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Abstract

Cancer remains a leading cause of morbidity and mortality globally, necessitating advancements in diagnostic
techniques for timely and accurate identification of cancer cells. Deep learning, a subset of artificial intelligence,
has emerged as a revolutionary approach in medical imaging, offering significant improvements in the detection
and classification of cancerous cells. This systematic review aims to comprehensively evaluate the current
literature on the application of deep learning techniques in the identification of cancer cells. We analyze various
deep learning methodologies, datasets, performance metrics, and the associated challenges. By synthesizing
findings from recent studies, we highlight the potential of deep learning to transform cancer diagnostics, discuss
the robustness and interpretability of these models, and identify areas for future research. Our review
underscores the promise of deep learning in enhancing diagnostic accuracy, reducing workload for pathologists,
and ultimately improving patient outcomes.
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Introduction

Cancer remains one of the most challenging and prevalent diseases worldwide, characterized by uncontrolled
cell growth and metastatic potential. Early and accurate detection of cancer cells is crucial for effective treatment
and improved survival rates [ 2, Traditional methods of cancer cell identification, such as histopathological
examination, are often labor-intensive, time-consuming, and subject to inter-observer variability 4. These
limitations highlight the need for innovative diagnostic tools that can provide reliable and reproducible results.
Deep learning, a branch of artificial intelligence (Al) that involves training neural networks on large datasets, has
shown remarkable success in various fields, including medical imaging €. In the context of cancer detection,
deep learning techniques, particularly convolutional neural networks (CNNSs), have demonstrated exceptional
capabilities in automatically extracting and analyzing complex features from medical images [" 8. This has
opened new avenues for automating the identification of cancer cells, potentially enhancing diagnostic accuracy
and efficiency ° 1%, Recent studies have leveraged deep learning for various cancer types, including skin cancer,
breast cancer, lung cancer, and colorectal cancer [** 12, These studies have utilized diverse datasets and have
reported high performance metrics, indicating the robustness of deep learning models in cancer detection.
However, challenges such as the need for large, annotated datasets, variability in image quality, and the
interpretability of deep learning models remain significant barriers to clinical adoption 3 4],

The application of deep learning in medical imaging extends beyond cancer detection to various other medical
conditions and diagnostic tasks. For instance, deep learning models have shown promise in detecting pneumonia
from chest X-rays, showcasing the potential of Al to assist in rapid and accurate diagnosis of respiratory
conditions [*°1, In the field of histopathology, researchers have explored the use of deep learning to enhance the
accuracy and efficiency of histopathological diagnosis [*61. These studies highlight how deep learning tools could
aid pathologists in analyzing tissue samples, potentially reducing workload and improving diagnostic precision.
As the field of Al in medical imaging continues to evolve, it is crucial to address the clinical challenges and
explore the full spectrum of applications 3. The convergence of human expertise and artificial intelligence
holds great promise for high-performance medicine 4. These developments underscore the broader impact of
deep learning across various domains of medical imaging and diagnosis, suggesting its transformative potential
in healthcare beyond cancer detection 117 €,

This systematic review aims to provide a comprehensive overview of the current state of deep learning
applications in cancer cell identification. We systematically search and analyze the literature to identify key
trends, methodologies, datasets, and performance metrics. Additionally, we discuss the challenges and future
directions in this rapidly evolving field. By synthesizing the findings from recent research, we aim to highlight
the potential of deep learning to revolutionize cancer diagnostics and improve patient care.
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Methodology

This systematic review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 guidelines.

1. PICOTT Table

The methodology comprised three main components: a PICOTT (Population, Intervention, Comparison,
Outcome, Time Type) table to define the scope of the review (as depicted in Table 1), a comprehensive set of
search keywords to identify relevant literature, and the PRISMA flow diagram to document the study selection
process. All these elements were carefully designed and implemented to ensure a thorough and transparent
review of the current literature on deep learning applications in cancer cell identification.

Additional criteria
= Language: Include only English language publications

= Sample size: Include studies with a minimum of 100 cases/images
= Data availability: Include studies using publicly available datasets or clearly described proprietary datasets

Table 1: PICOTT table that defines the scope of the review

Criterion Inclusion Exclusion
Population | Adult patients (>18 years old) with suspected or confirmed carcinoma Pediatric patients, animal studies
. Deep learning or artificial intelligence algorithms applied to medical Traditional machine learning
Intervention : . . . " - . . . .
imaging or histopathology for carcinoma detection/diagnosis methods not involving deep learning
. Standard diagnostic methods (e.g., manual interpretation by Studies without a clear comparison or|
Comparison . . . . ;
radiologists/pathologists), other Al methods, or no comparison baseline
Diagnostic accuracy metrics (e.g., sensitivity, specificity, AUC-ROC), Studies not reporting quantitative
Outcome 2 . C
classification performance, detection rates performance metrics
Timing Studies published from January 2010 onwards Studies published before 2010
Type of Original research articles, including retrospective and prospective studies Review articles, case re.por.ts,
study conference abstracts, editorials

2. Search Strategy and Initial Screening

Searches were conducted using keywords and search terms in PubMed and Google Scholar. Date filters were
applied to limit the search results to articles published after January 2010 as the computing power and efficient
deep learning algorithms advanced after around this time. The initial screening involved reviewing the titles and
abstracts to exclude studies that did not meet the inclusion criteria. We used different combinations of keywords,
including deep learning, artificial intelligence, cancer, carcinoma, medical imaging, histopathology, image
processing and radiology to search the mentioned databases. MeSH keywords were used in PubMed to further
refine search results (as depicted in Table 2).

Table 2: Search strategy and keywords used in the study

Search Strategy Keywords
Regular Deep Learning, Artificial Intelligence, Cancer, Carcinoma, Medical Imaging, Histopathology, Image
keywords Processing, Radiology

(("deep learning"[MeSH Terms] OR "deep learning"[All Fields] OR "artificial intelligence"[MeSH Terms]
MeSH OR ™artificial intelligence"[All Fields]) AND (“carcinoma"[MeSH Terms] OR "carcinoma"[All Fields] OR
(Medical Subject| "neoplasms"[MeSH Terms] OR "cancer"[All Fields]) AND ("diagnosis"“[Subheading] OR "diagnosis"[All
Headings) Fields] OR "detection"[All Fields]) AND ("diagnostic imaging"[MeSH Terms] OR "medical imaging"[All
keywords Fields] OR "radiology"[MeSH Terms] OR "radiology"[All Fields])) AND (*2010/01/01"[Date -
Publication] : "2025"[Date - Publication])

3. PRISMA 2020 Flow Diagram
The PRISMA 2020 flow diagram is illustrated below

Discussion

The reviewed studies utilized a diverse range of datasets with large image collections and different types of deep
learning models with varying degrees of customization in the training mechanisms to study the efficiency of
carcinoma detection. Esteva et al. ' employed a dataset of 129,450 clinical images for skin cancer
classification. Hu et al. ° used the CAMELYON16 dataset containing whole-slide images of lymph node
sections for breast cancer analysis. Cao et al. 2! analyzed 417 patients with fully annotated mp-MRI studies for
prostate cancer detection and Gleason score prediction. Coudray et al. (22 leveraged The
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Cancer Genome Atlas (TCGA) for lung cancer subtype classification. Aresta et al. 2! utilized the BACH (Breast
Cancer Histology) dataset for their grand challenge in breast cancer detection. Lu et al. [ used a dataset of
whole-slide images for colorectal cancer classification from The Cancer Genome Atlas (TCGA). The variation in
dataset sizes and types underscores the adaptability of deep learning models across different cancer types and
imaging modalities. A common thread among these studies is the use of large, diverse datasets, which is crucial
for training robust Al models. The datasets ranged from clinical images in dermatology to whole-slide images in
pathology and multi-parametric MRI in radiology, showcasing the versatility of deep learning approaches. A
summary of these details are depicted in Table 3 below.
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Fig 1: Prisma 2020 flow diagram for systematic review following inclusion and exclusion criteria

Table 3: Datasets and Artificial Intelligence Models Employed in Selected Studies for Various Cancer Types

Study Cancer Type Dataset Artificial Intelligence Model
Estevaetal. 1] Skin cancer Clinincal images Inception v3 CNN
[20] i

Huetal Metaif;';f’rea“ CAMELYON16 GoogLeNet CNN + Random Forest

Cao et al. 21 Prostate cancer Multiparametric MRI FocalNet (Specialized CNN)
Coudray et al. Lung cancer The Cancer Genome Atlas Inception v3 CNN

[22] (NSCLC) (TCGA)
Arestaetal. 29 Breast cancer BACH (Breast Cancer Primarily CNN (various models were used as part of the
Histology) challenge)

The reviewed studies utilized a diverse range of datasets with large image collections and different types of deep
learning models with varying degrees of customization in the training mechanisms to study the efficiency of
carcinoma detection. Esteva et al. ! employed a dataset of 129,450 clinical images for skin cancer
classification. Hu et al. 2% used the CAMELYON16 dataset containing whole-slide images of lymph node
sections for breast cancer analysis. Cao et al. 2 analyzed 417 patients with fully annotated mp-MRI studies for
prostate cancer detection and Gleason score prediction. Coudray et al. 2 leveraged The Cancer Genome Atlas

67



International Journal of Medical Science and Research www.medicaljournals.in

(TCGA) for lung cancer subtype classification. Aresta et al. (] utilized the BACH (Breast Cancer Histology)
dataset for their grand challenge in breast cancer detection. Lu et al. 1 used a dataset of whole-slide images for
colorectal cancer classification from The Cancer Genome Atlas (TCGA). The variation in dataset sizes and types
underscores the adaptability of deep learning models across different cancer types and imaging modalities. A
common thread among these studies is the use of large, diverse datasets, which is crucial for training robust Al
models. The datasets ranged from clinical images in dermatology to whole-slide images in pathology and multi-
parametric MRI in radiology, showcasing the versatility of deep learning approaches. A summary of these details
is depicted in Table 3.

The studies utilized various deep learning architectures, predominantly employing widely available
Convolutional Neural Networks (CNNs) or customized CNN variants. The studies by Esteva et al. [*9 and Hu et
al. 21 showcase the versatility of deep learning architectures in addressing diverse medical imaging challenges,
while highlighting the effectiveness of transfer learning and hybrid approaches. Esteva's team adapted an
Inception v3 CNN pre-trained on ImageNet for skin lesion classification, achieving performance on par with 21
board-certified dermatologists with AUCs of 0.96 for carcinoma and 0.94 for melanoma classification. In
contrast, Hu et al. employed a hybrid model combining GoogleNet CNN with a Random Forest classifier for
metastatic breast cancer detection in lymph nodes, achieving an impressive AUC-ROC of 0.993 on the
CAMELYON16 dataset. This performance suggests potential for significant improvements in pathology
workflow, particularly in detecting micro-metastasis that might be overlooked in routine examinations. While
Esteva's model excelled in classifying a wide range of skin lesions, Hu's approach demonstrated superior
performance in detecting subtle metastases, significantly outperforming human pathologists (AUC 0.993 vs
0.884 for a pathologist without time constraint). Both studies underscore the potential of Al in medical imaging,
but their methodologies differ notably. Esteva's use of transfer learning efficiently leveraged general image
recognition capabilities for a specialized task, whereas Hu's hybrid approach effectively addressed the
computational challenges of processing whole-slide images. These contrasting yet successful approaches
highlight the adaptability of deep learning in medical imaging. Esteva's work suggests Al's potential as a
valuable second opinion in dermatological practice, while Hu's study points to Al's capability to reduce
pathologist workload and improve cancer staging accuracy, particularly in identifying small metastases that
human observers might miss. Together, these studies demonstrate how different Al architectures can achieve
state-of-the-art performance in their respective domains, paving the way for Al to assist in comprehensive cancer
screening programs and potentially revolutionize diagnostic workflows by enhancing both efficiency and
accuracy.

An interesting trend in the application of deep learning for cancer detection is the evolution from single task to
multi-task and multi-modal approaches. While the above studies focused on classification tasks, studies like Cao
et al. 21, Coudray et al. 22 and Lu et al. ® incorporated multiple tasks or data types. This progression reflects
the increasing sophistication of Al models and their ability to mimic complex clinical decision-making
processes. Cao's FocalNet simultaneously performs prostate cancer detection and Gleason score prediction from
multi-parametric MRI, leveraging different MRI sequences (T2-weighted, diffusion-weighted, and dynamic
contrast-enhanced) to provide comprehensive tissue characterization. Lu's model tackles the challenging problem
of identifying the origin of cancers of unknown primary (CUP) by incorporating both global and local image
features from whole-slide histopathology images, using a multi-scale approach that captures tissue architecture
and cellular details. Coudray's CNN goes a step further by not only classifying non-small cell lung cancer
(NSCLC) subtypes but also predicting common genetic mutations directly from histopathology images, utilizing
an Inception v3 architecture pre-trained on ImageNet and fine-tuned on tumor tiles. These studies highlight a key
advantage of deep learning: the ability to automatically extract and synthesize relevant features at different levels
of abstraction, integrating multiple levels of information to provide more comprehensive diagnostic insights.

The multi-task and multi-modal approaches demonstrated in these studies have significant implications for
clinical practice and personalized medicine, with each model achieving impressive performance in their
respective, challenging domains. Cao's FocalNet, achieving sensitivities of 89.7% for index lesions and 87.9%
for clinically significant lesions, shows remarkable accuracy in prostate cancer diagnosis and grading, a task that
typically requires extensive expertise and is prone to inter-observer variability. Lu's model tackles the even more
complex challenge of identifying primary sites across diverse cancer types, a problem that often confounds
experienced pathologists. Its top-1 accuracies of 0.83 and 0.80 on held-out and external test sets represent a
significant advancement in addressing this long-standing oncological dilemma. Coudray's work sets a new
benchmark in lung cancer classification, reporting exceptionally high accuracies of 0.97, 0.98, and 0.99 for
adenocarcinoma, squamous cell carcinoma, and normal lung tissue classification respectively. These results are
particularly impressive given the subtle histological differences between cancer subtypes and the additional
complexity of predicting genetic mutations from image data alone. The performance of these models becomes
even more significant when considering the multifaceted nature of their tasks - from integrating multiple MRI
sequences in FocalNet to analyzing both global and local features in Lu's model and combining histopathological
and genetic insights in Coudray's approach. By successfully performing multiple related tasks simultaneously
and integrating various data types, these Al models are demonstrating a level of comprehensive analysis that
closely mirrors the nuanced, multi-factor assessments required in clinical oncology practice. This convergence of
Al capabilities with clinical needs suggests a potential revolution in cancer diagnostics, where Al could serve not
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just as a supportive tool, but as a powerful partner in enhancing the accuracy, efficiency, and depth of cancer
diagnosis and characterization.

While Cao, Coudray, and Lu demonstrated the power of multi-task and multi-modal approaches in individual
models, Aresta et al. [° took a broader, community-driven approach by organizing the BACH (Breast Cancer
Histology) grand challenge. This innovative initiative evaluated multiple Al models on a standardized breast
cancer histopathology dataset, providing valuable insights into the current state-of-the-art in Al-based
histopathology analysis. The challenge encompassed various tasks, from high-resolution image classification to
whole slide image labeling, mirroring the complexity of real-world pathology workflows. The best-performing
methods achieved an accuracy of 0.87 in classifying high-resolution microscopy images into four breast tissue
categories and a score of 0.69 in labeling entire whole slide images. These results, while not as high as some
individual studies, are significant given the standardized and challenging nature of the dataset. The BACH
challenge complements the other studies by providing a benchmark for comparing different Al approaches and
highlighting areas for improvement. It also underscores the potential of Al to assist pathologists in routine
diagnostic tasks, potentially enhancing efficiency and consistency in breast cancer assessment. By fostering
collaboration and competition in the Al community, initiatives like BACH play a crucial role in advancing the
field of Al in cancer diagnostics, driving innovation in multi-task and multi-modal approaches that can be
applied across various cancer types and imaging modalities.

While a key strength observed across studies was the rigorous validation strategies employed, including direct
comparisons of Al performance against human experts, several challenges persist in the application of deep
learning for cancer detection. These challenges include the need for large, annotated datasets, variability in
image quality, and the presence of artifacts affecting model performance. The "black box" nature of many deep
learning models poses a significant hurdle for clinical adoption, as healthcare providers require transparent and
interpretable decision-making processes. Although some studies, like Xie et al. 2%, have explored knowledge-
based collaborative approaches to enhance interpretability, this area requires further research to develop
explainable Al crucial for gaining trust from healthcare professionals and meeting regulatory requirements.
Looking forward, there's a pressing need for prospective, multi-center studies to validate these Al models in real-
world clinical settings, focusing on integrating Al tools into existing workflows and assessing their impact on
patient outcomes and healthcare economics. Future work should prioritize developing more robust and
interpretable models, improving data quality, and exploring novel techniques for seamless integration into
diagnostic workflows. Ultimately, successful translation of these technological advancements into clinical
practice will hinge on close collaboration between Al researchers and healthcare professionals, with the goal of
significantly improving cancer diagnosis and patient care.

Ethical considerations and potential biases in Al models were not extensively addressed in most studies,
highlighting a critical area for future research. Ensuring diverse representation in training datasets is crucial to
mitigate potential biases and improve generalizability across different patient populations. Additionally, our
analysis revealed that traditional quality assessment tools, such as the Newcastle-Ottawa Scale (NOS), may not
be fully applicable to Al-based cancer detection studies. While the reviewed studies scored highly in domains
like cohort selection and outcome assessment, follow-up aspects were often limited or not applicable due to the
cross-sectional nature of imaging-based diagnostic research. This underscores a significant gap in current quality
assessment methodologies for Al in medical imaging. Moving forward, the field should not only focus on
advancing Al technologies but also on developing tailored quality assessment tools that can adequately evaluate
the unique aspects of Al-based diagnostic accuracy studies in cancer detection, including their ethical
implications and potential biases. Such tools would be invaluable for ensuring rigorous evaluation of future
research in this rapidly evolving field, ultimately contributing to more robust, unbiased, and ethically sound Al
applications in cancer detection.

Conclusion

As we have explored throughout this review, deep learning has emerged as a powerful tool in the fight against
cancer, offering promising results across various medical specialties. From dermatology to pathology and
radiology, the studies we've examined demonstrate the potential of Al to enhance diagnostic accuracy and
efficiency. However, significant challenges remain, particularly in terms of data quality, model interpretability,
and clinical integration.

By bringing together Al researchers, healthcare professionals, and policymakers, we can work towards
developing more robust, interpretable models and integrating them effectively into clinical workflows. Also, as
these technologies evolve, it is crucial to establish standardized protocols and ethical guidelines to ensure the
safe and effective use of Al in healthcare. While the journey ahead looks challenging, the potential rewards -
improved patient outcomes, optimized healthcare resources, and a reduced global cancer burden - make it a
worthy endeavor. It's evident that the future of cancer detection lies at the intersection of human expertise and
artificial intelligence, promising a new era in personalized, efficient, and effective cancer care.
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