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Abstract

Medicine is quickly transitioning as artificial intelligence (Al) adopts the new and improved type of machine learning for better
diagnosis and treatment of diseases in the various sub-specialties of practice. The enhancement of computation rate raises the
potential of Al algorithms and their value for multiple domains like radiology, where some experts suppose that Al can replace
radiologists. These questions are essential when determining whether specific Al applications will eventually replace doctors or
only assist them in their work within specific medical specialties. This paper ponders the iridescent role of Al in clinical trials and
how its drug invention process will result from innovative learning in the future. The technology engages the role of Al in clinical
decision support, the latest developments in precision medicine, and the prediction of drug properties and active ingredients. The
paper showcases Al contributions to remodeling clinical trial designs and model exchange and using Al to carry out the
intervention. Among other things, it speaks about Al in the acquisition of the EHR, in the course of authorization of the trial, and
in addressing some of the significant challenges such as data availability and perpetual vigilance. In addition, a few discussions
concerning clinical Al algorithm errors and the defects of conventional trial procedures are also incorporated at the end of the
paper to portray the role of Al in present clinical research more sharply.
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1. Introduction

The term Al was invented in 1955 [1]. In common practice,
Al is a computational process, and the CS branch studies how
to get machines to exhibit ‘intelligent behavior.” Most works
indicate that Al will gradually be accepted and valued as an
effective solution to numerous problems concerning
healthcare management. Notably, the market for artificial
intelligence clinical trial solutions for patients globally is

predicted to be USD 1,969 million by 2030. Analyses predict
that  clinical research and  development's  sec-
ond-fastest-growing discipline will increase at a CAGR of
22.0% between 2023 and 2030, as illustrated in Figure 1
below. Forecasts indicate that clinical research and develop-
ment, the second fastest-growing discipline, will have an
annual growth rate (CAGR) of 22.0% between 2023 and 2030,
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as shown in Figure 1. The creation of Al-based technologies
for medical purposes has positively impacted the clinical
research process and will only advance further. DL, NLP, ML,

Deep Learning Process

To creating computers
that uses NL as input

Learning based on

deep neural network output

Robotic automation

Focuses on imitating
human behaviour &

reasoning to solve
complex problem

Neural network

Teaches computer to
process data in a way
inspired by human brain

Software robots
running on physical or
virtual machines

Cognitive Science, Robotic Automation, Automated Rea-
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tute eight Al sciences (overlapping Figure 1) [2].
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Figure 1. Science encompasses all aspects of Artificial Intelligence. [3].

Background

The most current use of Al in global healthcare is predict-
ing new hotspots using contact tracing and aircraft passenger
data to combat the coronavirus (COVID-19) pandemic.
Government officials employ contact tracing as a disease
control strategy to stop the spread of an illness. Touch tracing
involves contacting others who have come into contact with
an infected person, alerting them, and giving them quarantine
instructions to prevent the disease from spreading. According
to Apple Newsroom, tech behemoths like Apple and Google
have teamed up to develop a contact tracking platform to
leverage artificial intelligence technologies via smartphone
application programming interfaces (APIs) [4]. A Canadian
company creates software that reduces the likelihood of in-
fectious disease epidemics. It correctly predicted the global
spread of COVID-19 and was the first to publish a scientific
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report on the virus. The business uses cutting-edge methods,
including automated infectious disease surveillance, machine
learning, and natural language processing (NLP). It can
forecast and monitor future outbreaks by evaluating millions
of articles daily from 65+ nations, as well as travel infor-
mation, temperature, airline routes, climate changes, and local
livestock data [5]. In [6], they discussed the application of Al
in education and the current personalized learning system,
smart material consumption, the pervasive uses of Al and how
these have been used to benefit student needs, focusing on the
context of the USA. Al is becoming an increasingly essential
part of medicine today and will continue to grow in its ap-
plications to the field include patient diagnosis, drug research
and discovery, improving patient-physician interactions,
transcribing medical records and prescriptions, and providing
remote treatment discussed in [7].
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Figure 2. Global pipeline of Al bringing success in clinical trial [8].

Al has been instrumental in minimizing guesswork and
exhausting manual efforts to determine the ideal clinical trial
eligibility criteria. Trial Pathfinder is used in Roche, Genen-
tech, and AstraZeneca, and Sun’s lab has built AutoTrial,
which uses a large language model to generate appropriate
trial criteria for a description. After eligibility criteria have
been defined, other tools, such as Criteria2Query, developed
by Chunhua Weng’s lab, assist in identifying patients to in-
clude in a study by translating criteria into actual SQL queries.
Weng has also developed other tools, such as DQueST and
TrialGPT, which provide helpful information to the patients
by limiting the search and analyzing the compatibility of the
trials. Al accelerates clinical research improvement and helps
expand the patient population to include those previously left
out of trials due to age, such as children and older people. Al
also assists patients with complicated diseases and terminal
illnesses in finding trials. Also, the number of control patients
is minimized using the method of a digital twin introduced by
the start-up Unlearn. Digital twins use an early dataset to
create an experimental patient and forecast a result. Hereby,
the density of the control group can be cut down by 20-50%,
which is helpful for researchers and patients as the likelihood
of receiving a placebo can also be curbed [8].

Recently, in 2020, based on deep learning, a phase I clinical
trial of over 7000 drugs was carried out and advanced to the
regulatory submission phase. This is 3000 drugs more than
that stated success rate cutting across in 2007. Indeed, for the
last 15 years, the situation has remained the same: the US
maintains its leadership above 40% share in the global R&D
line. IQVIA pinpointed that one biotechnological firm estab-
lished in Durham, North Carolina, has its headquarters in
China, and from the year 2007 to 2022, the proportion of the
business increased from 2% to 15%.
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This paper makes a unique and highly valuable contribution
to the knowledge of how and to what extent Al is reshaping
clinical trials and the entire sphere of healthcare. In doing so,
it offers a broad perspective on how these innovations benefit
success in trial outcomes, thereby presenting a pipeline of Al
technologies in clinical trials worldwide. Note that the article
focuses on the importance of the Al approach to identifying
new drugs and their properties, which improves the accuracy
of clinical decisions and guarantees individualized therapeutic
approaches.

Moreover, the paper highlights the communication aspects
that need to be embraced within clinical trials, particularly in
model exchange. Such an approach implies integrating sev-
eral Al tools, which results in the best possible outcomes for
trial proceedings and higher accuracy. Another new theme
focuses on how Al enables the redesign of clinical trials,
enhancing the previous and new clinical trial paradigms for
the new personalized medicine paradigm.

The paper also comprehensively explains Al's current and
future possibilities in healthcare, starting with innovative
clinical trials and ending with precision medicine. It under-
lines how Al continues to evolve in mining relevant infor-
mation from Electronic Health Records (EHRS), patient tri-
aging and drug approval, and efficacy and toxicity prediction.

At the same time, the paper is devoted to stimulating op-
portunities for applying Al and answering severe questions,
such as the mistakes of clinical Al algorithms or classical
clinical trial problems. It provides continuity regarding mon-
itoring Al and data availability, an essential perspective for
enhancing Al implementation while stressing the importance
of data quality and validation.

This paper's study involves doctors researching patients
from different countries worldwide. Thus, each part of the
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study has a different demographic and environmental setup.
The legal and ethical aspects vary according to the govern-
ment in which the research is conducted. Since this is a
worldwide study, each country has different legal and ethical
issues. This paper's research uses Al tools like the Electrical
Health Record (EHR) and many other ML and NLP-based
tools.

2. Methodology

This paper uses a qualitative approach to investigate how
Al changes clinical research. It focuses on systematically
evaluating and analyzing the body of current literature. The
technique draws on these breakthroughs' theoretical and
practical implications and is similar to other research on in-
tegrating Al in healthcare and clinical settings.

3. Clinical Decision Assistance and
Precision Medicine

Personalized therapy, or precise or tailored therapy, is a
therapeutic strategy that individualizes treatments according
to the necessities of the individual's body and characteristics.
These include genetics, lifestyle, environment, and bi-
omarkers [9]. This patient-specific approach was developed
because traditional treatment methods are costly,
time-consuming, and less effective. It enables clinicians to
make correct decisions and administer the proper treatment.

So far, we can see that Al is emerging as a valuable tech-
nology to support precise medicine using accurate data anal-
ysis. Even in personalized treatments, it can track down pa-
tient medication response [10]. For instance, while embracing
data gathered from gene expression, it has been established
that Al can predict chemotherapy to chemical compounds
with accuracy rates of more than 80 percent for various drugs.

Similarly, empirical studies employing EHR have demon-
strated that Al can accurately anticipate antidepressant out-
comes, calling for the further adoption of clinical support
decision systems to improve patient anticipation. Imple-
menting Al in the healthcare sector can enhance patient health
and increase the success rate in the healthcare system [11, 12].

Although ML and genome analysis have improved treatment
response and prediction, prospective and retrospective clinical
research is necessary [9]. These studies require quire-creating
sets, which are nevertheless needed to provide insight into the
performance of Al algorithms in real-life clinical environments
and facilitate the improvement of artificial intelligence-based
clinical decision support systems.

4. Predicting Drug Properties and
Activities

Knowledge of drug molecules' properties and activity is
crucial for their characterization within the context of the
human body. ML methods have been used to predict ADME
and physiochemical properties of drug-like compounds, as
shown in Figure 3. ChEMBL & PubChem, for instance,
boasts billions of records on the molecules, which are utilized
when developing drug discovery machine learning systems.
For example, Convolutional Neural Networks (CNNSs) pro-
vide molecular fingerprints for molecular graphs and output
solubility and biological activity. These models can also pre-
dict new features and select the molecules with the desired
features. Toxicity is also indicated using machine learning,
including DeepTox to measure the toxic impact of compounds
or MoleculeNet to compute toxicity and other characteristics
from molecular information. These advancements enhance
drug discovery and facilitate the more effective discovery of
promising compounds [2].

2-3 years 0.5 -1 years 1-3 years 1-2 years 5-6 years
Target Lead Clinical
discovery Lead IO Optimization ADME/ Jox development
S N N N N
Profile Predict ADME/ Tox Trial
. bioactivity Drug-drugs -
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Figure 3. Potential for ML in finding and developing small molecule drugs [2].
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5. Collaboration on Clinical Trials and
Model Exchange

Doctors from various disciplines don the brand to help fight
the coronavirus. Levels of flexibility in data, a model, and
code, geographical and regional adaptation of the Al applica-
tion, and interdependent collaboration become critical when
applying technologies to resolve fundamental problems in-
ternationally [13].

Al requires data so that it can work effectively on how it is
work is designed. Data sharing related to COVID-19 is
steadily increasing across three levels: local, national, and
international. These are sequences and maps data, genomic
records of previous cases, proteomics, clinical, image, event,
epidemics, movement, comments, medical photos, articles,
and publications. Data sharing has, however, been a signifi-
cant focus, and at the same time, some people have expressed
their worry about data sensitivity. A lot of care should always
be taken when working with or moving any sensitive infor-
mation. For improving the development and distribution of
such applications worldwide, some preceding works could be
beneficial in conforming data, model, and code conventions.
This will be international, open integrative, compatible,
standardized measurements to exchange data. Hence, the
cooperation and networking both within and between various
groups as well as various geographical regions will be en-
hanced [14].

Open source advances in collaboration with various
stakeholders through Al have the potential to enhance
knowledge dissemination and strengthen the capacity of the
national health system. For example, the Epidemic Intelli-
gence from Open Sources (EIOS) network utilizes Open
Source to identify, confirm, and assess threats in real-time
public health risks [15]. International healthcare institutions,
governments, interdisciplinary organizations, and research
institutes distinguish themselves but strengthen their actions
upon early outbreak identification. Scholars in epidemiology
assert that applying international approaches and harmonized
databases helps address the management of complexities and
responses at global, country, and local levels. Therefore, as the
dynamic pattern of the pandemic has demonstrated, trying to
understand the epidemiological characteristics and risk fac-
tors in different subpopulations would require considering the
hospitalization, the containment, the physical structure of the
healthcare facilities, and some social implications of
COVID-19 [15]. Apart from data sharing, only a few initia-
tives employ the transfer of trained Al models for any of the
above uses. Among such future problems, specific computa-
tional requirements, design and infrastructure requirements,
documentation and related issues, questions of verification
and interpretation that arise, and certain legal aspects re-
garding ownership and secrecy were pointed out. The swap is
an Al-based technology that could provide faster options for
addressing the situation by switching the authorized and the
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pre-trained Al models. The useful ones could include the one
that can diagnose diseases from images, the one that can pre-
dict the status of a patient, the one that can distinguish be-
tween truth and falsehoods depending on patterns spread
across social media, and the one that can extract knowledge
graphs from massive heaps of “Scholarly articles” [16, 17].

6. Reshaping Clinical Trial Designs

Al solutions are relevant to medicine, choosing a cohort,
results, adherence, and endpoints. They also allow hypotheses
to be formed and revised more rapidly and accurately, thus
increasing global understanding of the type of dynamic dis-
eases [18]. For example, biomarker confirmation and protocol
expansion all increase the sufficiency of cohort composition.
Thus, a more significant improvement in the result is visible if
the Al techniques are implemented in the design.

However, to reduce the error margin of the Al outcomes,
additional cooperation is employed to develop methods for
handling extensive information sets [19]. Furthermore, inside
a virtual control arm, illness development might be predicta-
ble using well-engineered Al algorithms that have total access
to ample quantities of high-quality data [20]. A more inter-
esting solution may be to replace the placebo limb with the
entirely fabricated limb based on the synthetic data [20]. That
will likely result in several advantages: the cost, the patent and
site burdens, and the time saved on CT scans. However, much
time and research effort are needed to sort out and validate
virtual control arms in coordination with training sets built
into working CTs. Moreover, synthetic control arms may help
groups of patients who want to participate in the trial but are
unwilling to take the risk of being randomized between active
treatment and placebo and address the issue of using the pla-
cebo control arm [17]. Building the required fundamentals
and transforming the interdisciplinarity needed for such
first-string technology involves a lot of dedicated work and
time. Therefore, ethical issues remain another difficulty aris-
ing from the inability to effectively address privacy and mis-
use of health information [21].

6.1. Current Use of Al in Healthcare

An example of recent Al technology use in global
healthcare contexts is contact tracing and the number of
travelers by flight to predict new hot zones in the COVID-19
pandemic. Transmission control is a disease control method
whereby the authorities notify individuals who have been in
close contact with an infected person to self-isolate. For fur-
ther improvement in this aspect, Google and Apple also
brought proper exposure to developing a contact tracing
platform using artificial intelligence with the help of applica-
tion programming interfaces on smartphones. Users and au-
thorities are also able to report lab results. In addition, if lo-
cation services are enabled, the application can inform people
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who might have been close to an infected person [22].

Moreover, the outbreak risk software is presented by a
Canadian company, BlueDot, which aims to minimize contact
with pathogens. BlueDot was the first company to produce a
scientific paper that correctly modeled the world’s COVID-19
transmission. The company uses NLP, ML, and automatic
disease detection to review approximately a hundred thousand
articles from sixty-five countries daily, as well as travel data,
flight routes, climate, and local cattle data, to forecast future
incidence [21].

6.2. Intelligent Clinical Trial

The predominantly linear and sequential character of tra-
ditional clinical trials remains the only efficient method to
investigate the efficiency and reliability of new drugs. This
straightforward approach based on different stages of RCTs
was mainly developed to assess ‘over-the-counter’ medicines
and has changed little in the past two decades. However,
clinical development’s potential productivity and outcomes
may be achieved more efficiently using Al because it reduces
the time required for clinical trials. It is the third of a series of
papers exploring the effects of Al on the biopharma value
chain [24].

In recent years, biopharma companies have been able to
source many internal and external RWDs to develop various
product data. However, many organizations have failed to
make sense of this data due to a lack of expertise and proper
tools. Predictive Al models and analytical tools can help bet-
ter understand diseases, match patients and investigators, and
increase creativity in clinical trials [25].

Indeed, algorithms' strong technological support makes it
possible to perform tasks such as cleaning, compiling, coding,
storing, and updating clinical trial data. However, improve-
ments in electronic data capture (EDC) systems limit human
mistakes and result in better system integration [25].

7. Error in Clinical Al Algorithms

Al algorithms are critical in clinical procedures within
contemporary medicine since they offer aggressive treatments
through intense discriminatory modes. Nevertheless, this
success depends on strong QI frameworks to contain avertible
failures since the basis of these models is built around con-
tinuous improvement. This means that QI entails working on
cycling operation procedures to reduce mechanisms of varia-
tion and ensure constancy to support algorithmic stability in
the fluidity of clinical practice.

According to Al algorithms, the correlation between patient
variables and outcomes can reliably be identified. These cor-
relation-based models have high internal validity only when
held within the given conditions of the training data. Never-
theless, they may perform sub-optimally in heterogeneous
clinical scenarios where patient population characteristics
may change over time or across different levels of care. For
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example, COVID-19 has put the feasibility of an ML algo-
rithm developed to assess hospital admission risks from the
ED data under threat. Reducing the importance of checking

the respiratory rate and arrival mode [24].
Regular | «— _ Model
Agencies " Developer

Patient

Figure 4. AI-QI is an ongoing exercise part of the participative
process.

Since AI-QI is heterogeneous, it requires strict integration
between doctors, hospital managers, IT experts, biostatisti-
cians, modelers, and officials. Hospitals will need standardi-
zation as to how the shows constantly track the performance
of the model, how the end-user gets a notification of the latest
performance, and how the model gets updated or stopped if
the performance is significantly degrading to ensure the safety
and effectiveness of all Al-based algorithms applied in the
hospital setting [23].

7.1. Issues with the Traditional Clinical Trial
Procedure

Billions of dollars (about USD 1.5-2 billion) are spent on
drug testing before introducing a new medication. The med-
ication development process takes an average of 10 to 15
years, of which 5-7 years are required for clinical trials and
another 4-6 years for research and development (R&D) [24].
Most of the money is spent on clinical studies, phase 111 trials
being the most complicated and time-consuming. One of the
most significant barriers to developing novel medications is
the high failure rate of clinical studies-less than one-third of
the compounds in Phase Il advance to Phase Ill. Over
one-third of Phase Il compounds never receive regulatory
body approval. The FDA approves just one out of every ten
compounds that start clinical trials because the chances of a
chemical passing through each study stage differ, as shown in
Figure 5. Each failed study causes a loss of US$0.8 to US$1.4
billion. Surprisingly, only 10% of these costly and lengthy
clinical studies succeed.
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Because it is difficult for humans to collect different data
sets for clinical trials and retain records of every patient taking
part in the trial, Al helps resolve all these problems in the
clinical trial process. Al increased the success of drug de-
velopment by advancing the R&D domains. This also in-

cludes novel target identification, drug candidate selection,
biometrics data analysis from wearable devices, and predict-
ing drug effects in patients with diseases [25]. Clinical trials
are the most recent field of drug research that acknowledges
and permits Al's positive effects.

% of total R&D

investment target indication
per one new
drug
5000-10000
(US$ 1.5-2B) compounds
Drug
discovery
30% 250

compounds
Preclinical
Phase

Clinical Trials

40%
60%
1 FDA
Regulatory approved
Phase drug
20%

Strategic decision on

Year

Compounds success rate for clinical

-40% compounds
. advance from phase . 10% of
182 compound
. advance from phase .
trial stage
2 &3
advance to
-%4 compounds FDA-
3 advance from phase approval
3 to FDA approval

Figure 5. The drug development cycle [26].

7.2. Result

According to research, the drug development process takes
a substantial amount of time and money as the drug testing
phase consumes between USD 1.5-2 billion over an average
period of 10 to 15 years. Most of these expenses come from
Phase 11 clinical trials. The clinical trial failure rate is a sig-
nificant problem since Phase 11 compounds advance to Phase
111 in less than one-third of cases. Still, over one-third of Phase
I11 compounds fail to obtain regulatory approval. The failure
of each research project causes a monetary loss between USD
0.8 billion and USD 1.4 billion, while just 10% of clinical
trials lead to successful results.

The improvement of clinical trials and the drug develop-
ment process depends heavily on Al implementation recog-
nized by experts. Significant advancements in R&D have
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become achievable through Al because it enables innovating
drug candidates to analyze wearable device data and predict
outcomes, boosting clinical trial performance. Modern society
recognizes Al integration as a significant force that positively
affects clinical research and drug development operations.

8. Challenges of Implementation

As a result of improved computing capability and
easy-to-implement popular Al platforms, the rate of Al-based
research and clinical applications will rise. Researchers and
clinicians will likely be 1st to be involved with Al. Among all
the medical departments, cardiovascular illness is the most
complex and the biggest one. It is one area where Al can
benefit the success rate of the patient's treatment. The current
non-Al issues are distinct from the barriers linked to the Al
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methodologies, and therefore, the current barriers include the
following infrastructural obstacles. First, open data is less
provided in some sections due to privacy issues than in others.
Scientific corporate and non-corporate subjects need a data
structure sufficiently protected by protection systems.

Besides, data are archived on several servers and, occa-
sionally, on paper by conventional means. Al can only be
valid if it creates an improved prognosis or predictive model.
Hundreds of forecast factors in various systems don't accept
Al. They require carefully made human input as Al can
sometimes mix up patterns. This will be grouped with the
requirement to build robust data structures. It is also important
to keep legal and ethical issues equal. This means that the
earlier conventional paradigm of logical or ‘bite-size’ learning
towards medical device regularisation is no longer adequate
because the Al learns from data or patterns that are input into
it. Besides, the current guidelines do not state how far the
unforeseen clinical consequences of Al gadgets are held re-
sponsible [26].

The Food and Drug Administration has recently unveiled a
new and dynamic assessment classification for Al devices. It
also discusses device changes after deployment. However,
there are several general tendencies today concerning the
standardization of medical Al research. Some, primarily
young clinicians, are willing to accept these modifications, as
documented in various surveys. Representative surveys of the
present studies showed that 70% of the residents in radiology
wished they had received more extensive instructions. Instead,
nearly 95 percent of respondents said they would gladly take
Al-related courses if provided with that [26]. It is possible to
count on several pilot well-designed researched works based
on synthesized big data in the foreseeable future that will
predict a new medical paradigm in the middle of the following
decades.

8.1. Continuous Monitoring of Al

In large, dynamic sociotechnical systems, Al will be em-
ployed and encountered in its utilization, usability, interpret-
ability, and current capabilities that inform performability,
safety, emergent behavior, and ethical concerns in that order.
One more question that should be asked is about prejudice
when delivering services, or, in other words, the possibility of
shaping resource and priority distribution with the help of the
algorithms. The study of the clinical and patient levels dis-
tinguished by interventions and outcomes and the organiza-
tional and social levels is required—the state where the pa-
tient or the practitioner, treatment options, and patients might
change over time. Thus, constant supervision is needed when
the algorithms are used to ensure and correct them if necessary.
A similar kind of monitoring is required for Dynamic algo-
rithms, which self-transform based on what is obtained from
practice data and clinical studies. One is the ability to detect
and assess what we might call ‘potential’ or ‘hidden’ problems,
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for instance, an issue of approximately 0.015 between two
values deduced from a chart or some improper configuration
[27]. Hence, the assessment is most likely to shift to a recur-
rent process to ensure the continued effectiveness of the in-
tended Al application, including those with a dynamic algo-
rithm.

8.2. Availability of Data

Data gathering is the initial phase in creating an artificially
intelligent system after issue identification and solution
strategy formulation. Large amounts of high-quality data must
be available to develop models that function effectively. Due
to recent data breaches by large organizations and concerns
about patient privacy, the topic of data gathering is cloaked in
controversy. Increased computing and analytical capacity and
the capacity to store enormous volumes of data are the out-
comes of technological advancements. Technology like ge-
nome analysis and face recognition makes it possible to
identify a person from a group of individuals. Patients and the
general public are entitled to privacy and the freedom to de-
cide what information they reveal. These days, data breaches
allow patient information to end up in the hands of insurance
companies, which can lead to a patient's medical insurance
being denied because the insurance company believes the
patient is more costly because of their genetic makeup. Due to
patient privacy, data availability is constrained, which limits
model training and prevents a model's full potential from
being realized [26].

8.3. Major Issues That Impact Clinical Trials

The capacity of research sites to recruit and maintain a
sufficient number of patients for the study is typically one of
the main barriers to the success of clinical trials, notwith-
standing their complexity. It has nothing to do with medical or
regulatory concerns. Participant enrolment issues may result
in expensive delays or the trial's early discontinuation. Ap-
proximately 55% of clinical trials are prematurely ended
because they cannot attain full participation, and over 80% of
studies miss their initial enrolment deadlines. Clinical trial
sites fail to reach their recruiting goals for several reasons,
including lack of research support, logistical challenges, and
budgetary constraints. Some of the primary obstacles that
affect the sites are graphically depicted in Figure 6 [28].

8.4. Effect

The graph shows that more than 60% of research fails due
to stuffing and retention, 50% due to wrong patient recruit-
ment, more than 30% due to study startup and trial complexity,
and less than 20% due to physician interest, technology, and
trial, access to patients, remote monitoring, decentralized
trials, and ethical regulatory issues.
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The issues & its impact %
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Figure 6. Significant problems that affect clinical trials and the percentage that they affect [29].

9. Applications of Al in Clinical Trials

Al is increasingly utilized to optimize clinical trial eligi-
bility criteria, enhance participant diversity, and reduce sam-
ple size requirements. Liu et al. developed an open-source Al
tool called Trial Pathfinder, which leverages electronic health
record (EHR) data to simulate clinical trials by integrating
data based on different inclusion criteria and analyzing the
overall survival risk ratio (the difference in survival rates
between patient groups) [30]. Trial pathfinder used real-world
data (RWD) to simulate data from completed non-small cell
lung cancer trials, revealing that specific commonly used
criteria, such as laboratory test results, had little impact on the
trial's effect size. If questioned for increasing these criteria,
the complete potential patient enroliment doubled, and overall
survival relative risk decreased by 0.05 per Patient Year
analysis. This work revealed that after the treatment, only 30
percent of patients were, according to the initial inclusion
criteria, and these limitations did not reduce the survival rate,
but actually, vice versa. Many patients not meeting the orig-
inal trial's criteria could benefit from the treatment. More
recent studies have used data imaging markers (features ex-
tracted from different imaging modalities, including MR,
PET, CT, or ultrasound scans) to enhance the definition of the
inclusion criteria [31, 32]. This procedure boasts very desira-
ble qualities, such as reducing the sample size needed to a
great extent while at the same time enjoying very high statis-
tical power. Al models can also estimate clinical drug reac-
tions, reducing the scale and enhancing trial efficacy and
efficiency [33].
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9.1. Mining Electronic Health Records

To improve cancer prediction, several Al models encom-
pass all medical records, such as individuals' genetic, un-
structured, and family records [34]. For example, a dataset of
observed cancer-associated characteristics of an individual,
age, gender, smoking history, and stage of lung cancer should
be considered to model and predict survival outcomes of the
disease. Furthermore, the features of the tumor's shape, in-
cluding size, perimeter, concavity, fullness, length of the
central axis, and the size of the minor axis, also contribute to
the result [35]. For example, standard ML algorithms like
SVM, C5.0, and ELM are used to predict the risk rate for
cervical cancer recurrence, emphasizing pathology and med-
ical data. They realized the four patterns that influenced re-
currence proneness most. The four chief recurrence-proneness
variables they reported are cell type, RT target summary,
pathologic stage, and pathologic T.

However, keeping the promise may be more challenging
when recording the information from electronic health records.
The result could include finding the most unstructured cancer
information within the NLP algorithms investigation project.
For instance, the MedLEE system, which was a preprocessor
that developed with an existent NLP system, was produced
within a clinical research study touching on race disparity
within the risks that minority women faced when they were
diagnosed with breast cancer. An NLP system will thus avoid
identification, and data from electronic pathology reports will
be traced and filtered for primary and subsequent tumors [36].
Moreover, the EHRs can enhance the ability to locate cancer
tests using NLP [30].
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9.2. Patient Screening

Participating patients in clinical trials are subject to certain
conditions regarding their eligibility, appropriateness, moti-
vation, and empowerment to enroll. A patient may be dis-
qualified due to their medical history. An eligible patient may
not be in the stage of the disease or fit into a particular
sub-phenotype that the treatment being tested targets, in
which case the patient is not appropriate. It's possible that
eligible and qualified patients aren't given enough incentives
to take part, and even if they are, they do not know about a
matching study or find the recruiting procedure too compli-
cated. It is tough to get enough patients through these bottle-
necks within the limited time available for recruitment, and
this is the main reason why trials are delayed: Nearly
one-third of all Phase Il studies fail due to enrolling issues,
and 86% of trials fail to fulfill recruitment deadlines [17]. A

third of the trial's total duration is devoted to patient recruiting.

For instance, because Phase 111 studies need the most signif-
icant patient cohorts, they bear 60% of the overall expenses of
advancing medicine through all trial phases. Phase Il studies
with a 32% failure rate due to patient recruitment issues
highlight one of the most serious flaws in the design of
state-of-the-art clinical trials: ineffective patient recruitment
methods disproportionately affect trials with the highest pa-
tient demand. Systems powered by Al and ML can aid in
patient recruitment and enhance the makeup of patient cohorts
[37].

9.3. Cost-Effectiveness

Only one research examined the financial effects of using
Al in clinical practice. According to this study, compared to
standard treatment, the use of an ML-based system for anti-
biotic stewardship resulted in cost savings of 25,611 USD for
sepsis and 3630 USD for lower respiratory tract infections
[37].

9.4. Predicting Drug Efficacy and Toxicity

The role of using Al in medicinal chemistry is to assess the
performance of various potential drugs based on efficacy and
toxicity. The current approach to discovering drugs is
time-consuming, expensive, and sometimes somewhat un-
predictable since several smaller molecules required for the
compounds’ synthesis need to be screened for their biological
activity one by one; however, an Al, specifically ML, can
learn through data and provides a more accurate analysis of
datasets to make predictions about compound activities [38].
Through Al, there are proposals for new bioactive compounds
that cause fewer side effects, and we can predict the activity of
other compounds with high precision. It also assists in
avoiding toxicity results through the examination of toxicity
and non-toxicity databases of substances. Moreover, the in-
formation on Al penetration into drug-drug interactions can
be gained from the known interaction data used for the crea-
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tion of individualized therapy. The method involves admin-
istering, for example, various treatments dependent on one’s
genetic makeup to avoid side effects [39].

10. Conclusion

Healthcare and clinical trial processes are growing faster as
Al is becoming associated with present medical research. Al
has added value to individual therapeutic and diagnostic ap-
proaches, clinical precision, and drug prediction structure and
property. Such factors affirm the management of eHealth data,
promoting cooperation endeavors and optimizing clinical
trials for better efficacy and clinical trial outcomes. None-
theless, there are still restrictions regarding availability, the
possibility of tracking these Al systems after that, and mis-
takes in the clinical Al algorithms. Al can also enhance clin-
ical research's possible quality and outcome because Al is
considered quite effective in addressing the challenges that
may arise during clinical trial processes. Looking at the gen-
eral trend of the incorporation of Al technology, it is expected
to advance clinical trials to optimize treatment and healthcare
delivery.
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