Pre prints.org

Review Not peer-reviewed version

Advancements in Precision Oncology:
Al and Machine Learning Applications in
Digital Pathology

Zamart Ramazanova , Assem Ashimova, Yeldar Baiken ’ , Bakhyt Matkarimov , Askhat Myngbay ’ ,
Arshat Urazbaev

Posted Date: 7 June 2024
doi: 10.20944/preprints202406.0378.v1

Keywords: Al; cancer imaging; oncology; machine learning; IHC

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/3254593
https://sciprofiles.com/profile/2146089
https://sciprofiles.com/profile/2387213
https://sciprofiles.com/profile/2509666
https://sciprofiles.com/profile/1436797

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 June 2024 d0i:10.20944/preprints202406.0378.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

Advancements in Precision Oncology: AI and
Machine Learning Applications in Digital Pathology

Zamart Ramazanova 2, Assem Ashimova 3, Yeldar Baiken ¥, Bakhyt Matkarimov !, Askhat
Myngbay * and Arshat Urazbaev *

! PI National Laboratory Astana, Nazarbayev University, Astana 010000, Kazakhstan;
bmatkarimov@nu.edu.kz (B.M.); arshat@gmail.com (A.U.)

2 School of Engineering and Digital Sciences, Nazarbayev University, Astana 010000, Kazakhstan;
zamart.ramazanova@nu.edu.kz (Z.R.)

3 School of Sciences and Humanities, Nazarbayev University, Astana 010000, Kazakhstan

* Educational Institution “Alikhan Bokeikhan University”, Abai region, Semey 071400, Kazakhstan

* Correspondence: yebaiken@nu.edu.kz (Y.B.); askhat. myngbay@nu.edu.kz (A.M.)

Abstract: Over the last ten years, precision oncology has led to a surge in the need for prediction tools that
facilitate patient screening and stratification for customized treatment regimens. Artificial intelligence (AI) and
machine learning algorithms in digital pathology have been made possible by the emergence of tissue slide
image digitization, which has the potential to improve patient care greatly. We have assessed many Al-based
computational models in this context intended for use in digital pathology applications. This paper covers the
implications for enhancing patient outcomes, treatment planning, and diagnostic accuracy in the field of
oncology. It also gives an overview of the most recent Al applications in oncology, emphasizing present
difficulties and potential future developments.
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1. Introduction

Globally, 19.3 million new instances of cancer were detected in 2021, and the disease was
responsible for 10 million deaths (1). Globally, colon, prostate, stomach, lung, and breast cancers were
the most common types of cancer (2). Personalized cancer care is becoming increasingly popular; it
emphasizes treatments specific to each patient’s disease progression and is developed through
cooperation between physicians and researchers (3). Conventional cancer diagnosis is based on
manual techniques and eye observation, which leads to a laborious and error-prone histological
diagnosis. The subjectivity and unpredictability in expert assessments in histopathology analysis
highlight the necessity for early detection and precise diagnosis to improve treatment success. The
use of artificial intelligence (AI) help systems to improve diagnostic accuracy is made possible by the
global pathologist shortage. Digitization of histopathology slides and computer model analysis are
two aspects of digital pathology. Prewitt and Mendelsohn created a technique in 1965 for scanning
microscope images, turning optical data into a matrix of optical density values, and using that
information to determine if different cell types are present (4). Introduced in 1956, artificial
intelligence (Al) includes machine learning (ML) techniques, in which computers learn from data to
recognize patterns and anticipate outcomes without the need for explicit programming (5). Deep
learning (DL), a subset of machine learning (ML), was made possible by the creation of artificial
neural networks in the 1980s (6). Due to advancements in computational processing capability, DL
has attracted interest in recent decades for its applications in digital pathology and other domains (7-
9).

Significance of Immunohistochemistry in Cancer Research
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In cancer pathology and research, immunohistochemistry (IHC) is an essential technique for
analyzing protein expression linked to treatment resistance, metastasis, and cancer development (10).
Using IHC, tumor tissue is analyzed for particular protein markers that help with exact cancer
categorization, prognosis assessment, and therapy planning. These indicators play a key role in
locating cellular and molecular alterations connected to the onset of cancer. For instance, choosing
the right course of treatment for breast cancer requires an IHC assessment of HER2/neu expression
and hormone receptor status (11). Similarly, the use of immune checkpoint inhibitors in non-small
cell lung cancer is dictated by assessment of programmed death-ligand 1 (PD-L1) expression (12).

PD-L1 is a biomarker that identifies patients more likely to respond to PD-1/PD-L1 inhibitors
such as pembrolizumab. Validating its use implies that selecting patients based on their PD-L1 status
is reliable for identifying those who may benefit most from this treatment. Additionally, IHC allows
for the assessment of immune cell infiltration and the tumor microenvironment. In a recent study, it
has been demonstrated that the presence and localization of CD8(+) T cells within the invasive tumor
margin may serve as a valuable biomarker for assessing a patient’s potential response to therapeutic
interventions. The PD-1/PD-L1 immune inhibitory axis plays a crucial role in regulating the immune
system’s response to cancer cells. The fact that pre-existing CD8(+) T cells at the tumor margin are
linked to this axis suggests a potential mechanism by which the immune response to cancer is
modulated and predicts patient outcomes (13).

In colorectal cancer, the presence of the epidermal growth factor receptor (EGFR) on tumor cells,
determined by IHC, helps predict responsiveness to anti-EGFR therapies (14). In the case of cervical
cancer, p16INK4a immunohistochemistry is used to identify overexpression of this protein, which is
indicative of high-grade squamous intraepithelial lesions (HSILs) and an increased risk of cervical
cancer (15). In prostate cancer, the assessment of markers such as prostate-specific antigen (PSA), Ki-
67, and p53 helps predict the risk of disease progression and guides treatment decisions (Shen et al.,
2010). Moreover, immunohistochemistry is employed to detect specific molecular alterations that
may increase cancer risk. For instance, the loss of DNA mismatch repair proteins, as identified
through immunohistochemistry, is associated with Lynch syndrome and an elevated risk of
colorectal and other cancers (16).

The synergy between machine learning and immunohistochemistry (IHC) in cancer risk
stratification represents a powerful approach to enhancing understanding of cancer biology and
improving patient outcomes. It enables the integration of complex data types, enhances predictive
accuracy, and facilitates personalized risk assessment, ultimately leading to more effective cancer
prevention and management strategies. Machine learning leverages the analysis of IHC data to
identify complex patterns and relationships, ultimately aiding in more accurate cancer risk
stratification. This helps to reduce data dimensionality, focuses on the most informative markers, and
facilitates the classification of tissue samples into different risk categories. As new IHC data become
available, models can be updated to incorporate the latest findings, ensuring that risk stratification
remains up-to-date and accurate. Researchers continue to explore innovative applications and
develop robust ML models to leverage the wealth of information embedded in IHC data. In this
review, we provide some ML techniques that can be used in IHC for cancer-related applications.

Image Analysis: In order to quantify the expression levels of certain proteins or to detect patterns
of protein expression linked to distinct cancer types or disease stages, machine learning algorithms
can be trained to evaluate IHC images. Gurcan et al. [14] and Veta et al. [15] have investigated the
emergence of feature engineering and learning techniques in image pathology, particularly for tasks
like object identification, picture segmentation, and tissue categorization. Komura and Ishikawa [16]
have investigated the application of machine learning models in digital pathology, which includes
computer-assisted diagnosis, content-based picture retrieval, and clinicopathological correlations.
Researchers have talked about the use of deep learning models, their limitations, and the prospects
for the field of diagnostic breast pathology in this work [17]. Deep learning (DL) techniques have
been successfully applied to numerous image analysis challenges [18-21].

Tumor Classification: IHC staining patterns can be used to train machine learning algorithms that
categorize different cancer kinds or subtypes. This can help with cancer diagnosis and patient
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outcome prediction. Numerous investigators have investigated an array of methods with the goal of
attaining low-error and high-performance brain tumor identification and classification. Stacke et al.
study’s [22] demonstrated how to optimize for images that maximally activate the neurons in a
convolutional neural network to assess the network’s generalization in tumor classification using
H&E stained images. The study involved analyzing the representations generated by the network
and documenting the features to which the network responded. In order to improve the accuracy of
brain tumor classification using MRI images, Tandel G. et al. [23] created five clinical multiclass
datasets and used a Convolutional Neural Network (CNN) based on transfer learning. The usefulness
of tumor classification techniques for classifying MR brain imaging characteristics into n/a,
multifocal, multicentric, and gliomatosis was assessed in this work [24]. The statistical characteristics
of the incoming photographs were analyzed as part of the classification process, and the data were
methodically separated into several categories. These categorized data were then tested using ML
techniques such as KNN (k closest neighbor), RF (random forest), SVM (support vector machines),
and LDA (linear discriminant analysis).

Prognostic and Predictive Biomarker Discovery: ML can help identify new prognostic or predictive
biomarkers by analyzing IHC data alongside clinical outcomes (17). These biomarkers can guide
treatment decisions and predict patient responses. Biomarkers are recognized as molecular indicators
that signify an increased likelihood of benefits or the potential for toxicity associated with a particular
medicine (18). Additionally, they can be defined as measurement variables linked to the outcome of
a disease (19). Prognostic biomarkers provide insight into the prognosis of cancer as well as the
administration of therapy (20). Predictive biomarkers serve as indicators of the probability of a
patient’s response to a treatment plan. They enable the categorization of patients into groups with
higher or lower chances of responding to a specific regimen, thereby enhancing therapeutic precision
and treatment effectiveness (21). Machine learning methods utilize both prognostic and predictive
biomarkers to assess performance, validate models, and present key results pertinent to the research.
One such work is studied in this work (22), the authors endeavored to predict a biomarker panel for
lung cancer based on autoantibodies. They employed recursive feature elimination with random
forest modeling and utilized least absolute shrinkage and selection operation (LASSO) regression
with repeated 10-fold cross-validation in their approach (23). Deep-learning techniques were
employed to analyze scanned sections of H&E (hematoxylin-eosin)-stained tissue, aiming to develop
a biomarker for predicting patient outcomes after primary colorectal cancer surgery (24). The
approach involved the use of two convolutional neural networks: the first network delineated
cancerous tissue, and the second categorized patients into distinct prognostic groups. Risk
stratification was carried out using both invariable and multivariable analyses.

Spatial Analysis: ML methods can be used to analyze the spatial relationships between different
cell types and protein expression patterns in IHC images. This can provide insights into the tumor
microenvironment and its impact on cancer progression (25). This mini-review discusses recent
progress in machine learning and artificial intelligence concerning the spatial analysis of the tumor
immune microenvironment in pathology slides. The integration of machine learning (ML) and
artificial intelligence (AI) algorithms with digital pathology is revolutionizing the histopathological
analysis of the tumor immune microenvironment (TIME) in tumor samples (26). The spatial assays,
such as immunohistochemistry (IHC), only permit targeted analyses involving a limited number of
molecular markers.

Data Integration: Immunohistochemistry (IHC) data can be combined with other omics datasets,
such transcriptomics and genomes, using machine learning (ML) to gain a comprehensive
understanding of cancer biology and identify possible therapeutic targets. Current artificial
intelligence (AI) frameworks, which rely only on machine learning (ML) techniques, have been
applied to the combination of omics and phenotypic data to identify novel biomarkers (27).
Additionally, ML algorithms have been used extensively to classify cancer using a variety of data
sources (28). Computed tomography (CT) data along with radiomics features were utilized in two
different studies to classify cancer patients, enhancing the prediction accuracy for lung cancer and
pulmonary lesions, respectively (29).
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Quality Control: ML algorithms can help in quality control by detecting staining artifacts, tissue
irregularities, or other issues in IHC images, ensuring the reliability of the results (30). In this article,
computational pathology (CPATH) in diagnostic breast pathology and IHC were explored with the
application of ML/Al-based tools, and the use of Al applications in diagnostic breast pathology (31).

In this section, we have offered ML techniques that could be applied to IHC data in cancer;
however, to work involving IHC in cancer using ML methods, researchers would need access to a
large dataset of IHC images, clinical information, and possibly other molecular data, as well as
expertise in machine learning and image analysis.

Artificial Intelligence Examples in Oncology

Software developers and data analysts are leading the implementation of novel Al-based image
analysis methods in pathology and oncology. They are creating and applying Al tools for several
tasks, such as improving diagnostic accuracy and identifying new and more effective biomarker
techniques for precision oncology. In order to accurately characterize whole-slide images of five
different types of colorectal polyps, Korbar et al. created a deep-learning algorithm using a modified
version of a residual network architecture (32). They generated a few deep-learning approaches using
a set of data of 2074 crop images handwritten by several professional data pathologists as reference
standards. Pathologists have studied hematoxylin-eosin (H&E) stained slides for more than a
century. Bychkov et al. analyzed a collection of scanned tumor tissue microarray (TMA) samples
stained with hematoxylin and eosin from 420 patients with colorectal cancer who had accessible
clinicopathological characteristics and outcome information (33). Their findings demonstrate that, in
the classification of individuals into low- and high-risk groups, deep learning-based prognosis
prediction beats visual histological assessment carried out by human specialists on both TMA spot
and whole-slide levels. Litjens et. al,made accessible a dataset for the CAMELYON16 and
CAMELYON17 Grand Challenges that had 1,399 captioned whole-slide images (WSIs) of lymph
nodes, both with and without metastases (34). In order to detect prostate cancer tissue in whole-slide
photos, Tolkach et al. constructed DL-based models based on a sizable, high-quality training dataset
and a cutting-edge convolutional network architecture (NASNetLarge) (35). In their study of deep
learning approaches for prostate cancer, Wildeboer et al. contrasted the techniques used to provide
the CAD outputs to the operator for additional medical decision-making (36). Jaroensri et al. created
deep learning algorithms to conduct histologic assessment of all three elements using digitalized
hematoxylin and eosin-stained slides carrying malignant breast cancer(37). Oncotype DX is one of
the many genetic tests that have been developed to determine which early-stage patients might
benefit from more intensive starting therapy (38).

Machine learning (ML) is a type of artificial intelligence characterized by computer algorithms
that learn from data, specifically through the process of learning to map input data to output
predictions. Machine learning (ML) tasks are commonly categorized as either supervised or
unsupervised. In supervised learning, the model is trained using input data that is paired with
corresponding known outcomes which is characterized as classification or regression. Unsupervised
learning is advantageous in situations where a specific output is unknown, or when researchers aim
to uncover novel patterns within the data. The basic principles of machine learning (ML) and its
applications in cancer diagnosis, prognosis, and treatment are illustrated in Figure 1. The application
of machine learning spans various tasks throughout the spectrum of oncology, including diagnosis,
prognosis, and treatment.
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Figure 1. A graphic representation to effectively communicate the diverse applications of machine
learning in cancer.

ML models analyze IHC data to aid in the early detection of cancerous lesions. Algorithms can
learn patterns associated with malignancies, helping to improve accuracy and speed in diagnosing
tumors.

We have compiled and summarized relevant published papers on machine learning algorithms
in the domains of cancer diagnosis, prognosis, and treatment, incorporating studies focused on
histopathology image analysis. Details are presented in Table 1.

Table 1. Overview papers on ML algorithms in diagnosis, prognosis, and treatment response in
cancer.

Type of

Study Study goal Model cancer

Model Output

To evaluate the
suitable classifier by
comparing the
performance of
Ray A et al. different ML
algorithms for risk
prediction and
diagnosis of breast

SVM (Support Vector

Machine), K Nearest
Neighbors (K-NN), Breast = The SVM model achieved highest accuracy
Naive Bayes (NB), cancer 98.14% with lower error rate.

CART (Classification

and Regression Tree)

cancer
. . Prospective clinical trials of stimulated
Assessing brain . .
tumor patholo Raman histology (SRH) images revealed
Hollon T.C. et al. _. . .p 8Y CNN Brain cancer higher diagnostic accuracy than
slides in intra-surgery ) ) .
. conventional histologic images (94.6% vs
evaluation.
93.9%)
Automated predictive . The automated scoring achieved an overall
Deep learning Breast

Che Y et al. method for scoring network cancer accuracy of 97.9% for slide-level

whole-slide images classification. The proposed method
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(WSI) of HER?2 slides
based on a deep-
learning network.

demonstrated excellent specificity,
particularly for all IHC 0 and 3+ slides and
the majority of 1+ and 2+ slides.

To identify of Sensitivity/specificity of 85%/73%
Zhou et al. lymph no.de CNN Breast compared v\.rth.tramed.r.a(fhologlsts
metastasis cancer (sensitivity/specificity
73%/63%)
A specialized search The preliminary results of the TCGA
engine in digital archive demonstrate the feasibility of the
32 cancer .
pathology technology and improve the accuracy and
Karla et al. .. DenseNet types . )
symbolizing to speed requirements of the Yottixel platform
histopathology (TCGA) to make it more usable for diagnostics
images purposes.
To predict
resistance to
hypomethylating Molecular signatures were present in 30%
. . Myelodys of patients with three or more
agents in patients =~ Recommender ) . :
Nazha et al. . svstem plastlc mutations/sample with an accuracy rate of
with y syndrome 87% in the training cohort and 93% in the
myelodysplastic validation cohort.
syndromes (MDS)
SVM, artificial neural
Cancer proenosis and networks (ANN), Breast Decision trees, regression trees, and so on,
Kharya S et al. P .g . Naive Bayes an artificial neural network (ANN) was
prediction - cancer
classifier, and found to be the most popular one.
AdaBoost tree
Classification of skin The area under the curve (AUC) for each
Esteva A et al. lesions CNN Skin cancer case is over 91% and d negligible changes
in AUC (<0.03).
railciljgzrflu;aei(s)i:izft Deep Profiler and clinical variables
Lou et al. Y CNN Lung cancer predicted treatment failures with a

arameters to predict
P P concordance index of 0.72

treatment failure
! Tables may have a footer.

The research employed machine learning techniques to classify cancer-related data and provide
a diagnosis for breast cancer (49). In this study, various classification methods, including support
vector machine classifiers, probabilistic neural networks, and K-nearest neighbors, were examined
and applied to specific feature sets. Among these, the support vector machine classifier models
showed the highest overall accuracy in diagnosing breast cancer. Hollon et al. (50). describe a
concurrent workflow that combines stimulated Raman histology (SRH), a label-free optical imaging
technique, with deep convolutional neural networks (CNNs). This integration facilitates the
prediction of diagnoses at the bedside almost in real-time through an automated process. Another
study (51) introduces an automated predictive approach for scoring whole-slide images (WSI) of the
human epidermal growth factor receptor 2 (HER2) slides, using a deep-learning network. Zhou et al.
detail the use of ultrasonography for the detection of biopsy-confirmed nodal metastasis in patients
with breast tumors (52).

Their findings indicate sensitivity and specificity levels surpassing those achieved by human
observers. In another study, established a diagnostic consensus across various cancer types by
employing machine learning (ML) methodologies for the analysis of histopathology images (39).
Initially, the authors utilized their previously developed image search engine, Yottixel, to index
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approximately 30,000 whole-slide images (WSI) representing 32 cancer types from The Cancer
Genome Atlas (TCGA) (40). In the context of next-generation sequencing, where conventional
statistical methods may have limitations, a recommendation system inspired by those employed in
online marketing has demonstrated the capability to forecast nonresponse to treatment in patients
with myelodysplastic syndromes. In observational research, an assessment was conducted to
compare the accuracy of the support vector machine, artificial neural networks (ANN), Naive Bayes
classifier, and AdaBoost tree in order to identify an effective model for predicting breast cancer (41).
In the study conducted by Esteva et al.,, machine learning techniques employed in skin cancer
prognosis demonstrated comparable accuracy to that of a proficient dermatologist (42). Lou et al.
studied the mainstay of treatment for patients with early-stage lung cancer and oligometastatic
disease to the lung (43). Al has been investigated for enhancing the diagnosis of tuberculosis,
meningitis, and sepsis, as well as predicting treatment challenges in patients with hepatitis C and B
(44).

Machine learning models, particularly supervised algorithms such as support vector machines
(SVMs) and deep neural networks, can recognize patterns in IHC data and classify tissue samples
into different categories based on protein expression profiles (45).

Several case studies demonstrate the effectiveness of software tools in cancer risk stratification,
helping clinicians make informed decisions about treatment options for cancer patients (46). For
example, Oncotype DX is a genomic test used in breast cancer risk stratification. It analyzes the
expression of 21 genes in tumor tissue to predict the likelihood of breast cancer recurrence and the
potential benefit of chemotherapy (47). This study describes the effectiveness of Oncotype DX in
guiding chemotherapy decisions for breast cancer patients. Cardoso et al. evaluated the clinical utility
of the MammaPrint genomic test in guiding adjuvant chemotherapy decisions for early-stage breast
cancer patients (48). It assesses the expression of 70 genes in tumor tissue to classify patients as either
“low risk” or “high risk” for distant metastasis (49). Obtaining high-quality and sufficient quantities
of data, including clinical, genetic, and lifestyle information, is essential for accurate risk stratification.
Data for cancer risk stratification are collected through a combination of epidemiological studies,
clinical trials, and genetic research. This includes information on demographics, lifestyle factors (e.g.,
smoking, diet, physical activity), and family history of cancer. Genetic studies involve the collection
of DNA samples from individuals to identify genetic markers associated with cancer risk. The Cancer
Genome Atlas (TCGA) project collected genomic and clinical data from various cancer types,
facilitating the identification of cancer-related genetic alterations (50). Clinical trials collect data on
cancer patients, including treatment outcomes, side effects, and genetic information. These data help
in understanding how genetic factors influence treatment response. For instance, the TAILORXx trial
collected data on breast cancer patients to determine the optimal treatment strategy based on genetic
testing of tumor tissue (47).

Challenges in AI Application

The effectiveness of any Al-based method is mainly determined by the volume and quality of
the input information. In order to obtain the highest prediction performance, the data used to train
an Al system must be clean, curated, have the highest signal-to-noise ratio, and be as accurate and
thorough as feasible. For instance, the effectiveness of an Al system to segment a specific biological
structure found in a WSI depends heavily on the accuracy of the reference annotations made by
experienced pathologists in the learning set. The study of Doyle et al., who created an ML-based Al
technique to automatically identify locations of prostate cancer in WSIs, highlights the significance
of highly selected data (51). An Al approach might be used to locate specific spots on the slides for
later imaging with superresolution techniques, enabling the scanning of important structures and
locations in the image at a much greater resolution while also generating less digitally scanned data
overall. Following this strategy, Kleppe et al. employed an ML-based algorithm to find that patients
with chromatin characterized as homogenous had better survival outcomes than those with
heterogeneous chromatin across several solid tumor types (52). Deep neural networks have been
criticized for their lack of interpretability and for being less intuitive than hand-crafted networks,
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despite their great accuracy and simplicity of use. This could be a barrier to their use in therapeutic
settings. The goal of a few studies has been to give biological interpretability to DL tools using
contemporary techniques, such as post hoc procedures or supervised ML models, to explain the
results after the DL model has already made its prediction (53,54). Because pathologists and
oncologists spend much time developing these methods, engineering hand-crafted features is
frequently difficult and time-consuming. Fusion techniques that integrate DL and custom strategies
have begun to gain popularity in recent years. These tactics might rely on handcrafted ML approaches
for prediction after using DL algorithms for the initial detection of cells or elements, thereby utilizing
domain expertise to guarantee the approach’s biological interpretability. The generalizability of the
methods must be ensured using multi-institutional data before Al- and ML-based solutions are
adopted in clinical settings. Training and validation sets are frequently created using the data that
are available for developing an Al strategy. Examples from the categories of interest are typically
evenly represented in the initial dataset, which is also known as a training, learning, or discovery set.
Once the model has been trained and finalized on the learning set, it is typically validated without
further optimization on a test set. This test set is either derived from the original set of cases or
obtained from a different institution. Digital pathology-based companion diagnostic tests for
oncologists may offer extra helpful data for disease risk classification and patient selection for
specialized treatments. With a turnaround time of roughly two weeks, genomic companion
diagnostic tests require delivering tissue to a central site. Al-based technologies will mostly be
required for pathologists to identify structures or particular regions of interest in digitized WSIs. To
enable short turnaround times and the capacity to control the clinical process, the digital slide scanner
has thus become a crucial component in the development of such systems. Despite these difficulties
and limitations, the future of Al techniques for digital pathology is encouraging. Many organizations
worldwide have made the decision to digitize their whole pathology practice in recent years.

Future Prospective

The advent of whole-slide digital scanning and the parallel expansion of deep learning (DL)-
based neural networks for analyzing digital images of slides have propelled a surge in the popularity
of digital pathology technologies. Despite the challenges and uncertainties related to regulatory
measures, reimbursement, and implementation, there is growing interest within the pathology and
cancer communities in the development and application of these technologies. Recent innovations
include open-top light sheet microscopy, which generates 3D images of tissue samples without the
need for destructive sectioning or slide preparation. To analyze and interpret these vast amounts of
data, pathologists and oncologists will require the assistance of artificial intelligence (AI) methods.

Conclusion

In the foreseeable future, there is potential for the development of Al algorithms that not only
support pathologists but also aim to alleviate the burden of mundane, repetitive tasks to enhance
diagnostic accuracy and grading. With the advent of the new era of deep learning-assisted pathology,
data banking, integration, and cloud laboratories are emerging as essential elements of daily
pathology practice. Furthermore, pathologists, data scientists, and enterprises are increasingly
collaborating to amalgamate genomics, proteomics, bioinformatics, and computational algorithms
into vast and complex clinical datasets.

This convergence of disciplines is paving the way for computational pathology to provide
critical insights into disease diagnosis, prognosis, and treatment. Through this approach,
computational pathology has the potential to revolutionize the field by offering a comprehensive
understanding of diseases at a molecular level, thereby enabling personalized and precision
medicine.

However, it is important to acknowledge that numerous technological and ethical challenges
must be addressed to fully realize the potential of computational pathology. These challenges include
ensuring data privacy and security, standardizing data formats, and developing robust and
interpretable AI models. As a synergistic system, computational pathology promises to enhance
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workflow efficiency, enabling clinical teams to share and analyze imaging data across a broader
platform, thus fostering collaboration and innovation.

In this context, we critically assess the current state of research in computational pathology and
outline the direction for future developments. It is imperative to address the obstacles to the
widespread integration of Al in cancer care to unlock the full potential of these technologies in
improving patient outcomes. In summary, this research highlights the importance of embracing the
opportunities and challenges presented by Al and computational pathology to advance the field and
ultimately enhance patient care in oncology.
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