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Abstract: Artificial Intelligence (Al) in healthcare is essential in the fight against several deadly
illnesses, including lung, breast, and skin cancer. Al is a sophisticated system that recognizes diffi-
cult healthcare unit challenges by using mathematically based algorithmic concepts that are similar
to those of the human mind. Many aetiologies, including a large number of genetic and epigenetic
abnormalities, contribute to the deadly disease known as cancer. It is challenging to diagnose can-
cer early on since it is a complex disease. Thus, using Al and machine learning (ML), genetic vari-
ants and other important elements could be found in due time. Al is a synergistic way to mining large
amounts of raw data for pharmacological targets, mechanisms of action, and interactions with or-
ganisms. Although there are a number of data mining issues with this synergistic method, compu-
tational techniques from various scientific groups for multi-target drug discovery are particularly ben-
eficial in overcoming the Al bottlenecks for drug-target discovery. In the near future, Al and ML may

serve as the central hub for the diagnosis, management, and assessment of nearly any illness in
the medical field. In this thorough analysis, we examine the enormous potential of artificial intelli-
gence (Al) and machine learning (ML) in conjunction with the biological sciences, particularly with
regard to cancer research. Here, we explored the recent updates related to Al and ML applications
in cancer diagnosis and therapeutics.
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1. Introduction

In cancer research, diagnosis, and treatment, artificial intelligence (Al) is becoming a game-changer, providing
previously unheard-of chances to tackle the intricacies of this difficult area. Computational systems that can efficiently
handle and analyse large volumes of data related to cancer are necessary for the integration of complex research
findings with this data. Al offers strong tools for addressing the complex issues related to biological anomalies like
cancer by applying sophisticated algorithms created to mimic human cognitive processes[1-11].

Al's potential, especially when paired with machine learning (ML), is becoming more widely acknowledged as
being essential to contemporary healthcare. Large, diverse datasets can be processed with the help of these
technologies to find patterns and insights that are hard, if not impossible, to find with conventional techniques.
Researchers and medical professionals can improve the accuracy and effectiveness of cancer detection and therapy
by applying these cutting-edge computational tools. Furthermore, new diagnostic tools that may detect diseases at
incredibly early stages have been developed as a result of recent developments in Al and ML[12-15]. Tools for
diagnosing autonomic neuropathy, which is frequently linked to a number of systemic disorders, serve as an example
of how these technologies might be used in more general medical settings (Figure 1). These developments in oncology
have great potential for early cancer detection, which would enable prompt treatments and better patient outcomes.

It is anticipated that as Al and ML develop further, their incorporation into healthcare systems will transform the
field of illness management and make them essential for promoting precision medicine and individualised treatment.

A branch of machine learning called deep learning (DL) uses artificial neural networks to automatically extract
valuable features from data. In contrast to conventional techniques, deep learning enables the creation of end-to-end
prediction models by combining feature extraction and model training into a single procedure. More thorough and precise
predictions are made possible by this method, which lessens the constraints and biases brought about by manually
created characteristics[6, 16-24].
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The capacity of deep learning to examine large and complicated datasets, revealing complex patterns and
drawing insightful conclusions that could be impossible for humans to decipher, is one of its main advantages. Deep
learning has changed the game in the field of medical imaging. These algorithms can help medical personnel locate

lesions, identify abnormalities, and provide diagnostic
support by automating the interpretation of medical (Thinkingmachines

pictures. In addition to reducing medical professionals'

burden, this improves diagnostic precision and reduces
mistakes. (-,

Numerous medical imaging tasks, including as \&periences
image classification, segmentation, lesion identification, —
and registration, have found use for deep learning ( emm meirons:
approaches.They have been effectively used to analyse a
variety of imaging modalities, including CT scans, MRIs,
and X-rays. Lung, rectal, pancreatic, stomach, prostate,
brain, and breast cancers are among the many tumors that
these technologies have shown excellent promise in
identifying[25-31].

Researchers from all across the world are paying
close attention to deep learning's enormous promise in
cancer diagnoses. It is anticipated that the technology's use in medical picture analysis will grow as it develops further.
This article offers a thorough summary of deep learning's contributions to cancer diagnosis through medical imaging,
acknowledging the significance of these
developments. It seeks to provide the most | omics Data: PATIENT
up-to-date information and techniques to
seasoned researchers who want to
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a result of this use, frequently with greater

accuracy and efficiency than with conventional techniques[26, 27, 32-36].

2.1.1. Image Classification: Medical image classification into predetermined classes, such as differentiating between
normal and diseased tissues, is a strength of deep learning algorithms. For example, medical image classification is a
common application of convolutional neural networks (CNNs), a family of deep learning models (Figure 3). In order to
find patterns suggestive of malignancy, these models examine characteristics like texture, shape, and intensity. By
categorising mammograms, chest CT scans, and MRI pictures, respectively, this has been especially helpful in the
diagnosis of cancers such as breast, lung, and brain tumors[6, 7, 33, 37-39].

2.1.2. Tumor Segmentation: In medical imaging, segmentation is an essential step for separating malignant tissues from
nearby healthy structures. Tumor boundaries in imaging modalities including CT, MRI, and PET scans can be accurately
delineated by DL-based segmentation algorithms like U-Net and its variations. These models help with treatment
planning, including identifying targets for radiation therapy, by precisely determining the area of a tumor. For instance,
segmentation aids in the visualisation of tumor areas and their infiltration into nearby brain tissues during the diagnosis
of glioblastoma[33, 40-44].

2.1.3. Lesion Detection: Finding lesions in medical imaging can be difficult, especially when the cancer is still in its early
stages and the abnormalities are typically minor and undetectable. DL models that have been trained on large datasets
are remarkably sensitive in detecting suspicious regions. For example, algorithms for the diagnosis of lung cancer can
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examine CT scans of the chest to find small nodules that might be signs of cancer. Similar to this, DL models help detect
masses and microcalcifications in mammograms that are suggestive of early-stage breast cancer[45-50].
2.1.4. Image registration: Aligning images acquired from several modalities or time points for comparative analysis is
known as image registration. By automating the alignment of datasets, DL techniques simplify this procedure and make
it simpler to track the course of a disease or the effectiveness of treatment. In the diagnosis of prostate cancer, for
instance, the alignment of MRI and PET scans aids in the integration of functional and anatomical data, offering a more
thorough comprehension of the condition[34, 51-53].
2.1.5. Radiomics and feature extraction: The extraction of radiomic features—quantitative aspects of medical imaging
that reveal underlying tumor biology—is aided by deep learning. Tumor aggressiveness, responsiveness to treatment,
and patient outcomes can all be predicted
with the use of these characteristics, which ey
include texture, shape, and intensity
distributions. By automating this extraction
procedure, DL models can reveal hidden
traits that human observers would miss[18,
34, 54-60].
2.1.6. Enhanced accuracy and workflow
efficiency: By lowering false positives and
negatives, deep learning has greatly
improved diagnostic accuracy. Additionally,
by automating repeated procedures, it
increases workflow efficiency in medical
environments. Al systems, for example, pre- '
screen mammograms in breast cancer .
screening programs, freeing up clinicians to
concentrate on the most urgent cases and
maximising their workload[51, 61-65].
2.1.7. Multimodal Analysis: DL makes it Figure 3. Digital pathology and AI/ML application.
possible to analyse several imaging
modalities at once. For instance, a more thorough understanding of lung cancer can be obtained by integrating pathology
images and CT scans. This multimodal method helps guide individualised treatment strategies by facilitating a more
thorough and accurate assessment of cancer[27].
3. Histopathology and cytology in cancer diagnosis using deep learning

Two fundamental methods for diagnosing cancer are histopathology and cytology, which use microscopic analysis
of tissue and cell samples to find cancers. Nevertheless, these techniques are frequently time-consuming, labor-inten-
sive, and dependent on pathologists' knowledge, which may result in inconsistent diagnostic precision. In this field, deep
learning (DL) has become a game-changing technique that makes it possible to analyze histopathological and cytolog-
ical data automatically, consistently, and with extreme accuracy[66-71] (Figures 3 and 4).
3.1.1. Automated tissue classification: Convolutional neural networks (CNNs), a type of deep learning algorithm, have
demonstrated remarkable success in dividing tissue samples into benign, precancerous, and malignant groups. These
models are highly accurate in identifying cancer by examining the morphological and structural characteristics of tissues.
The time needed for manual evaluation has been greatly decreased by using DL models, for instance, to differentiate
between normal and malignant areas in whole-slide images (WSIs) of breast, lung, and prostate tissue[38].
3.1.2. Subtype classification and grading: In addition to identifying the existence of cancer, DL models are able to cate-
gorize it into distinct subtypes and assign a severity rating. For example, DL has been used to distinguish between
invasive ductal carcinoma (IDC) and ductal carcinoma in situ (DCIS) in breast cancer, allowing for more individualized
treatment planning. Similar to this, algorithms evaluate Gleason patterns in prostate cancer to provide precise grades
that inform prognostic and treatment choices|[6, 33, 37-39, 72].
3.1.3. Nucleus detection and segmentation: When diagnosing cancer, the morphological features of the cell nucleus are
crucial. In histopathology slides, DL methods like U-Net and Mask R-CNN are excellent at detecting and segmenting
nuclei. These algorithms provide information on tumor heterogeneity and progression by identifying differences in nu-
clear structure, size, and density linked to malignancies. Additionally, automated nucleus segmentation makes quanti-
tative analysis easier, including the computation of mitotic indices—a critical component of tumor grading[33, 34, 39,
73].
3,1,4. Cytological analysis: Developments in DL are particularly advantageous for cytology, which is concerned with
individual cells rather than tissue architecture. Pap smears and other cytological images can be used to train algorithms
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that can detect anomalies suggestive of cervical cancer. By detecting early-stage lesions with high sensitivity and spec-
ificity, these systems help screening programs by lowering the number of false positives and negatives[33].

3.1.5. Biomarker detection and prediction: Patterns found in histopathological images are linked to genetic biomarkers,
such as IDH mutations in gliomas or HER2 status in breast cancer. To avoid the necessity for extra molecular testing,
DL models are being created to predict these indicators straight from histopathological slides. This reduces expenses
and turnaround times while also streamlining the diagnostic workflow[10, 11, 70, 74-97].

3.1.6. Tumor microenvironment analysis: By examining the interactions between cancer cells and the stromal or immune
cells that surround them, deep learning is also improving our understanding of the tumor microenvironment. DL offers
information on immune response, tumor growth, and possible treatment targets by measuring these interactions. Tumor-
infiltrating lymphocyte (TIL) spatial analysis employing DL, for example, has been connected to immunotherapy re-
sponse in a number of malignancies[1, 98-108].
3.1.7. Enhancing pathologist efficiency: By
identifying regions of interest and pre-analyzing Hit Selection Lead
slides, DL systems assist pathologists in mak- om.fn':fat.on Selection
ing decisions. Pathologists are able to concen-

trate on challenging cases, reduce workload, - eronaiie

and minimize diagnostic errors as a result. Al- < \ Drug
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4. Genomic and molecular data analysis " o “'38",;:;:*""

In order to facilitate precision oncology prediction ) Drig
and comprehend the complex mechanisms " Resistance
behind the advancement of cancer, it is Jedeten
essential to analyse genetic and molecular
data. A potent technique for handling the
enormous and intricate datasets produced by
genomic and molecular profiling methods is deep learning (DL). By using these methods, scientists and medical
professionals can find useful biomarkers, create individualised treatment plans, and gain important insights into the
biology of cancer.

Because it provides previously unheard-of insights into the biological causes of the disease, the analysis of
genomic and molecular data has emerged as a key component of contemporary cancer research and clinical practice.
Researchers can learn vital details about the processes behind cancer growth, progression, and treatment resistance
by examining the genetic and molecular makeup of tumors. These analyses change the way cancer is identified, treated,
and managed by facilitating a greater knowledge of the disease at the systems biology level. The advancement of
precision medicine is among the most important contributions made by genomic and molecular data analysis. Clinicians
can customise treatment plans to the particulars of each patient's cancer by detecting molecular markers, aberrant gene
expression patterns, and particular genetic abnormalities. For example, the development of targeted treatments that
increase treatment success while reducing adverse effects has been directed by genetic markers like EGFR mutations
in lung cancer or HER2 overexpression in breast cancer. In addition to improving patient outcomes, this individualised
strategy lessens needless treatment burdens[79, 84, 109-125].

Another crucial component of the importance of genomic and molecular data is its capacity for prediction. By
assisting in the stratification of patients according to their risk profiles and anticipated course of disease, biomarkers
obtained from such analysis can offer useful prognostic information. This makes it possible for medical professionals to
decide on follow-up care and the severity of treatment with knowledge. Predictive biomarkers can also indicate how a
patient will react to particular treatments, like immunotherapy or chemotherapy, which helps to improve treatment plans
and steer clear of ineffective ones. Analysis of genetic and molecular data is crucial for speeding up the development
of cancer drugs, in addition to its influence on clinical practice. Researchers can find possible treatment targets and
create medications that specifically block these pathways by determining the molecular causes of cancer. Additionally,
a thorough grasp of tumor biology is provided by the integration of multi-omics data, such as proteomics, metabolomics,
and genomes, which promotes the identification of new targets and combination treatments.

Analysing genomic and molecular data is crucial for comprehending tumor heterogeneity, which is a defining
feature of cancer. Different cell subpopulations with unique genetic and molecular features frequently make up tumors.
By clarifying the mechanisms underlying treatment resistance and disease recurrence, an analysis of these variances
aids in the development of solutions. Furthermore, the knowledge gathered from these studies helps to design clinical
trials, which increases the chances of trial success by allowing the selection of suitable patient groups.

Figure 4. Machine learning application and processing layout.
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To sum up, the analysis of genetic and molecular data is a game-changing tool in the fight against cancer,
propelling advancements in drug development, precision medicine, biomarker discovery, and tumor biology knowledge.
In the years to come, it has the potential to transform cancer care and improve patient outcomes through its ongoing
integration into clinical and research workflows.

4.1.1. Application of deep learning in genomic data analysis: In the analysis of genetic data, deep learning models have
proven very effective, providing new avenues for cancer research and diagnosis:

l. Mutation detection and classification: Single nucleotide variations (SNVs) and structural variants, two genetic
changes that are major causes of cancer, can be found using DL algorithms. For example, transformer-based
models and recurrent neural networks (RNNs) have been used to examine DNA sequences and find
oncogenesis-related mutations like TP53 or KRAS mutations.

Il. Biomarker discovery: DL models make it easier to find biomarkers that can be used as indicators of the
occurrence, course, or response to treatment of diseases by utilising extensive genetic information. For instance,
BRCA1/2 mutations and other clinically significant markers have been found using DL, allowing for early
detection and focused treatments for ovarian and breast malignancies.

[l Gene expression analysis: Differential gene expression patterns across cancer subtypes can be revealed by
applying DL to RNA sequencing data. These studies help identify possible therapy targets, classify tumors, and
predict prognoses.

4.1.2. Application of deep learning in molecular data analysis: To provide a more thorough understanding of cancer
biology, DL has been effectively used to molecular-level data in addition to genomes, including proteomics,
metabolomics, and epigenomics:

l. Protein structure prediction: Protein function and its role in carcinogenesis may now be understood with
unparalleled accuracy thanks to DL models like AlphaFold, which have completely changed the prediction of
protein structures[25, 126-130].

Il. Pathway modeling and analysis: Rebuilding and examining the metabolic networks and signalling pathways
linked to cancer is made possible by DL methods. This aids in clarifying the molecular processes behind the
development and spread of tumors.

Il Drug target identification: Finding new therapeutic targets is made possible by deep learning algorithms that
examine interactions between proteins and between drugs. This is especially important for creating customised
medication regimens or inhibitors for undruggable targets.

5. Application of AlI/ML in therapeutic target discovery and drug development

The combination of artificial intelligence (Al) and machine learning (ML) technologies is causing a radical change in the
drug research and development process, which has historically been linked to high prices and lengthy delays. Al is
playing a significant role in expediting and simplifying the identification of therapeutic targets and the development of
new medications, particularly with the introduction of reasonably priced next-generation sequencing (NGS) technology
and the growing accessibility of extensive cancer-related datasets. Clinical, genomic, proteomic, and imaging data are
just a few of the numerous and varied data sets that Al models can now combine to improve every step of the drug
discovery process.

5.1. Therapeutic target discovery: The way that researchers find promising drug targets is changing as a result of Al-
driven therapeutic target discovery techniques. Target identification has always depended on an understanding of
biological processes and recognised disease mechanisms, which is laborious and prone to error. Large datasets,
including gene expression profiles, protein-protein interaction networks, and clinical data, are now analysed using Al
and ML approaches to more accurately and efficiently discover possible therapeutic targets.

Tong et al., for example, used a one-class support vector machine approach to suggest potential therapeutic targets in
liver cancer research by integrating clinical data, gene expression patterns, and protein interaction networks. With an
area under the curve (AUC) of 0.88, this method produced a strong model that demonstrated Al's ability to identify
promising treatment targets from intricate biological data sets. Similarly, to anticipate proteins important in breast cancer
pathogenesis, Lopez-Cortés et al. used deep learning-based categorisation approaches and integrated multiple cancer-
related databases, including TCGA, PharmGKB, and Cancer Genome Interpreter. A number of intriguing medication
development prospects were found using this integrative technique. Additionally, programs like the DepMap Consortium
have made useful resources available, including as loss-of-function screen datasets, which have made it possible to
use Al in more ways to find therapeutic targets that are particular to cancer. Applying Al to datasets like the DepMap is
assisting in identifying the most pertinent experimental data types that should be given priority for therapy discovery, in
addition to possible targets.

5.2. Drug design and molecule generation: Al may be used for more than only finding targets; it can also be used to
create therapeutic compounds. Al has the potential to simplify the labour-intensive, iterative trial-and-error processes
that are the foundation of traditional drug design methodologies. Al-assisted in silico drug design makes it possible to
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quickly generate and optimise new drug candidates with desired physicochemical characteristics and particular target
binding affinities.
Molecular generation has benefited greatly from reinforcement learning, a branch of artificial intelligence. With this
method, a reward system provides feedback to an Al model, directing it to produce molecules that satisfy predetermined
standards. For instance, Olivecrona et al. showed how a recurrent neural network (RNN) model could produce Celecoxib
analogues and molecules devoid of sulphur when it was optimised using policy-based reinforcement learning. This
approach has a lot of potential for effectively producing new therapeutic compounds. Similar to this, You et al. created
new compounds using a graph convolutional network (GCN), a model that is especially well-suited for creating chemical
molecules. Compared to conventional 2D representations, GCNs have the benefit of being able to model molecules in
three dimensions, which enables a more realistic depiction of chemical interactions.
Additionally, drug design is using Generative Adversarial Networks (GANs), which are made up of two competing
networks (a discriminator and a generator). GANs have shown promise in generating compounds with desired
pharmacological characteristics, such as drug-likeness, solubility, and synthesizability. One such method is the MolGAN
approach. The identification and optimisation of new drug candidates has been completely transformed by these Al-
based methods, which has resulted in quicker and more focused drug development.
5.3. Drug Repurposing: An economical and successful substitute for conventional drug discovery techniques is drug
repurposing, which entails discovering novel therapeutic applications for already-approved medications. By discovering
possible new uses for medications based on gene expression patterns, chemical structural similarities, and clinical data,
artificial intelligence (Al) models—in particular, deep neural networks, or DNNs—have sped up the repurposing process.
Al may use the comprehensive transcriptional datasets from the Library of Integrated Network-Based Cellular
Signatures (LINCS), including gene perturbation profiles, to find potential candidates for drug repurposing. For instance,
Al models can find medications that reverse cancer-specific markers and recommend their repurposing in oncology by
comparing the gene expression profiles of cancer cells with those of normal cells. Repurposing candidates can be
ranked according to their structural resemblance to recognised cancer treatments, and DNNs trained on these data sets
have demonstrated promise in predicting therapeutic categories for medications (such as vasodilators and
antineoplastics).
Based on each patient's unique genetic alterations, Al also uses publicly accessible datasets, such as those from cell
viability tests like GDSC, PRISM, and NCI-60, to forecast which medications will work best for cancer patients. Using
these datasets, the CDRScan tool—an ensemble of five convolutional neural network (CNN) models—offers a
customised approach to drug repurposing by recommending the best medication for each patient. Furthermore, by
combining known clinical annotations and drug chemical structures, Al models such as DeepDR and PREDICT are
being used to find new drug-disease connections, perhaps leading to new therapeutic indications for already-approved
medications.
6. Current challenges and future perspectives in Al applications for cancer

Al has the ability to completely change the way that cancer is treated by providing revolutionary opportunities in
prevention, diagnosis, therapy, and research. Even while Al applications in the lab have shown impressive results, there
are still many obstacles to overcome before these developments can be applied in clinical settings. In order to fully
utilise Al to improve cancer outcomes, several issues must be resolved.
6.1. Challenges in data diversity and representation: For Al algorithms to produce precise predictions, large and
complete datasets are necessary. However, varied communities are frequently under-represented in contemporary
datasets. Although the differences in cancer incidence and progression by socioeconomic status, race, and gender are
well established, training datasets often contain data from certain populations, such as people with European ancestry.
Furthermore, a lot of datasets only include primary tumors, ignoring metastatic occurrences, which restricts their
usefulness for comprehending advanced cancer stages.
Due to problems like genetic drift, cell lines—which are commonly employed in preclinical research—also fall short in
reproducing the intricacies of patient-specific profiles. Although patient-derived organoids have emerged as a more
precise and reliable substitute, their incorporation into conventional research is still developing. To create Al models
that are inclusive and generalisable across populations, these gaps must be filled.
6.2. Data sharing and accessibility: The restricted availability of important datasets because of corporate limitations and
privacy concerns is another major obstacle. Although there are now more public data platforms available, private or
controlled-access datasets are still not being used to their full potential. A crucial first step in encouraging cooperation
and improving the repeatability of Al models is making sure that data repositories are open-access, standardised, and
harmonised.
In a similar vein, code sharing is crucial to reproducibility and transparency in Al-driven cancer research. Many studies
lack well-documented and annotated code, even with the advent of platforms like GitHub and Docker for sharing version-
controlled settings. Code sharing is becoming more and more required by journals, which encourages open science
and cooperative developments in Al-driven cancer treatment.
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6.3. Underutilization of electronic health records (EHR): Though their potential is yet mostly unrealised, electronic health
records are a treasure trove of patient data that capture comprehensive clinical histories. Actionable insights are difficult
to draw from EHR data because of its unstructured and inconsistent nature. These problems are starting to be addressed
by recent initiatives including standardising patient data using common data models and developing approachable
frameworks for longitudinal data visualisation. Effective use of EHR will greatly expand Al's application in predictive
analytics and personalised treatment.

6.4. Building trust among clinicians: Gaining physician trust is crucial to the complete integration of Al into clinical
practice. Quantifying and resolving uncertainty in Al predictions is one crucial issue. Prediction variability can be caused
by a variety of factors, including model bias, artefacts, and data accuracy. Creating methodical techniques to evaluate
and mitigate uncertainty will boost trust in Al-assisted decision-making.

The "black-box" aspect of deep learning models, which frequently obscures their decision-making procedures, is another
issue. To increase Al models' adoption in clinical settings, efforts must be made to improve model interpretability by
comprehending how these models process data and discovering the biological insights they disclose.

7. Future directions: prevention and personalization

In the future, prevention rather than therapy may be where Al has the biggest influence on cancer care. Thanks to
wearable technologies, electronic health records, and genetic testing, it is now possible to gather enormous volumes of
data about individual patients. Al systems can combine these data sources to provide individualised, real-time insights
into cancer risk, assisting people in implementing preventative measures.

Al may, for example, evaluate cancer risk with previously unheard-of accuracy by combining genetic predispositions
with environmental and lifestyle data. The creation of customised preventative strategies, early intervention, and even
remote patient monitoring that notifies doctors of possible problems could all be made possible by this connection.

By improving efficiency, accuracy, and personalisation in these areas, artificial intelligence is revolutionising the fields
of patient care, cancer therapy, and drug development. It has already proven that it can quickly identify therapeutic
targets, create new medications, and repurpose current therapies. Nevertheless, there are certain difficulties in
incorporating Al into clinical practice. The need for more inclusive and standardised methods is highlighted by dataset
biases, restricted access to high-quality data, and the underutilisation of electronic health records.

Furthermore, efforts must be made to increase interpretability and foster clinician trust due to the opaque nature of Al
models and the "black-box" nature of deep learning. The clinical application of Al will depend on addressing these
problems through open data sharing, reproducibility of Al models, and uncertainty quantification.

In the future, Al may be crucial in identifying cancer risk and customising preventative care, demonstrating that its
promise goes beyond therapy. Al has the ability to deliver real-time, patient-specific suggestions by combining genetic,
clinical, and environmental data, thereby completely changing the way that cancer is treated.

In conclusion, even though there are still obstacles to overcome, artificial intelligence (Al) offers enormous and
revolutionary potential in the fields of oncology and drug development. Al will become a pillar of contemporary medicine
through cooperative efforts to overcome present constraints, leading to innovations that benefit patients everywhere.
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