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ABSTRACT

Artificial intelligence is progressively spreading through the world of health, particularly in the field of oncology.
Al offers new, exciting perspectives in drug development as toxicity and efficacy can be predicted from computer-
designed active molecular structures. Their wider use is eagerly awaited as they should markedly reduce durations
and costs. Health authorities cannot neglect this new paradigm in drug development and should take the requisite
measures to include Al as a new pillar in conducting clinical research in oncology. Artificial intelligence (Al) has
strong logical reasoning ability and independent learning ability, which can simulate the thinking process of the
human brain. Al technologies such as machine learning can profoundly optimize the existing mode of anticancer
drug research. But at present Al also has its relative limitation. Artificial intelligence based on big data can extract
the hidden patterns, important information, and corresponding knowledge behind the enormous amount of data.
Anti-cancer drug design has been acknowledged as a complicated, expensive, time-consuming, and challenging
task. How to reduce the research costs and speed up the development process of anti-cancer drug designs has
become a challenging. Computer-aided drug design methods have played a major role in the development of
cancer treatments for over three decades. Recently, artificial intelligence has emerged as a powerful and promising

technology for faster, cheaper, and more effective anti-cancer drug designs.
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1. INTRODUCTION
Artificial intelligence (Al) is a set of technologies that enable computers to perform a variety of advanced functions,
including the ability tosee, understand and translate spoken and written language, analyze data, make

recommendations, and more.

Al is the backbone of innovation in modern computing, unlocking value for individuals and businesses. For
example, optical character recognition (OCR) uses Al to extract text and data from images and documents, turns
unstructured content into business-ready structured data, and unlocks valuable insights. While the specifics vary across
different Al techniques, the core principle revolves around data. Al systems learn and improve through exposure to vast

amounts of data, identifying patterns and relationships that humans may miss.

In recent years, many companies have ramped up their R&D (research and development) efforts for anti-cancer drugs.™
There is a growing number of large and long-term clinical trials providing a possible therapeutic opportunity for more
cancer patients.!”) Recently, the American Cancer Society announced that the three-year survival rate for lung cancer
from 2014 to 2021 was raised from 21% to almost 31%.5! The efficacy of targeted therapies and immunotherapeutics
has been investigated in a variety of solid tumors.” Artificial intelligence (Al) refers to the intelligence shown by
machines made by humans. It is a comprehensive science including computer science, cybernetics, neurophysiology,
psychology, and linguistics. Al is believed to have been born at the Dartmouth conference in 1956. After decades of
vigorous development, the meaning of Al continues to expand, and it has become the general name of artificial neural
networks, machine learning, deep learning and other technologies.™ Deep learning, an important branch of AL.""! As
one of the cutting-edge cancer treatments, targeted drug therapy has the advantages of high efficiency, few side effects,
and low drug resistance for patients.[”? However, there are several drawbacks to the existing targeted therapies, such as
a few druggable targets® ineffective Coverage of the patient population, and the lack of alternative responses to drug

resistance in patients.[”

Therefore, identifying novel therapeutic targets and evaluating their druggability.*¥ The current cancer research focus
of targeted drug therapy. Since we have difficulty in comprehensively understanding the pathogenesis of cancer due to
the complexity of the disease." As a result, these therapies could have undesired impacts on normal tissues and even
provoke serious side effects for patients.'***! Over the past few decades, we have sa fast development of artificial
intelligence biology analysis algorithms. To make this study easy to understand, we not only divide these artificial
intelligence algorithms into network-based biology analysis algorithm and machine learning-based (ML-based) biology
analysis algorithm according to the data of biological network structure, but also employ Fig. 1 to describe the

historical milestone for these artificial intelligence biology analysis algorithms.
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The historical milestone of artificial intelligence
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Fig. 1: The historical milestones of network-based and ML-based biology analysis.

On the onehand, network-based biology analysis algorithms provide a variety of alternative network approaches to
identify cancer targets. More importantly, various network-based biology analysis algorithms can investigate network
data from different perspectives, therefore they can compensate each other to provide accurate biological
explanations.” On the other hand, ML-based biology analysis®*>***" not only can efficienly handle high throughput,
heterogeneous, and complex molecular data, but also can mine the feature or relationship in the biological networks.
Thus, we should develop more ML-based biology analysis algorithms to provide such advanced biology analyses that
can allow precise target identification and drug discovery for cancer. Cancer is a generic term for a broad category of
disease that occurs due to the transformation of normal cells into tumor cells comprising of multi-stage progress from
cancerous lesions to malignancy. Over a million cancer incidences are reported yearly, leading to high mortality
rates.[*®!

Conventional cancer treatment involves surgical procedures for cancer in a localized stage, followed by radiation
therapy and chemotherapy for advanced stages of cancer.'! Nanotechnology plays a vital role in developing modern
drug delivery systems as natural compounds are now being investigated for treating cancer and several other microbial
and inflammatory diseases.’®®?) Employing nanotechnology enables the application of nanostructures and other
curative agents developed at a nanoscale level for nanomedicine. The field of biomedicine encompasses
nanobiotechnology, drug delivery, biosensors, and tissue engineering, which are significantly influenced by the use of
NPs.”2 In the past decade, several advances have been witnessed in nanotechnology, and possible fabrication,
characterization, and modifications of NPs functional properties are now implemented for medical diagnosis and
biomedical applications.”®) NPs comprise materials designed at an atomic and molecular level, resulting in smaller
nanospheres. Hence, nanoscale-sized particles can navigate freely in the human body compared to more extensive
materials.” Cancer treatment is challenging as there are various cancer biomarkers, and each patient has a distinct
molecular profile. This diversity is apparent in different cancer types as patients have unique molecular signatures and

distinct driver mutations leading to tumor heterogeneity which is a critical challenge in cancer treatment. !>
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Figure 2: Nanoparticles for drug delivery. (Reprinted from “Nanoparticle-Mediated Targeted Drug Delivery to
Cancer Stem Cells by Bio Render”, June 2020.

The advances in Al and its potential contribution to bionanotechnology present a unique opportunity to realize its full
potential in precision medicine for cancer diagnosis and treatment. This is because Al has immense capabilities for
automation and faster patient analysis of complex disease information by faster processing of complex medical data

and delivering accurate results, thereby improving treatment outcomes.

The complete approach for drug design and discovery comprises target recognition, hit exploration, hit-to-lead
development, lead optimization, preclinical drug candidate identification, and preclinical and clinical research.
Conferring to statistics, the mean research and development (R&D) period generally take 10-17 years for developing a
new form of drugs prescribed.*”! Artificial intelligence in drug discovery and development.Drug Discov. Today (2021)
In addition to substantial time and cost factors concerning the development of modern minute molecular
pharmaceuticals, the ratio of success for developing these drugs are below 10%.2” Computerized drug molecule design
approaches provide wise supervision for drug design and discovery accompanied by decreased costs with improved
productivity. Subsequently, the present context of higher costs, large threat, and long periods that is depicted by drug
industries will be reformed.”® The continuous progression in innovative computing technologies could transform

design and discovery of drugs with remarkable success rates.

According to FDA's illustrations®® the discovery and development of drug have five phases: (i) drug discovery and
development: new drug is tested from the perception of disease mechanisms and its effects on molecular compounds;
(ii) preclinical research: new drug is tested in various test centers, and experiments are done with animals to
acknowledge the reliability and challenges; (iii) clinical research: various phases of clinical experiments are done to
check the new drug on people for analyzing its reliability and success rates; (iv) FDA review: FDA organizations
analyze the details of new drug and make a result to sanction or not; and (v) post-marketing research:
pharmacosurveillance and performance comparison research is done to monitor the safety of drugs. In modern era,
artificial intelligence (Al) is one of the innovative technologies for drug design and discovery. Al is the simulation of
digital computers or machines to perform decision-making and problem-solving tasks that are usually associated with a

human mind. It has various methods for processing the data which enables devices and computers to train human
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intellectual skills through experiences in handling complex data challenges. Conventional computational techniques
process data operations manually and are further utilized for optimizing tasks that are complex for human insight (e.g.,
performing testing on all drug-dose combinations). Later, the tasks which are non-trivial to identify are incorporated
with Al through small-scale commands, such as identification and classification of cancer.Cancer is a severe threat to
human health with a high mortality and a rising incidence rate.’ Several types of cancer can be cured if they are

diagnosed and treated early.

However, the treatment of cancer is not ideal at present. Cancer mortality rates remain high and continue to rise,
including for prostate, colorectal, and cervical cancer.® These tumors lack effectivescreening and treatment methods,
resulting in patients not getting timely and effective treatment. Secondly, the heterogeneity of tumors is high, which can
create great challenges in their treatment.*? Therefore, new diagnostic and treatment methods that are tailored to
individual patients are needed. Precision medicine (PM) is a promising approach that takes individual genetics,
environment and lifestyle into account and concentrates on clarifying, diagnosing and treating diseases to create a
customized treatment plan for patients through obtaining multi-omics or multi-mode information from individuals.?*!
Tumors are generally caught sight of in the following two situations: one is the screening of high-risk groups.*” Based
on these results, tumors will be accurately diagnosed, staged, and classified to help the patients benefit from precision
treatment. Al can play a part in tumor prevention, screening, diagnosis, treatment, and prognosis predication.**¥ In
addition; a framework diagram (Figure 3) is added to this article, which shows a series of processes from the discovery

of tumor patients to the end of their diagnosis, treatment, and the changes that Al can bring.

Geople with clinical symptoms) High risk group

Routine inspection Screening
Al: Improve the
ability to detect
Al: Telemedicine, health &
management
‘ yes Nno ‘
A Al: Achieve mare accurate . 5
clarify diagnosis [— " . 3 Al Telemedicine, health Other diseases;
diagnosis than clinicians management [ Regular physical examination
bolemant baatnsnt’ e Al: Provide doctors with
P == the best treatment pian

Figure 3: Possible changes caused by Al injection into clinical practice.

With the development of next-generation sequencing (NGS) technology, omics data, such as genomics, proteomics and
transcriptomics, have been accumulated.™ In the present review, we first introduced the application of Al in omics,
and then in pathology and medical imaging, and expanded on how these applications assist PM. Finally, we described

the challenges and future directions of Al assisted PM for tumors.
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Figure 4: Application prospect of Al in tumor.

Acrtificial intelligence (Al) is concretely reshaping our lives and it is time to understand its evolution and achievements
to model future development strategies. This is true also for oncology and related fields, where Al is now opening new
important opportunities for improving the management of cancer patients, as will be highlighted in this perspective

paper.

In 1950, Alan Turing was the first that conceives the idea of using computers to mimic intelligent behaviour and critical
thinking.[*’ The human body comprises trillions of cells, and the chance of occurrence of cancer in any part of it is
fairly significant. Non-communicable diseases (NCDs) are now a major cause of global deaths, and cancer is expected
to top the ranked list of leading causes of deaths in every country.” Cancer incidences and mortality are rapidly
growing worldwide.'*®! As per the report of the World Health Organization (WHO) in 2015, cancer is one of the
topmost ranking causes of death before the age group of 70-75 years in 91 countries out of 172 and holds the third or
possibly fourth position in 22 other countries. One of the major factors that play a vital role in tackling cancer is its
early detection and prompts diagnosis. There are different imaging techniques available for cancer screening and
diagnosis among which the investigative methods that top the list are mammography, ultrasound, and thermography.
Mammography is one of the most important early diagnostic methods for breast cancer but it is not very successful for
dense breasts. For this reason, ultrasound or diagnostic sonographic techniques are recommended.™? In recent years,
technological advancement in medical imaging as well as the discovery of minimally invasive biomarkers have shown
possibilities of curbing such challenges across a wide spectrum including detection of cancer, therapeutics and
monitoring techniques. However, one of the major challenges lies in the interpretation of the large volume of data being
generated by such advancements.

2. Artificial Intelligence in Anti-Cancer Drug Target Identification
The identification of drug—target interactions (DTIs) is the initial step in anti-cancer drug design. The strength of drug—

target binding is often described by binding affinity constants, including indicators such as a dissociation constant (Kd),
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an inhibition constant (Ki), and a half-maximal inhibitory concentration (1C50).*! Since the experimental
determination of DTIs is a time-consuming and expensive process, its computational prediction is of great interest.

Accurate and effective DTI predictions can greatly aid drug development and accelerate comp92-94 discovery.

2.1. Artificial Intelligence Efficiently Elevates the Prediction Accuracy of DTI

Traditionally, the computational methods for DTI predictions have included molecular docking simulation and machine
learning-based methods. However, these studies would be expensive, time-consuming, and difficult to conduct without
knowing the 3D structures of the drug targets. Peng et al. developed a novel end-to-end learning framework based on
heterogeneous graph convolutional networks (EEG)-DTI for DTI predictions. A graph convolutional network-based
model was used to learn the low-dimensional feature representations of drugs and targets and predict the DTI based on
the learned features. It achieved a promising DTI prediction performance even when the 3D structures of the drug
targets were not used.[*®! Meanwhile, to address the explanation problem of deep learning, Yang et al. proposed a drug—
target interaction prediction method based on mutual learning mechanisms without 3D structural information and with
explanation.*’!

2.2. Artificial Intelligence Could Integrate Data from Multiple Sources to Help with Anti-Drug Target
Identification

Drug target identification is a key step in drug development. However, most previous studies were confined to a single
data type and did not integrate multiple data types. Thus, they were vulnerable to data-specific noise and needed to be

18] Recently, there has been a growing number of methods within

improved in terms of practicality and accuracy.
similarity-based or data-driven frameworks that attempt to use artificial intelligence to improve the predictive power by
integrating multiple different data types. Madhukar et al. developed a Bayesian-based machine learning method
(BANDIT), which achieved approximately 90% target prediction accuracy on more than 2000 small molecules by
integrating six types of data, including growth inhibition data, gene expression data, adverse reaction data, chemical
structure data, and drug data.”®! Proposed a method named DDR to investigate how to predict drug—target interactions
more efficiently by using data from different sources, which included eight drug similarity networks and eight target
similarity networks. The drug similarity networks included the following: gene expression similarity, disease-based
similarity, drug side effect-based similarity, chemical structure fingerprint-based similarity, etc. The target similarity
networks included the following: gene ontology-based similarity, protein sequence-based similarity, etc.®™ The above
studies illustrated that integrating data from multiple sources through artificial intelligence could increase the biological

explanation of drug target prediction and prediction accuracy.

2.3. Artificial Intelligence Could Help Predict the Druggability of Anti-Cancer Drug Targets

The selection of drug targets is also a very critical step in the cancer drug design process, and it has a great impact on
the success rate of later clinical trials. Therefore, many related methods were developed. Raies et al. proposed a
prediction model called Drugnome Al to address the problem of targeted drug synthesis. The stochastic semi-
supervised machine learning framework was used to develop Drugnome Al for predicting the druggability of drug
targets in the human exome. It also demonstrated how the application of Drugnome Al can predict the druggability of

drug targets in oncology diseases.®"
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3. Al and anticancer drug development

Al can be used to predict anti-cancer drug activity or assist in anti-cancer drug development. Different cancers and the
same drugs may have different reaction modes, and data from high-through put screening procedures often reveal the
relationship between genomic variability of cancer cells and drugactivity Lindetal.® Developed a drug sensitivity
prediction model based on a machine learning model called elastic net regression. Machine Learning Models Were
Proved To Successfully predict the drug sensitivity of patients with ovary an cancer.®® These patients predicted by the
model to be resistant include ovary an cancer patients treated with tamoxifen, gastric cancer patients treated with 5FU
and endometrial cancer patients treated paclitaxel. All of these patients were proved to have poor prognosis. This study
shows that artificial intelligence has great potential in predicting the sensitivity of anticancer drugs. Al also plays a

r.B4 Al can quickly understand how cancer cells become resistant

prominent role in addressing drug resistance in cance
to cancer drugs by learning and analyzing data on large drug-resistant cancer, which can help improve drug

development and adjust drug use. Figure (5)
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Fig. 5: The applications of Al in tumors.

The Al could improve cancer imaging, cancer screening and diagnosis, cancer treatment and cancer drugs and other

fields. Al can promote cancer research and clinical practice.

At present, the most mature application of Al in the field of cancer should be cancer imaging. Some excellent
performances of Al fittheneeds of medical imaging, and the combination of the two can promote the progress of cancer
research.

3.1. Al and chemotherapy
In the field of cancer chemotherapy, Al focuses more on the response between drugs and patients. The main application
achievements of Al include management of chemotherapy drug use, prediction of chemotherapy drug tolerance and

optimization of chemotherapy program.®® Al can perfect and accelerate the optimization process of combined
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chemotherapy. In one study, the researchers successfully determined the optimal dose ofzen-3694and enzalutamide by
using "CURATE. AI" (anartificial intelligence platform created by National University of Singapore using deep
learning and other technologies), thus improving the efficacy and tolerance of the combined treatment (56) developed a
machine learning algorithm that can predict the tolerance of breast cancer to chemotherapy. The study, which explored
the relationship between chemotherapy drugs and patients' genes, was able to distinguish between the effects of two
chemotherapy drugs, taxolor gemcitabine. In addition, studies have shown that deep learning method is significantly
better than the Epstein-Barr Virus-DNA-based model in risk stratification and guidance of induction chemotherapy for
naso-pharyngeal carcinoma.®” It means that the guiding role of deep learning method can be used as a potential

indicator to predict single induction chemotherapy for advanced nasopharyngeal carcinoma.®®

3.2. Al and radiotherapy

In the course of cancer radiotherapy, the application of Al technology more specific Al can help radiologists map out
target or automatically plan radiation regimens for treatment’® used the three-dimensional convolutional neural
network (3DCNN) to achieve automatic delineation of nasopharyngeal carcinoma, with an accuracy of 79%, which is
comparable to that of radio therapy specialists. Cha et al.®®® combined deep learning technology with radiomics (a
method of extracting image features from radiographic images) to build a predictive model that can evaluate the
response to treatment of bladder cancer. Babier et al.®.developed automations based on deep earning technology that
reduced the time it took to plan radiation therapy to just a few hours. The treatment plan generated by he Al software is

comparable to patients' conventional treatment plan and the time is greatly reduced (Fig.6).
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Fig. 6: Automatic delineation of tumors and organs at risk.

The application of Al in cancer radiotherapy mainly includes cancer target area, the delineation of organs at risk, and
the automatic formulation of radiotherapy plans. The Al system can automatically realize the intelligent delineation of
radiative images without manual registration, interpolation, and other operations. In addition, Al can directly predict
three-dimensional dose distributions based on mapped organs and target areas, automating more personalized

treatments.
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3.3 Al and immunotherapy

In the application of cancer immunotherapy, Al mainly focuses on evaluating the treatment effect and helping
physicians adjust the treatment plan.®? Developed an Al platform based on machine learning to accurately predict the
therapeutic effect of programmed cell death protein 1 (PD-1) inhibitors. This platform can effectively evaluate the
effect of immunotherapy in patients with advanced solid tumors who are sensitive to PD-1 inhibitors. Bulik-
Sullivanetall.™ Developed a machine learning method based on a human leukocyte antigen (HLA) mass spectrometry
database, which can improve the identification of cancer neoantigens and improve the efficacy of cancer
immunotherapy.

4. Targeted drug delivery methods for cancer treatment

Over the past decades, there have been several advances and successes in cancer treatments. Due to an improved
understanding of carcinogenesis processes, cell biology, and tumor microenvironment.™ However, cancer is a
complex disease; therefore, many types of cancer still have a high fatality rate. Targeted drug delivery in this context is
highly critical for improving the survival rates of cancer patients with information that can ensure the accurate delivery
of anticancer drugs.® In addition, drug targeting helps to define the selective release of cancer drugs at the specific
tumor site with a higher pharmacological impact. Two targeting methods can be achieved using NPs: active Machine
development.®®l.In passive targeting, localization of NPs is best achieved for the organ of interest within the tumor
microenvironment, whereas active targeting allows for identifying the uptake levels of NPs by the tumor cells.®"!
(see Figure 7).

Through the revolutionization of artificial intelligence(Al) technologies in clinical research, significant improvement is
observed in diagnosis of cancer. Utilization of these Al technologies, such as machine and deep learning, is imperative
for the discovery of novel anticancer drugs and improves existing. However, building a model for complicated cancers
and their types remains a challenge due to the lack of effective therapeutics that hinders the establishment of effective

computational tools.

Nanoparticle-Mediated Targeted Drug Delivery to Cancer Stem Cells (CSCs)

Delivery Platforms: Delivery Mechanism:
@ Gold nancsphares ) Active Targeting of CSCs Stimuli-Resp: i Drug Rel
o & % . )
[~ " o L 3 A
> el % . : ,’O R . .
B °
@ ® L  GE CSC marker 7 v Stimulus p v ® ©
-‘/_ —_ - -
® \ = N @ :
o Targsting ® 2 ,,/L . External Stimuli Internal Stimuli
& — . Moiety S :
Gold nanorods Kg . ;-ﬂ \ @ : & (C( s
T T Generic N & - P 49 @ .
< Nanoparticle v \\' : Heat Ultrasound pH Redox
< < X Linker chain — ‘( ? :
> & b < _ Cancer Stem / H 9 .: B
= N Cell (CSC) L% F 5, L —
S = '@ v | chemotherapeutic I Light Magnetic Enzyme
J\ l Differentiated N H field activity
— Tumor Cell *
@ Carbon nanotubes @ Nanogels @ Polymeric @ Polymeric @ Liposomes
nanoparticles micelles
< = 2. < 2 TS 5 >
oo - = :
2 2 2 - - §

Fig 7: Nanoparticles mediated targeted drug delivery for cancer treatment.
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4.1 .Al methods for cancer imaging

Recent empowerment and analysis in cancer imaging help to visualize tumor dissemination, screening of compound
effects, multiple biological features of a cell, staging, and cancer treatment decision. Which are utilized for
revolutionizing drug discovery. Radiomics and Al is an ideal platform for breast image analysis since it deals with
various applications including breast cancer risk prognosis, lesion spotting and classifying, radiogenomics, and
predicting medical results.

4.2 Anticancer drug design and discovery using Al

Al and its technologies have made a huge impact in multiple facets of cancer research. The complexity of drug synergy
research relies on estimating broad range of drug combinations with broad range of drugs taken for estimations, which
is rapidly evolving through the broad range of cancer types and dosages of drugs. A potential drug combination was
discovered based on clinical research, which usually consumes more time and cost, and when the solution is not

feasible, treatments may cause side.

4.3. Artificial Intelligence in pathology assists the accurate diagnosis of tumors

Pathological analysis is considered the gold standard of the clinical diagnosis of tumor.’® However, the current
shortage of clinical pathologists and their reliance on subjective consciousness for diagnosis leads to low repeatability
and unequal diagnostic levels of clinical pathologists, which is not helpful for clinicians’ decision-making with regards
to treatment.’® Computational pathology has seen significant developments from the use of improved Al algorithms
and computing power.
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® IHC Screen
) . . Diagnosis
o igital pathological
% gita pEIIOd Al Treatment
E image Predict changes at the molecular level
g X-ray Prediction of surgical margin range
) CT Prognosis prediction
§ MRI
PET/CT
usS
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Figure 8: The role of Al in the digital pathological.

4.4. Al assists radiologists in accurately diagnosing tumors

Al has three main tasks in tumor imaging: Detecting, characterizing and monitoring tumors.["® Detection refers to the
location of the region of interest in the image. Characterization includes tumor diagnosis, and staging. Monitoring
refers to the monitoring of the changes in tumors with time. The process of ML-assisted tumor detection and
diagnosis is as follows: Image data acquisition, image preprocessing, segmentation of regions of interest, feature

selection, establishing the model and carrying out training, verification and testing.™
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5. Future perspectives

A comprehensive overview on current applications of Al in oncology-related areas is provided, specifically describing
the Al-based devices that have already obtained the official approval to enter into clinical practice. Starting from its
birth, Al demonstrated its cross-cutting importance in all scientific branches, showing an impressive growth potential

for the future. As highlighted in this study, this growth has interested also oncology and related specialties.

6. Applications of Al in Cancer

Al in Lung Cancer:; Biomedical imaging and ML provided a new dimension to research. The initial stage of lung cancer
detection is always important. ML added new features and possibilities to enhance lung cancer diagnosis and tracking
treatment response. Various models are being designed to propagate the initial stage of detection and enable Al to

meaningfully categorize lung nodules into two classes namely benign or malignant.!”!

Al in Breast Cancer: A statistical report says, among the various cancers, breast cancer is the most frequently diagnosed

cancer.["

Al in CNS Tumor: CNS tumors occurrence present itself with a large spectrum in the field of pathology and are
possibly more diverse with respect to any other tumors in the human body. This wide range of diagnoses demands a
very unigue and accurate estimation of imaging modalities. One of the most important biomarkers that aid in
determining the prognosis in CNS tumors is Isocitrate Dehydrogenase (IDH). The changes in the presence of IDH
mutation can be effectively recognized using machine learning methods including deep CNNs trained on conventional

MR images.”>"®

7. Limitations and Future prospects of Al in cancer

Al is continuing to prove its potential and efficacy in various stages of disease confronting such as early detection,
treatment planning and prediction of future outcomes. Despite the increased advancements being made in Al and its
applications in oncology, there are numerous limitations and setbacks that needs to be addressed. Few of them include
issues with data access, generalizability, developing real-world applications, interpretation issues, ‘black box’ problem,
and challenges pertaining to education and expertise in the field. Although various literature evidences have proved Al
to be efficient in diagnosing and outcome prediction of various cancers, the generalizability of the said Al application
needs to be validated, as most studies would be confined to a particular disease type in a specific population, with data
being obtained from a particular institution/repository. Efforts needs to be made in terms of promoting medical data
sharing among institutes and carrying out multiple external validations. Numerous attempts are being carried out in
developing real world applications, however, Al training is a data-hungry method requiring a multi-faceted approach
from all the institutions worldwide. One of the other major challenges that’s being currently faced while using Al in
medical domain, is trying to interpret as to how Al model came up with the solution. This limitation in the ability to

precisely understand the logic behind these algorithms is termed as the “black box” problem.

Avrtificial Intelligence used in anticancer drug development

Artificial intelligence (Al) is used in many ways to improve the development and use of anticancer drugs, including:
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Predicting patient response
Al tools can predict how a patient's cancer will respond to a specific drug by analyzing data from individual cells

within tumors.

Understanding drug resistance
Al can help identify how cancer cells become resistant to drugs, which can help improve drug development and use.

Identifying tumor neoantigens
Al can help identify tumor neoantigens, which can improve the efficacy of tumor immunotherapy.

Managing chemotherapy
Al can help manage the use of chemotherapy drugs, including predicting how well a patient will tolerate them.

Designing drug combinations
Al can help design combinations of drugs with different targets and pathways.

Predicting patient survival
Al tools like chief can predict patient survival and the risk of death.

In silico clinical trials
Al-based in silico clinical trials are still in the early stages, but they could significantly reduce the cost and duration of

clinical trials

Avrtificial Intelligence works on anticancer drug development
Acrtificial intelligence (Al) is helping to improve anticancer drug development in several ways, including

Identifying drug targets: Al can analyze large amounts of data to identify novel targets for anticancer drugs.
Predicting drug efficacy and toxicity: Al can predict the efficacy and toxicity of drugs from their computer-designed
molecular structures.

Improving drug combinations: Al can help design drug combinations that target different pathways.

Understanding drug resistance: Al can help identify how cancer cells become resistant to drugs, which can help
improve drug development.

Predicting patient survival: Al tools can predict patient survival and the risk of death.

Improving chemotherapy regimens: Al can help manage chemotherapy drugs and predict how well patients will
tolerate them.

Planning radiation treatment: Al can help radiologists map target areas and plan radiation treatment programs.

Avrtificial intelligence (Al) can be used in many ways in the pharmaceutical industry

Drug discovery: Al can help predict a drug's bioactivity by analyzing data on known compounds. Al can also help
speed up the process of discovering new drugs, reducing the time it takes from 5-6 years to just one year.

Quality control: Al can monitor dosage, temperature, and ingredient types to help maintain product integrity
throughout the supply chain.

Manufacturing: Al can help streamline biopharma manufacturing.
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Clinical trials: Al can help improve the flow of clinical trial data.

Supply chain: Al can help enable self-healing supply chain applications.

Patient education: Al can help patients learn how and when to take their medication, and how to adhere to their
treatment plan.

Healthcare collaboration: Al can help improve collaboration between different healthcare services for a single
patient.

Precision medicine: Al can help cluster patients based on predictive factors to improve patient selection for clinical

development.

CONCLUSION

Al has shown promising results in certain fields of oncology, including tumor screening, detection, diagnosis, treatment,
and prognosis prediction. With the progress of Al, the improvement of computer performance, and the explosive
growth of various data, new learning methods, such as the hybrid learning method, will continue to emerge, further
improving the overall performance of the model, such as efficient data analysis and accurate prediction. The recent
model generated by the ML and DL that can analyze various data sets will also improve the prospects of PM. In
conclusion, Al-assisted PM can help detect, diagnose and treat cancer early, as well as assist in the selection of the best

treatment scheme, consequently improving the prognosis of patients and improving their treatment results.
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