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Abstract

The number of people diagnosed with cancer
is rising worldwide and has become a leading
cause of death. Therefore, it is essential to
perform early diagnosis effectively to improve
the success of treatment and increase survival
rates. Currently, histopathological examination
is the main method for confirming a cancer
diagnosis. However, this analysis depends on
the pathologist's skill in interpreting tissue
specimens, which can be time-consuming and
varies among different pathologists. Recent
developments in digital pathology and
artificial  intelligence  have  introduced
Computer-Aided Diagnosis (CAD) systems.
These systems can automate cancer detection
through histopathological image analysis. In
this review, we summarize the advances made
from 2020 to 2025 in  Al-assisted
histopathological image analysis. The main
topics discussed include available public
datasets for Al-assisted histopathological
image analysis, one or more image
preprocessing methods, machine learning
techniques, deep learning methods, the use of
Vision Transformers and Explainable Artificial
Intelligence (XAI), the development of
foundation models, and a comparison of the
performance between deep learning and
traditional  machine learning  methods,
including differences in accuracy and
robustness. While CAD systems have made
significant strides, several challenges remain
before successful clinical application. These
include issues related to dataset variability,
interpretability, and clinical deployment.
Ongoing research aims to enhance the
understanding of foundation models, federated
learning, and multimodal Al systems in
precision oncology.
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1. Introduction

Cancer is a serious global health issue, with
many people dying from it daily. Early
detection can lead to better treatment success
rates and survival. Historically, histopathologic
examination of tissue samples collected from
patients has been the standard method for
cancer diagnosis. By identifying cell shapes
and tissue structure, histopathologists provide
important diagnostic information.

Traditional methods for examining tissue
samples under a microscope depend heavily on
the experience of the pathologist and require
significant time and effort. Recent advances in
Whole Slide Imaging (WSI) and digital
pathology have enabled the integration of
artificial intelligence to automate the analysis
of digital whole slide images.

The growth of machine learning and deep
learning has led to the development of
computer-assisted diagnosis (CAD) systems
that can identify, classify, and grade cancers
with high accuracy. Additionally,
improvements in architectures such as
convolutional neural networks (CNNs) and
vision transformers (ViTs), along with
explainable Al methods, have made automated
diagnostic systems more reliable and easier to
interpret.

2. Literature Review

Research in computational pathology has
shifted from using handcrafted feature-based
machine learning to deep learning-driven
techniques.

Traditional Machine Learning
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Early studies combined textural, morpho-

-logical, and color features with classifiers like
SVM, RF, and DT. The accuracy of these
classifiers was moderate due to the extensive
feature engineering needed for successful

classification.

Deep Learning Approaches

CNNss,
EfficientNet,

better results

than

including ResNet,
learn distinguishing features
from histopathology images
traditional

DenseNet, and

and produce
methods.

Transfer learning has also improved outcomes
when training samples are limited.
Emerging Trends

Recent research has

focused on Vision

Transformers, Explainable Al, self-supervised

learning,
advancements
model

clarity while

and foundation models.
enhance understanding and
generalizing across

various cancer types.

3. Methodology

These

This survey reviews publications from 2020 to
2025 obtained from the following databases:

IEEE  Xplore,

Inclusion Criteria
o Histopathological Image Analysis studies

o Applications
classification

for

ScienceDirect,
PubMed, and Google Scholar.

cancer

e Al, ML, or DL methods

o Quantitative
methods

Exclusion Criteria

e Radiological Imaging studies

performance

¢ Publications not in English
o Studies lacking experimental validation

Springer,

detection and

evaluation of

The survey framework consists of examining
datasets,data preprocessing, feature extraction,
classification techniques, future trends, and
performance evaluation.

4. Datasets and Image Processing
Several publicly available datasets support Al
research in digital pathology.

|Dataset ||Cancer Type ||Images/Slides |

|BreakHis HBreast Cancer ||7,909 Images |
Breast

CAMELYON16 Metastasis 400 WSI
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|Dataset ||Cancer Type ||Images/Slides

CAMELYON17[Breast 1,000 WSI
Metastasis

PANDA Prostate 10,616 WSI
Cancer

TCGA Multiple 20,000+ WSI
Cancers
Colorectal 100,000

CRC-100K Cancer Patches

Common preprocessing techniques include:
e Color normalization
¢ Noise removal
¢ Contrast enhancement
e Data augmentation

Segmentation methods like U-Net and Mask
R-CNN are often used to extract nuclei and
tumor regions.

5. Al Approaches for Cancer Detection

5.1 Traditional Machine Learning
Traditional methods rely on handcrafted
features and supervised classifiers.

Typical Accuracy (%) Method

SVM 82-94

Random Forest 80-93

Decision Tree 75-88

XGBoost 85-95

These approaches are computationally

efficient but have limited scalability and
generalization.

5.2 Deep Learning

CNN models automatically learn hierarchical
image features.

Popular architectures include:

o AlexNet

* VGGNet

e ResNet

e DenseNet

e EfficientNet

Transfer learning significantly enhances
performance when labeled data are scarce.

5.3 Vision Transformers and Foundation
Models

Vision Transformers (ViTs) use self-attention
to gather context, improving understanding of
the entire image. Foundation models trained
on large pathology datasets perform well
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across various tasks after being transferred
from one domain to another.

6. Comparative Analysis and Results

The evidence shows that deep learning and
transformer-based techniques achieve higher
success rates compared to all previous
machine learning methods.

AUC Approach Accuracy (%)
0.75-0.95 Traditional 75-95
ML
0.90-0.99 CNN Models 8899
0.95-0.99 Vision 93-99
Transformers
0.97-0.99 Foundation 95-99
Models

Deep learning methods outperform all other
machine learning techniques because they
automatically model complex representations
of  tissues. Adding transformer-based
approaches enhances performance through
better contextual learning.

7. Challenges and Future Directions

Despite some advances, several challenges

remain:

e Limited annotated datasets

e Variability in staining processes

e Computational complexity of whole slide
images

e Model interpretability

e Data privacy and security concerns

e Regulatory approval requirements

Future research should focus on:

e Developing pathology-specific foundational
models

o Exploring federated learning

o Using explainable Al

o [mplementing multimodal models

o Creating real-time clinical applications.

8. Conclusion

Al has significantly impacted histopathology
image analysis and cancer diagnosis. Deep
learning models, including CNNs, Vision
Transformers, and foundation models, have
greatly  improved  diagnostic  accuracy
compared to ftraditional machine learning
methods. While challenges concerning data
variety, explanations for findings, and clinical
validation remain, ongoing advancements in
Al may lead to more intelligent pathology
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systems. Developments in foundation models,
federated learning, and multimodal Al will be
crucial in advancing precision oncology and
enhancing patient outcomes.
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