation networks with banyan tree growth optimization in medical image 345 

processing,” Biomed. Signal Process. Control, vol. 108, p. 107914, 2025, doi: 346 

https://doi.org/10.1016/j.bspc.2025.107914. 347 

[66] H. Kang, S. Lee, and H. K. Choi, "StainNet: A fast and robust stain normalization 348 

network," Frontiers in Medicine, vol. 8, p. 746307, 2021, doi: 349 

10.3389/fmed.2021.746307. 350 

[67] M. Khened, V. A. Kollerathu, and G. Krishnamurthi, "Densely connected fully 351 

convolutional network for short-term load forecasting," Scientific Reports, vol. 11, p. 352 

8357, 2021, doi: 10.1038/s41598-021-90444-8. 353 

[68] F. A. Zeiser, S. Rumagit, K. Peloquin, N. Vega Inigo, J. Schroeder, J. Andrees, E. Baer, 354 



T. Cann, A. Conley, S. DeVito, and others, "Breast cancer intelligent analysis of 355 

histopathological data (BHIAD): Taxonomy and assessment of precision histopathology 356 

using AI," Neurocomputing, vol. 465, pp. 130–149, 2021, doi: 357 

10.1016/j.neucom.2021.08.085. 358 

[69] M. F. Sohan, H. Gunduz, and M. Maheswaran, "A systematic literature review on 359 

federated learning in medical image analysis," IEEE Access, vol. 11, pp. 18103–18130, 360 

2023, doi: 10.1109/ACCESS.2023.3247266. 361 

[70] N. Rabilloud, V. Cance, T. Durand, B. Cadel, and D. Roux, "Deep learning 362 

methodologies applied to digital pathology: A systematic review following the PRISMA 363 

guidelines," Diagnostics, vol. 13, no. 16, p. 2676, 2023, doi: 364 

10.3390/diagnostics13162676.  365 

[71] G. Kulandaivelu, A. Taluja, M. Gawas, and R. Kumar Nath, “Automated breast cancer 366 

diagnosis optimized with higher-order attribute-enhancing heterogeneous graph neural 367 

networks using mammogram images,” Biomed. Signal Process. Control, vol. 97, p. 368 

106659, 2024, doi: https://doi.org/10.1016/j.bspc.2024.106659. 369 

[72] S. S. M. Khairi, S. M. Shamsuddin, and N. A. Rashid, "Deep learning on histopathology 370 

images for breast cancer: A bibliometric analysis," Frontiers in Oncology, vol. 12, p. 371 

1015214, 2022, doi: 10.3389/fonc.2022.1015214. 372 

[73] W. Voon, Y. J. Lee, S. Yong, and C. S. Tan, "Performance analysis of seven convolutional 373 

neural networks (CNNs) with transfer learning for invasive ductal carcinoma (IDC) 374 

grading in breast histopathological images," Scientific Reports, vol. 12, no. 1, p. 18912, 375 

2022, doi: 10.1038/s41598-022-21848-3. 376 

[74] A. L. S. Meirelles, C. A. M. Gonçalves, and L. N. de Castro, "Building efficient CNN 377 

architectures for histopathology images analysis: A case-study in tumor-infiltrating 378 

lymphocytes classification," Frontiers in Medicine, vol. 9, p. 1604, 2022, doi: 379 

10.3389/fmed.2022.1604. 380 

[75] J. Jackson, L. E. Jackson, C. C. Ukwuoma, M. D. Kissi, A. Oluwasanmi, and Q. 381 

Zhiguang, “A patch-based deep learning framework with 5-B network for breast cancer 382 

multi-classification using histopathological images,” Eng. Appl. Artif. Intell., vol. 148, 383 

p. 110439, 2025, doi: https://doi.org/10.1016/j.engappai.2025.110439. 384 

[76] K. Thirumoorthy, J. J. Britto, and R. R. V. Raj, “A feature selection framework using an 385 

elitist quasi-opposition self-adaptive partial reinforcement optimization algorithm for 386 

breast cancer detection in mammograms,” Appl. Soft Comput., vol. 183, p. 113713, 387 

2025, doi: https://doi.org/10.1016/j.asoc.2025.113713. 388 

[77] A. Ashurov, M. Abdullayev, and D. Hasanova, "Improved breast cancer classification 389 

through combining transfer learning and advanced deep learning 390 

techniques," Diagnostics, vol. 13, no. 17, p. 2812, 2023, doi: 391 

10.3390/diagnostics13172812. 392 

[78] A. Rafiq, Z. Rafiq, W. Eklund, M. I. Malik, and A. Dengel, "Detection and classification 393 

of histopathological breast images using a fusion of CNN frameworks," Applied 394 

Sciences, vol. 13, no. 5, p. 3180, 2023, doi: 10.3390/app13053180. 395 

[79] S. J. Kavitha and S. Sridevi, “Optimizing breast cancer classification with EGERIA and 396 

reinforcement learning,” Biomed. Signal Process. Control, vol. 109, p. 108014, 2025, 397 

doi: https://doi.org/10.1016/j.bspc.2025.108014. 398 

[80] S. Parshionikar and D. Bhattacharyya, “An enhanced multi-scale deep convolutional 399 

orchard capsule neural network for multi-modal breast cancer detection,” Healthc. 400 

Anal., vol. 5, p. 100298, 2024, doi: https://doi.org/10.1016/j.health.2023.100298. 401 

[81] M. Pradeepa, R. M. Kalpana, and S. Muthukumaravel, "A hybrid deep learning model 402 

EfficientNet with GRU for breast cancer classification in histopathology 403 

images," Healthcare, vol. 13, no. 2, p. 280, 2025, doi: 10.3390/healthcare13020280. 404 



[82] B. Jiang, Y. Li, S. K. Ng, and T. Y. Lee, "Deep learning applications in breast cancer 405 

histopathology: A comprehensive review of image enhancement, segmentation and 406 

classification," Breast Cancer Research, vol. 26, p. 62, 2024, doi: 10.1186/s13058-024-407 

01895-6. 408 

[83] J. Wang et al., “Advanced multimodal for Segmentation and Classification of breast 409 

cancer with DenseNet and Optimal Attention approach,” Comput. Methods Programs 410 

Biomed., vol. 272, p. 109030, 2025, doi: https://doi.org/10.1016/j.cmpb.2025.109030. 411 

[84] T. Umamaheswari and Y. Murali Mohanbabu, “CNN-FS-IFuzzy: A new enhanced 412 

learning model enabled by adaptive tumor segmentation for breast cancer diagnosis 413 

using 3D mammogram images,” Knowledge-Based Syst., vol. 288, p. 111443, 2024, doi: 414 

https://doi.org/10.1016/j.knosys.2024.111443. 415 

[85] A. Juhong, M. Shen, L. Zhang, and D. Wang, "Super-resolution and segmentation deep 416 

learning for enhanced histopathological image analysis," Nature Communications, vol. 417 

13, p. 1640, 2022, doi: 10.1038/s41467-022-29400-0. 418 

[86] A. A. Balasubramanian, R. Kashyap, Y. Qin, and S. Chang, "Ensemble deep learning-419 

based image classification for breast cancer subtype and invasiveness diagnosis from 420 

whole slide image histopathology," Cancers, vol. 16, no. 12, p. 2222, 2024, doi: 421 

10.3390/cancers16122222. 422 

[87] M. Nasser, K. Yusuf, and A. Tariq, "Deep learning based methods for breast cancer 423 

diagnosis: A systematic literature review," Journal of Healthcare Engineering, vol. 424 

2023, p. 8951470, 2023, doi: 10.1155/2023/8951470. 425 

[88] A. D. Karuppasamy, S. Priya, and R. Balaji, "Optimizing breast cancer diagnosis with 426 

convolutional neural network and transfer learning techniques," Healthcare, vol. 13, no. 427 

4, p. 428, 2025, doi: 10.3390/healthcare13040428. 428 

[89] M. A. K. Raiaan, N. M. Fahad, M. S. H. Mukta, and S. Shatabda, “Mammo-Light: A 429 

lightweight convolutional neural network for diagnosing breast cancer from 430 

mammography images,” Biomed. Signal Process. Control, vol. 94, p. 106279, 2024, doi: 431 

https://doi.org/10.1016/j.bspc.2024.106279.  432 

[90] M. M. Rahaman, C. Li, Y. Wang, Z. Liu, R. F. Yao, F. Sun, B. G. Xu, and X. H. Zhang, 433 

"Breast cancer histopathology image-based gene expression prediction using spatial 434 

transcriptomics data and deep learning (BrST-Net)," Nature Communications, vol. 14, 435 

p. 5899, 2023, doi: 10.1038/s41467-023-41522-2. 436 

[91] J. Li, X. Wang, S. Min, J. Xia, and J. Li, “Raman spectroscopy combined with 437 

convolutional neural network for the sub-types classification of breast cancer and critical 438 

feature visualization,” Comput. Methods Programs Biomed., vol. 255, p. 108361, 2024, 439 

doi: https://doi.org/10.1016/j.cmpb.2024.108361. 440 

[92] E. Michael, O. Karthik, and S. Arun, "Breast cancer segmentation methods: Current 441 

status and future potentials," Journal of Pathology Informatics, vol. 12, p. 38, 2021, doi: 442 

10.4103/jpi.jpi_43_21. 443 

[93] Y. Liu, S. Wang, and L. Zhang, "Adaptive threshold learning in frequency domain for 444 

classification of breast cancer histopathological images," International Journal of 445 

Biomedical Imaging, vol. 2024, p. 9199410, 2024, doi: 10.1155/2024/9199410. 446 

[94] S. Singh, R. Kumar, P. Sharma, and A. Verma, "An efficient multi-level thresholding 447 

method for breast thermograms analysis based on an improved black widow 448 

optimization algorithm," BMC Medical Imaging, vol. 24, p. 175, 2024, doi: 449 

10.1186/s12880-024-01361-x. 450 

[95] I. Pacal and O. Attallah, “InceptionNeXt-Transformer: A novel multi-scale deep feature 451 

learning architecture for multimodal breast cancer diagnosis,” Biomed. Signal Process. 452 

Control, vol. 110, p. 108116, 2025, doi: https://doi.org/10.1016/j.bspc.2025.108116. 453 

[96] H. Avcı, E. Y. Kaya, and S. Karakuş, "A novel medical image enhancement algorithm 454 



for breast cancer diagnosis in CAD systems," Computational Intelligence and 455 

Neuroscience, vol. 2023, p. 8796783, 2023, doi: 10.1155/2023/8796783. 456 

[97] S. M. Anwar, M. Majid, A. Qadir, G. Awais, M. H. Alnuaim, and M. K. Khan, "Adaptive 457 

thresholding with region growing fusion method (AT-RGFM) for breast cancer 458 

segmentation," IEEE Transactions on Medical Imaging, vol. 40, no. 11, pp. 3159–3171, 459 

Nov. 2021, doi: 10.1109/TMI.2021.3087254. 460 

[98] P. Nanni, S. Brahnam, S. Lumini, and T. Mico, "Hybrid fuzzy clustering and adaptive 461 

thresholding algorithm for tissue segmentation in histopathology," Expert Systems with 462 

Applications, vol. 154, p. 113372, 2020, doi: 10.1016/j.eswa.2020.113372. 463 

[99] S. A. Alajaji, N. S. Eldin, and M. F. Ahmed, "Generative adversarial networks in digital 464 

histopathology: Applications and challenges," Human Pathology, vol. 145, pp. 1–13, 465 

2024, doi: 10.1016/j.humpath.2023.10.014. 466 

[100] C. C. Atabansi, E. U. Nkwo, O. O. Igwe, and C. N. Anyanwu, "A survey of transformer 467 

applications for histopathological image analysis," Biomedical Engineering Online, vol. 468 

22, p. 79, 2023, doi: 10.1186/s12938-023-01157-0. 469 

[101] D. P. Yedurkar, A. C. Phadke, F. Al-Turjman, P. Yedurkar, and T. Stephan, “A hybrid 470 

breast mass detection in mammograms using geometric deformable contour model and 471 

convolutional neural network,” Biomed. Signal Process. Control, vol. 106, p. 107708, 472 

2025, doi: https://doi.org/10.1016/j.bspc.2025.107708. 473 

[102] Y. Tang, D. Zhou, R. C. C. Flesch, and T. Jin, “A multi-input lightweight convolutional 474 

neural network for breast cancer detection considering infrared thermography,” Expert 475 

Syst. Appl., vol. 263, p. 125738, 2025, doi: https://doi.org/10.1016/j.eswa.2024.125738. 476 


