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Abstract: Acrtificial Intelligence (Al) has made a noticeable impact on the pharmaceutical industry, transforming
several key areas of its operations. Artificial intelligence (Al) is turning the field of clinical trial design, execution, and
analysis around by undertaking long-standing issues of high expenses, extended periods, low success rates, and
inefficiencies in patient and data number recruitments. Al has been used in clinical trials in protocol optimization,
feasibility, analysis of trial outcomes, intelligent patient identification, real time monitoring of data and improved
patient engagement. The recent integration of technology providers with pharmaceutical companies has increased the
step of practical application of Al in clinical research. The collaboration of Pfizer with IBM Watson to recruit patients
to clinical trials, Roche with Google Cloud to develop a digital biomarker, AstraZeneca with Benevolent Al to
develop a drug using Al, and others reflect the increasing role of Al in the clinical trial ecosystems. The future of Al
application in clinical trials will have to rely on further technological improvement, regulatory modifications, and
interdisciplinary cooperation. Moreover Al Can enhance the trial efficiency and cost effective clinical research.
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INTRODUCTION

In the pharmaceutical industry, the challenge to come
up with new therapeutics is increasing with innovation
forcing new financial and scientific resources into the
sector. Recent reports indicate that worldwide
Pharma R&D expenditure is estimated to be around
$250 billion annually with less than 14% of drug
candidates making it to approvals allowing average
development costs to be well over $2.6 billion per
approved drug [I]. This disparity between input and
output demonstrates that there is an immediate
necessity to more effectively; data-centric approaches
to increase the productivity of research efforts and
reduce churn in the drug pipeline.

Artificial intelligence (Al) has become a key
technological component that is transforming various
sectors around the world in recent years. Once at the
core of big tech companies, Al technologies are

(10]

turning into the most active influencer of the
biomedical field and healthcare overall, improving
disease detection, aiding precision medicine,
improving  patient outcomes, and decreasing

healthcare spending [2]. The machine learning (ML),
deep learning (DL), and artificial neural networks
(ANNs) subfields of Al are now transforming the
pattern of clinical and pharmaceutical sciences. These
computational platforms simulate human intelligence
in order to simplify the drug discovery process,
minimize the errors during drug development, predict
therapeutic targets, and assist the design of the
tailored treatment regimen in an even more reliable
and efficient manner. With this growing technological
environment, it is necessary to conduct a deep
evaluation of the potential of Al with the view of
informing future pharmaceutical and clinical practice

[31

I. BASIC CONCEPTS OF Al
HEALTH CARE

The world has seen a significant revolution in
information technology (IT) over the past fifty years,
which has led to the creation and storage of large
amount of data in various domains, including
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technology, and has provided researchers with a
variety of services and goods [4]. Big data now has
unmatched potential in terms of enhancing medical
outcomes and public health [5]. Machine learning (ML)
is one of the most widely utilized approach in artificial
intelligence (Al). Machine Learning (ML), a major
branch of Artificial Intelligence, is broadly classified
into  three  categories:  Supervised learning,
Unsupervised learning, and Reinforcement learning. In
supervised learning, the model is trained using labelled
datasets where both input and output data are
known; it learns the relationship between them and is
used to make predictions such as disease diagnosis
from patient records or classifying medical images as
normal or abnormal. Unsupervised learning deals with
unlabelled data and identifies hidden patterns or
groupings within the dataset; this is useful in
healthcare for tasks like grouping patients based on
similar symptoms, identifying unknown disease types,
and detecting abnormals in medical reports. The third
type, reinforcement learning, works on a trial-and-
error basis where the algorithm interacts with the
environment and receives feedback in the form of
rewards or penalties, enabling it to learn the best
possible actions over time; this approach is applied in
areas such as robotic surgery, treatment optimization,
and adaptive insulin dosing systems. Suitable Vector
Machine used in clinical trials to classify patients,
predict eligibility, and detects adverse drug reaction;
Artificial Neural Networks are applied to predict
clinical outcomes, treatment response, and PK/PD
relationships. Convolutional Neural Networks are
used for automated analysis of medical images and
pathology data in trials. Recurrent Neural Networks
are used to analyze time-series clinical data such as
disease progression, vital signs, and longitudinal trial
outcomes.

2. Al IN EARLY STAGE AND PRE-CLINICAL
DRUG DEVELOPMENT

In contrast to traditional drug discovery, which may
require more than 10 years, and where laboratory
and animal assays play a major role, Al can process
large volumes of data in a short time, forecast
molecular behaviour, and discover safety concerns
early. This simplifies the process of discovery,
minimizes expenditure and usage of animals and
enhances the probability of identifying successful drug
candidates to undergo clinical trials.

2.1 Target ldentification and Validation

This is the process of finding a gene or a protein that
is related to the disease and its potential as a
therapeutic agent. Benevolent Al, Insilco Medicine,
and Schrodinger are examples of Al platforms that
helps in the analysis of biological data, target relevance
predictions, and off-target and safety risk assessment.
This combination of Al enhances efficiency and lowers
drug development failure.

(12]

2.2 Molecule Design
Machine learning and deep learning models are used in

Al to examine chemical and biological data in
molecule design, which allows rapid discovery,
optimization and creation of novel compounds.

Methods like structure-based drug design, QSAR
modelling methods, and de novo molecular generation
improve the specificity of the target and efficiency of
the pipeline.

2.3 Toxicology and Safety Prediction

In toxicology and safety prediction, Al predicts ADME
properties and possible toxicities earlier on during
development, which enables high-risk compounds to
be dropped earlier. The ongoing process of learning
using new information enhances better prediction and
promotes real-time decision-making and it also
complies with ethical norms of research.

2.4 Simulation Models

In-silico testing of drugs in the population and dosing
situations is possible with Al-based simulation models
like organ on chip models, In-silico experiments,
PK/PD models, virtual screening, and digital twins.
These devices reduce the workload of the experiment
and equip candidates with clinical trials. Generally, Al
develops an integrated efficient innovative preclinical
research ecosystem that boosts productivity, safety,
and translation success [8].

3. Al BASED IMPROVEMENTS IN
PLANNING CLINICAL TRIALS

3.1 Protocol Design

The protocol optimisation provided by Al is a
paradigm shift in the design of trials, which relies on
intuition, to design based on evidence. State-of-the-art
machine learning (ML) models are used to process
large amounts of historical trial data and find patterns
that can be used to guide the optimal study
parameters [6]. The process of natural language
processing (NLP) algorithms systematically chews on
what the thousands of previous study protocols,
regulatory sub missions, and published literature have
to say, to suggest evidence-based inclusion/ exclusion
criteria [7]. These Al technologies are already shown
to be much more effective than traditional statistical
technologies: whereas traditional regression-based
methods handle fewer than 65% of the protocol
optimisation accuracy, machine learning algorithms
can consider thousands of variables at once, withbest
results of 80% success. Deep learning models are
capable of making predictions related to the feasibility
of the protocols by considering several variables at a
time, such as population traits of the target, spatial
distribution, seasonal variations, and competitive
environment. These predictive models achieve
accuracy rates exceeding 80 % in estimating
enrolment success, significantly out performing
traditional feasibility assessments [9]. A notable
example is Google’s retinal imaging system that
achieved high accuracy in predicting patient gender
from retinal photographs (despite male and female
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retinas being anatomically identical), emphasizing the
risk of algorithms identifying clinically irrelevant but
statistically significant patterns [10].

3.2 Feasibility Assessment

The algorithms of machine learning transform the site
selection process by combining various data streams
and estimating the performance and recruitment
capacity of the investigator. These models are used to
analyze demographic data, occurrence of diseases,
healthcare infrastructure, experience of investigators
and the performance metrics of sites in the past to
prioritize the potential sites of study [I1]. More
recent geospatial analysis software includes the
socioeconomic factors, transport accessibility, and
competing trial activity to maximise site selection
strategies. The Al tools can predict the enrolment
rates on a site level which allows the timeline to be
and time losses, improve the feasibility of trials, and
improve the chances of successful drug development.

more accurately forecasted and the resources to be
shared, minimising the chances of study delays and
cost overruns.

3.3 Early Decision Support

Predictive analytics and Al tools are applied during the
initial planning phases of a clinical trial assess the need
to continue or alter a study. Al uses big biomedical
data, which includes preclinical outcomes, outcomes
of past trials, demographics of the patients, and
disease-specific data, to predict the likelihood of the
trial success. It helps in detecting risks, narrowing of

inclusion and exclusion criteria, optimal dosing
schedules and better endpoint selection and
anticipates possible delays such as ineffective

recruitment or safety issues. On the whole, early
decision support through Al will improve the
evidence-based decision making, minimize financial

Table 0l: Performance of Al Applications in Planning Clinical Trials compared to normal traditional methods.

Application Description

Traditional
Method

Al Impact (%) Advantage

Al Analyses (NLP+ML)

. Previous data and suggest
Protocol Design &2

65% Prediction

80% of the design
process can be

Reduces protocol
diversions, improves

optimized dosage and accurac - .
P & 4 fastened by Al clarity and efficiency.
parameters.

- Predictive algorithms(ML Prevents poor site

Feasibility ctive 2'g (ML) . P .
use historical and present o : . selection, reduce trial

Assessment . ; 50-70% increase in -

data to give recruitment 8-12 Weeks delays and improves

rate, eligible patients list
and trail costs
Al (DL) predicts all the data
and tells whether to
proceed or not.

Early Decision
Support

Planning time
55% decision
accuracy

accurate feasibility
evaluation

75% of process is

done by Al tools

planning.

Saves time and money
by avoiding low
probability trials &
improves success rate.

4. SMART PATIENT IDENTIFICATION AND
ENROLLMENT USING Al

Patient recruitment represents the most critical
bottleneck in clinical trial conduct, with Al offering

transformative  solutions  through  automated
participant identification and matching systems.
Advanced Natural language processing (NLP)

algorithms scan electronic health records (EHRs),
clinical notes, and laboratory results to identify
potentially eligible participants with unprecedented
efficiency and accuracy [12]. IBM Watson for clinical
trial matching showed 78% accuracy and reduced
screening time by 78%, highlighting Al's potential
benefits. However, real-world implementation faced
major challenges. Integration with hospital EMR
systems cost $300,000-$600,000 per case, limiting
economic feasibility. This made adoption difficult even
in high-budget oncology trials. Machine learning
models can also predict patient enrollment success
using historical, demographic, and clinical data. [I3].
Al systems significant potential to address

(13]

Longstanding disparities in clinical trial participation,
mainly in terms of racial, ethnic, socioeconomic
representation. Natural language processing tools can
analyse social determinants of health, transportation
barriers, and cultural factors that influence trial
participation, informing the development of more
inclusive recruitment strategies. After all the stages
i.e. participant identification and recruitment
disparities, virtual screening is done to continue the
clinical trial process. Al-powered virtual screening
platforms enable remote participant evaluation,
reducing geographical barriers to trial participation.
Computer vision algorithms can analyse medical
images, while NLP tools process patient-reported
outcomes and digital health data to conduct
preliminary eligibility assessments. Intelligent chatbots
and conversational Al systems facilitate remote
consent processes, providing personalised information
delivery and addressing participant questions in real-
time [14]. When coming to the risk factors the use of
Al in patient recruitment is risky and needs proper
management. Less risky tools like estimation of the
cohort size are not that effects and can be confirmed
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statistically. Risky applications such as optimization of
recruitment strategies can be impactful on timelines
and are tested in controlled settings. Patient eligibility
decisions and other high-risk apps need rigorous
reviews by the physicians and investigators to ensure
the safety of the patients.

5. DIGITAL DATA CAPTURE
MONITORING THROUGH Al TOOLS
The traditional clinical trials were very manual with
data being keyed in through paper, case report forms
and monthly site visits and that resulted in error in
data, time and incomplete reporting. Al powered
digital applications solve these short comings by
allowing the collection of all the data collected in real
time and precisely and continuously during the trial
period.

5.1 Electronic Data Capture (EDC) Systems
Electronic Data Capture systems are computerized
systems that are employed to receive, store and
handle clinical trials information as an alternative to
paper-based report forms. EDC systems are also
intelligent when integrated with Al and can guarantee
quality data throughout the entry into the system.
Depending on predetermined clinical and protocol
rules, Al algorithms automatically check data by
determining missing values, inconsistencies, duplicates,
and out-of-range values. Besides that, machine
learning models facilitate risk-based monitoring,
whereby important data fields and high-risk offices are
put on the priority list to review. This minimizes the
manual monitoring burden and ensures regulation is
done. Al-driven EDC systems produce real-time
dashboards that enable sponsors and investigators to
monitor the recruitment, protocol compliance, and
safety indicators effectively and more promptly and
make informed decisions.

5.2 Wearables and Sensor based devices

A sensor-based device and Wearable’s are important
in obtaining continuous and objective data throughout
the clinical trial. Smart watches, fitness bands,
biosensors, and implantable sensors are the types of
devices that are used to record real-time physiological
data such as heart rate, blood pressure, physical
activity, sleep patterns, and glucose levels. Al is used
to process the high amounts of information produced
by these devices to recognize trends, identify
irregularities, and produce valuable clinical insights. In
comparison to the conventional episodic monitoring
performed at the time of the visit to the site, the data
obtained by using a wearable will be a more realistic
view of the health of a patient in the real-life
conditions. This enhances endpoint sensitivity,
minimizes reporting bias, and promotes decentralized
models of clinical trials.

5.3 Remote Patient Monitoring

Remote patient monitoring involves Al-based mobile
apps and telehealth devices to monitor patient health
and compliance with treatment beyond clinical
locations. Patients will be able to share their

AND
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symptoms, medication history, and unpleasant
experiences via online tools and Al machines will
constantly process this information to give timely
alerts. This will reduce the number of visits to the
hospital, increase the level of convenience to the
patient, and increase the recruitment and retention
rates. The Al-powered notifications inform the
investigators about the possible safety concerns or
non-adherence promptly to intervene accordingly.
Remote monitoring is particularly useful in longer
studies and trials of long-lasting trials or elderly
populations or geographically far populations.

5.4 Automated Data Cleaning and Integration
Al-powered data cleaning tools address one of the
most time- consuming aspects of clinical trial conduct,
automatically  identifying and correcting data
inconsistencies, missing values, and entry errors.
Natural language processing algorithms standardise
free-text entries, whilse machine learning models
predict missing data points based on patient
characteristics and study context [I5]. Traditional
data cleaning processes require 60-80 hrs of
biostatistician time per 100 patient datasets, with
manual review and query resolution extending
timelines by 4-6 weeks. Al-powered systems reduce
this to 12-16 hrs of oversight time with automated
processing completed within 24-48 hrs [16]. These
automated systems reduce data cleaning time by 60-
80 % whilst improving data quality and consistency
across study sites. Advanced imputation algorithms,
including deep learning, generative adversarial
networks, and recurrent neural networks, can handle
complex matters.

6. PREDICTIVE MODELS
UNDERSTANDING TRIAL OUTCOMES
6.1 Regression Models

Regression models are clinical outcome predictions
that quantify the relationship between treatment
related variables (dose, exposure, demographics) and
responses, and as such are directly applicable to dose
response assessment, efficacy prediction, and toxicity.
For example, Regression predictors are employed in a
Phase Il antihypertensive trial to estimate the
reduction in blood pressure levels at varying dosage
levels and an appropriate dose is selected that will
produce optimal efficacy with the least adverse
effects. Figure O05(A) shows linear regression, a
straight line shows outcome vs predictor, Figure 05(B)
shows Logistic regression, a S-Shaped curve shows
Probability of response.

6.2 Survival Analysis Models

The models of survival analysis are used to make
predictions regarding time-to-event outcomes, e.g.
disease progression, relapses, or death, and are
commonly used to calculate progression-free survival,
overall survival and time to adverse event in clinical
trials. For example, Survival analysis can be applied in
oncology trials to predict the duration of a patient
without progressing following a novel anticancer

FOR
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therapy to enable researchers to measure long-term
clinical benefit at interim periods. Figure 05(C) shows
the graphical data which X-axis shows time and Y-axis
shows Probability of survival, step down curves for
treatment group and control/placebo group.

6.3 Machine Learning Models

Machine learning models are models that predict the
outcome of a trail based on the learning of a complex
and non-linear pattern using large datasets and can be
used to predict treatment response, risk stratifying
patients, predicting the probability of trial success, and
so forth. For example, Machine learning algorithms
are based on analysing genomic data and clinical data
to forecast the patients who are most likely to
respond to specific cancer treatments, enhancing the
selection of patients and decreasing the rate of trial
failure. Figure 05(D) shows model training.

6.4 Bayesian Models

Bayesian models are probability-based predictions
models that are capable of continuously updating with
the appearance of new data making them appropriate
to adaptive trial designs, interim analysis, and early
decision-making. For example, Bayesian models are
used in adaptive clinical trials to make decisions
regarding early termination of ineffective arms of
treatment, or to increase promising arms of
treatment based on the accumulating evidence of
efficacy and safety. Figure O5(E) shows the graph data
which X-axis shows treatment effect and Y-axis
shows Probability. Contains three curves Prior
distribution: before trial, likelihood: info about trail
data, Posterior distribution: updated belief after seeing
data.
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7. REAL WORLD IMPLEMENTATIONS OF Al
7.1 Twist Bioscience and Oracle Partnership

Twist Bioscience partnered with Oracle Cloud
Infrastructure (OCI) to enhance its data management
and integration capabilities, focusing on protein
structure prediction using advanced Al models like
AlphaFold2, ParaFold, and ESMFold. Oracle’s high-
performance GPU instances and cloud storage
solutions enabled Twist to significantly improve the
efficiency and speed of its Al models, achieving up to
an 82% increase in prediction speed and notable cost
savings. This collaboration also set the stage for future
innovations in DNA-based digital data storage,
demonstrating Twist’s potential to revolutionize data
archiving on an unprecedented scale.

7.2 Pfizer — IBM Watson

Pfizer partnered with IBM Watson to use artificial
intelligence in patient recruitment and oncology trial
matching. IBM Watson is a machine-learning platform
and natural language-processing (NLP) that analyzes
electronic health records, pathology reports and
clinical notes to identify potential cancer patients
suitable to participate in a certain clinical trial. This
cooperation has enabled the shortening of the
recruitment time frames, enhancement of patient trial
matching accuracy and one of the largest reasons of
clinical trial delays-slow inefficient enrolment.

7.3 Novartis-Microsoft

Novartis collaborated with Microsoft to incorporate
Al and cloud-based analytics in the design and
execution of clinical trials. Novartis uses predictive
models on historical clinical trial data to design and
select sites and patient retention strategies using the
Azure Al and data platform provided by Microsoft.
This integration helps in adaptive trial design and real-
time trial monitoring that in the long run will enhance
efficiency and decision-making.
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7.4 Johnson & Johnson-Medidata

J&] collaborated with Medidata to improve Al-related
clinical data monitoring and risk management. The Al-
based systems of Medidata allow cleaning of the data
in real-time, centralized statistics surveillance, and the
identification of protocol deviation or safety risk early.
The collaboration enhances patient safety, regulatory
compliance and data quality in global clinical trials.

8. ETHICAL, LEGAL AND REGULATORY
ASPECTS

Informed consent, patient autonomy, data privacy and
fairness are some of the ethical issues that Al in
clinical trials would provoke. Data security problems
and algorithmic bias on patient selection are some of
the risks. The legal issues include ownership and
responsibility of data and the problem does not have a
universal regulation all over the world, although the
EU has suggested the Artificial Intelligence Act (AlA)
to provide the opportunity to use it safely and legally.
[17]. It identifies some systems as high-risk and they
have to be subject to mandatory conformity
assessments, especially to medical equipment and
equipment used in an in vitro diagnostic test in
Articles 30 and 43 [18]. Transparency, responsibilities,
testing environments, and penalties are also covered
in the Act. The US. Food and Drug Administration,
European Medicines Agency, and Indian Council of
Medical Research are regulatory organizations that
focus on the extensive validation of Al tools just like
conventional clinical systems. Regulatory approval
requires adherence to Good Clinical Practice (GCP),
preservation of audit trails and human-in-the-loop
decision-making. Unified ethical and regulatory bodies
are needed to ensure responsible and safe Al use in
the clinical trial.

9. CHALLENGES
PERSPECTIVES

Although it continues to gain usage, Al in clinical trials
is facing significant challenges. The data are often of
low-quality, not standardized, with the clinical trial
data being partial, incomplete or biased. Ethical issues
in regard to patient consent, data privacy and data
protection regulations are still addresses. Black-box
Al models are not transparent and explainable, and
therefore it is hard to validate them and approve
them regulatively. Other limitations are uncertainty in
regulations, lack of Al skills in clinical researchers, high
cost of implementation, and challenges in integrating
into existing trial systems. Al has excellent prospects
of enhancing efficiency, cost-effectiveness and trial
success rates. Future trends include explainable Al
models, data harmonization, federated learning,
secure data-sharing, adaptive trial designs, digital twins
and real-time decision-support systems. Academia,
industry and regulators should collaborate to create
standards of validation and ethics. The policymakers
should be able to be fair, transparent and share the
benefits fairly and equally and avoid digital disparities.

AND FUTURE
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International programs like GA4GH and the
International Cancer Genome Consortium have
shown the potential of international data sharing,
although issues such as privacy of data,
interoperability and geopolitical limitations still exist.
These issues can be overcome with the help of
federated learning and privacy-preserving computation
[19, 20]. On the whole, Al should transform clinical
trials and make them more predictive, patient-
centered, and efficient.

10. CONCLUSION

The application of artificial intelligence (Al) can
revolutionize clinical trials through better trial design,
patient selection, data monitoring, and predictions of
the outcome. It can hasten schedules, decrease costs
and failures, decrease patient losses and improve the
overall quality of research. Recruitment Al-based
portals can boost enrolment by up to 65% whereas
predictive analytics has the ability to predict trial
outcomes at a rate of up to 85%. The presence of
digital biomarkers and real-time analytics enhances the
monitoring of safety and the efficiency of the trial.
Nevertheless, the obstacles present in the form of the
high implementation cost (USD 350,000-700,000),
poor data quality, algorithm bias, low transparency,
regulatory complexity, and staffing constraints are still
maturity, especially in the resource-constrained
environments. Such obstacles can be eliminated with
the help of various data sources, interpretable Al
models, adaptable rules, employee education, and
close cooperation between academia, industry,
technology specialists, and regulators. A responsible
and ethical development of Al is required in order to
promote the improvement of drug development with
regard to patient safety and scientific integrity.
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