A ' International Journal of Applied Pharmaceutics

/@ ACADENIC SCIENCES

Knowledge to innovation

ISSN- 0975-7058 Vol 17, Issue 6, 2025

Review Article

HARNESSING ARTIFICIAL INTELLIGENCE: TRANSFORMING CLINICAL TRIALS FOR THE
FUTURE

MOHAN KUMAR MAHADEVAPPA!, GONNA NANDI KRISHNANZ2*®, VIVEK REDDY MURTHANNAGARI3"*, JANA
ARUN*
L3Department of Regulatory Affairs, JSS College of Pharmacy, JSS Academy of Higher Education and Research, Ooty, India. *Department of

Pharmaceutics, JSS College of Pharmacy, JSS Academy of Higher Education and Research, Ooty, India
*Corresponding author: Gonna Nandi Krishnan; *Email: gnk@jssuni.edu.in

Received: 12 Mar 2025, Revised and Accepted: 09 Sep 2025

ABSTRACT

To evaluate the impact of artificial intelligence (Al) technologies on clinical trial processes, identify quantitative benefits, and determine areas
requiring further research. A comprehensive literature review was conducted examining Al applications across clinical trial phases. The study
analysed machine learning (ML), natural language processing (NLP), computer vision, reinforcement learning (RL), and other Al technologies as
applied to clinical research processes. Al implementations have delivered substantial quantitative benefits across various aspects of clinical trials
(CT). International Business Machine (IBM) Watson enabled an 80% increase in patient accrual to breast cancer trials within just 11 mo. In silico
medicine’s generative tensorial reinforcement learning (GENTRL) platform accelerated the drug discovery timeline by a factor of 15, reducing it to
just 46 days. Saama Technologies' deep learning (DL) approach detected 30% more anomalous data cases compared to traditional methods. Pfizer’s
use of Al-driven quantitative systems pharmacology (QSP) models led to a 60% reduction in Phase 2 dose cohorts. AiCure’s Al-powered monitoring
system achieved 25% higher medication adherence and completed trials 30% faster. Meanwhile, Unlearn. Al's digital twin technology enabled a
30% reduction in control group size without compromising statistical power. These outcomes highlight Al's powerful role in improving the
efficiency, speed, and quality of CT. Al is trans formatively enhancing CT through improved recruitment efficiency, protocol optimization, data
quality management, and patient monitoring. However, challenges remain in data quality, algorithm interpretability, regulatory compliance,
workflow integration, and bias mitigation. Future research should focus on advanced predictive modelling, explainable Al development, federated
learning for privacy preservation, Al-human collaboration models, real-world data integration, and standardized validation procedures. Ethical
considerations and regulatory frameworks specifically addressing Al in CT require further development to realize the full potential of these
technologies.
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INTRODUCTION extracting information from clinical documents; Al-powered
analysis of wearable device data for continuous patient monitoring;
development of synthetic control arms based on historical data;
multimodal Al systems integrating diverse data types for improved
diagnostics; and progress in explainable Al to address transparency
concerns. As Al continues evolving, its integration into CT offers
opportunities to accelerate medical advances while raising
important implementation questions. Success will require
collaboration between Al experts, clinical researchers, regulators,
and patient advocates to maximize benefits while addressing
challenges [7-13].

CT serve as the cornerstone of medical research, evaluating the
safety and efficacy of new interventions through rigorous scientific
investigation. These trials progress through four phases: Phase I
(small group testing for dosage and side effects), Phase Il (larger
group monitoring of adverse effects), Phase III (testing in diverse
populations before approval), and Phase IV (extended testing in
wider populations) [1, 2]. The integration of Al into CT is
transforming this field by addressing key challenges in design,
recruitment, and analysis [3]. Al applications in CT include trial
design optimization through algorithms like HINT that predict
success based on drug molecules, diseases, and eligibility criteria, Methods
patient recruitment enhancement via tools like auto trial that match
participants to suitable studies; data management improvement
through extraction from unstructured reports and annotation of
images/lab results; identification of distinct patient subgroups with
unique treatment responses; and detection of safety signals and
adverse events earlier than traditional methods. This integration
addresses inefficiencies in clinical research, potentially reducing
costs and accelerating treatment development while maintaining
research quality [4-6]. Al offers significant benefits to CT, including

The methodology for this review employed a systematic approach to
literature selection with clearly defined inclusion and exclusion
criteria. The review included peer-reviewed articles, industry reports,
and regulatory guidelines published between 2018-2024 that
specifically focused on Al applications in CT. To ensure comprehensive
coverage, we selected literature featuring empirical evidence,
theoretical frameworks, or case studies demonstrating practical Al
implementation across various clinical trial phases. We excluded

faster data processing, more precise patient selection, real-time
analysis capabilities, cost reduction, novel pattern recognition, and
support for adaptive trial designs. Despite its promise, Al
implementation faces several hurdles: data quality and
standardization issues due to population and healthcare system
variations; limited transparency in "black box" Al models, raising
concerns about bias; regulatory uncertainty regarding Al-based
methods; ethical considerations surrounding patient autonomy and
privacy; technical expertise and infrastructure requirements; and
patient trust concerns regarding Al-determined results. Notable
recent developments include federated learning that maintains
privacy while enabling cross-site data analysis; advanced NLP for

publications without specific clinical trial applications, purely
conceptual articles lacking implementation examples, non-English
literature, and studies focusing solely on technical aspects without
addressing clinical relevance. This balanced approach ensured
comprehensive coverage of both academic research on Al
methodologies and real-world applications, providing both theoretical
foundations and practical implementation evidence. For case studies, a
structured selection framework applied, prioritizing examples with
demonstrable quantitative outcomes and performance metrics. Case
studies selected representing diverse Al technologies (ML, NLP,
computer vision and etc) applied across different clinical trial phases
to provide comprehensive coverage of the field. The selection balanced
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examples from established pharmaceutical companies and innovative
startups to capture both enterprise-scale implementations and
emerging approaches. Each selected case study demonstrated
methodologically for evaluation approaches that allowed for
meaningful analysis. We analysed these cases, examining
implementation approach, quantitative outcomes, limitations, and
potential generalizability to other clinical research contexts.

DISCUSSION

Al is such a transforming tool in healthcare that huge implications
can also be drawn within the scope of CT. The following section
outlines important Al technologies shaping different parts of clinical
research.

NLP

NLP technologies play a crucial role in processing and analysing the
vast amounts of unstructured textual data generated during CT.
They enable the review of previous trial protocols to identify
patterns, suggest improvements, and ensure consistency across
studies. Additionally, NLP algorithms can analyse clinical notes and
patient-reported outcomes to detect potential adverse events that
might be overlooked through traditional reporting methods [16, 17].

Computer vision

Computer vision, particularly when powered by convolutional
neural networks, is highly valuable in CT involving imaging data. In
oncology studies, these algorithms can accurately measure tumour
progression from medical images, significantly reducing
interobserver variability. Additionally, in trials utilizing wearable
devices, computer vision can analyse video data to assess patient
mobility or detect visual indicators of health status, offering
objective and consistent evaluations [18, 19].

RL

Although still in its early stages of application in CT, RL shows
significant promise for optimizing trial designs and decision-making
processes. RL algorithms can adapt trial parameters dynamically
based on real-time incoming data, enabling more efficient and
ethical study conduct by continuously learning and improving
throughout the trial. A notable example is the use of RL to develop
adaptive treatment strategies in non-small cell lung cancer (NSCLC),
where researchers employed RL models to personalize treatment
decisions based on patient-specific characteristics and responses.
This approach aimed to improve clinical outcomes by dynamically
tailoring therapies, demonstrating RL's potential to transform
conventional trial methodologies into more responsive and patient-
centric models [20].

Generative Al

Large language models (LLMs), a type of generative Al, are being
applied in innovative ways within CT. They can assist in drafting initial
versions of trial protocols, thereby accelerating the design process.
Additionally, generative Al can be used to create personalized patient
education and informed consent materials, improving patient
understanding and engagement [21-23]. For instance, in silico
medicine used its GENTRL model to design novel molecular structures
for fibrosis, accelerating the drug discovery process. The Al-designed
drug candidate progressed from generation to animal testing in just 46
days, compared to traditional timelines that often span several months
or years. This demonstrates the potential of generative Al not only in
protocol design and patient communication but also in accelerating
drug discovery for CT.

Federated learning

Federated learning enables the training of Al models across multiple
decentralized data sources without the need to share raw data-
addressing a major privacy concern in multicentre trials. By keeping
the data localized at each participating site, only model updates (and
not raw patient data) are shared, thus preserving data privacy. This
approach mitigates privacy concerns by ensuring that sensitive
information does not leave the local institution. As a result,
federated learning allows researchers to collaboratively build robust
Al models while maintaining the confidentiality of patient data. This
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is especially critical in multicentre trials, where data is spread across
various institutions and jurisdictions, and compliance with privacy
regulations like general data protection regulation (GDPR) is
essential [24].

Explainable AI (XAI)

Explainable Al techniques are essential for ensuring transparency
and building trust in the growing use of Al in clinical decision-
making. XAl allows researchers to understand and interpret the
decisions made by Al models when analysing clinical trial data an
important requirement for regulatory compliance and ethical
responsibility [25].

Ml and DI

ML, particularly DL, serves as the foundation for most Al
applications in CT. These technologies enable advanced pattern
recognition and predictive modelling across various stages of trial
design and execution [14]. ML algorithms can analyse historical trial
data to predict patient enrolment rates, potential dropout risks, and
likely outcomes facilitating more informed and efficient trial
planning. Additionally, DL models can process complex patient data
to identify subgroups more likely to respond to specific treatments,
allowing for more targeted and effective follow-up studies [15].

Mostly these Al technologies do not work in isolation in dealing with
bigger issues pertaining to clinical trial issues. Synergizing all these
Al technologies onto one single platform promises enhanced
efficiency of trials, reduction in costs, and acceleration in developing
new therapies.

Applications of Al in clinical trial phases

Al is currently showing its effect on every phase of CT, from planning
before the trial to post-trial analysis. Specific discussion on the
applications of Al technologies at these different stages of the clinical
trial process.

Case studies

The section that follows presents some key case studies on how Al
has been applied in reality and on what impact it has had on
different areas of CT. These examples show the deployment of Al
technologies in solving certain challenges and enhancing the
outcomes of trials.

Accelerating patient recruitment: IBM Watson for clinical trial
matching

One of the most time-consuming and difficult parts of clinical
research is patient recruitment. IBM's Watson for clinical trial
matching has solved this problem by leveraging Al. Watson was used
at the Mayo Clinic to compare electronic EHRs and clinical trial
protocols to identify matching patients with relevant clinical studies.
Through NLP and ML, Watson had the ability to analyse complex
health data and select eligible candidates at a very high accuracy
level. This was an Al-based strategy that saw patient accrual to
breast cancer trials improve by 80% just 11 mo later. By
streamlining the matching process, watson not only made the
recruitment process faster but also enhanced the quality and
accuracy of the patient-trial matches. This case shows how Al can
potentially improve the efficiency of CT by shortening the
recruitment timelines, enhancing the accuracy of trial enrolment,
and ultimately leading to trial success [41].

Enhancing protocol design: in silco medicine's gentrl

Another compelling case demonstrating the transformative role of
Al in drug discovery and early-stage trial design involves in silico
medicine. The company employed its Al system, GENTRL, to design a
novel drug candidate for the treatment of fibrosis. Remarkably, the
Al-designed molecule progressed from initial generation to animal
testing in just 46 days timeline, that is approximately 15 times faster
than traditional drug discovery methods, which are often time-
consuming and costly [42]. This case highlights AI's potential to
drastically accelerate the pre-clinical phase of drug development and
significantly reduce the overall time and expenses associated with
bringing new drug candidates to CT.
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Table 1: Applications of Al across the drug development lifecycle

Pre-clinical phase

Al is relevant even at this very
preliminary stage of the
process for drug discovery and
target identification.

Phase I: Safety and dosage
This phase is designed to test
and estimate the safety and
dosage of a new drug.

Phase II: Efficacy and side
effects

Al can help in assessing the
efficacy of the drug and also in
finding out its possible side
effects at this phase.

Phase III: Large-scale efficacy
This would then be followed by
studies in bigger patient
populations and of longer
duration, for which Al can
make a big difference in terms
of efficiency.

Phase IV: Post-market
surveillance

This would then be followed by
studies in bigger patient
populations and of longer
duration, for which Al can
make a big difference in terms
of efficiency.

Cross-phase application

Al applications span multiple
phases of CT.

Regulatory compliance
Al-powered systems can help in
ensuring that documentation and
processes related to trials are in
compliance with the regulations
by raising flags against some of
the probable issues [40].

Drug discovery: Al algorithms, particularly ML models, can predict molecule properties and potential drug
candidates to accelerate drug discovery. Atomwise's Atom Net platform screened 8.2 million compounds for
COVID-19 therapies in just four days rather than months. Exscientia's Al-designed drug DSP-1181 for obsessive-
compulsive disorder reached CT in just 12 mo one-fifth the traditional timeline.

Target identification: Al analyses genomic and proteomic datasets to identify novel therapeutic targets.
Benevolent Al's platform identified baricitinib as a potential COVID-19 treatment by analysing viral entry
mechanisms and existing drugs, leading to food and drug administration (FDA) emergency use authorization.
Recursion pharmaceuticals' Al analysed over 100 million microscopy images to discover a novel target for
cerebral cavernous malformation, revealing a therapeutic pathway that traditional approaches had missed for
decades [25, 26].

Toxicity prediction: Al models predict potential toxicities from molecular structures and preclinical data [28].
DeepTox achieved 30% higher accuracy in the Tox21 Data Challenge compared to traditional methods. Pfizer's
Al-based screening reduced animal testing by 20% while maintaining safety standards. In sitro's models
accurately predicted drug-induced liver injury for previously failed compounds [80].

Dose optimization: ML algorithms suggest optimal dosing strategies using
pharmacokinetics/pharmacodynamics (PK/PD) data, reducing participants needed in dose-escalation studies
[29]. AstraZeneca's Al models optimized dosing for AZD5991, reducing Phase I trial size by 25% and accelerating
timelines by 3 mo. Genentech's ML-driven approach reduced required dose cohorts from 8 to 5 while
maintaining statistical power.

Efficacy prediction: Al models can integrate genomic, clinical, and imaging data to predict patient responses,
enabling more targeted trial designs. For instance, Tempus uses Al to match cancer patients to CT based on
molecular profiles. DeepMind has applied Al to predict treatment outcomes in diabetic retinopathy using imaging
and clinical data [30].

Adverse event detection: NLP techniques can analyse clinical notes and patient-reported outcomes to identify
adverse events. The FDA's Sentinel System uses such Al methods for early drug safety monitoring. Johnson and
Johnson also applies NLP to detect adverse drug reactions from clinical trial data and spontaneous reports [31].
Patient recruitment: Al algorithms can streamline patient recruitment by rapidly analysing electronic health
records (EHRs) to identify eligible candidates, improving speed and diversity. A notable example is IBM watson for
clinical trial matching at Mayo Clinic, which led to an 80% increase in breast cancer trial accrual within 11 mo [32].
Real-time monitoring: Wearable devices and electronic diaries provide continuous patient data, which ML
models analyse to monitor adherence and detect early adverse events. AiCure, an Al-powered platform, uses
smartphone cameras to verify medication ingestion, resulting in 25% higher adherence and 30% faster trial
completion in a Phase 2 schizophrenia study [33].

Pharmacovigilance: Al can detect previously unrecognized adverse drug effects by analysing large volumes of
post-market data from sources such as social media, EHR’s, and insurance claims databases. For example, the
FDA'’s Sentinel Initiative utilizes Al-driven analytics to enhance the identification of safety signals from real-
world data [34].

Real-world evidence generation: ML methods are increasingly applied to real-world data to assess the
effectiveness and safety of medications in broader patient populations. A key example is Flatiron Health, which
uses Al to analyse oncology EHRs, generating real-world evidence that supports regulatory and clinical decision-
making [35].

Protocol optimization

It can also use Al in the analysis of historical trial data to recommend optimal inclusion/exclusion criteria,
endpoint selection, and visit schedules in bettering chances for trial success [36].

Adaptive trial design

Al particularly through RL, enables dynamic adjustments to trial parameters based on incoming data in real
time. This allows trials to adapt sample sizes, treatment arms, or dosing strategies on-the-fly, improving
efficiency and ethical conduct by minimizing patient exposure to less effective treatments [37]. For instance, Al-
driven adaptive designs have been explored in oncology trials to rapidly adjust dosing or switch treatment
strategies based on interim patient responses.

Data quality management

Al enhances data quality by providing real-time validation during data entry, identifying inconsistencies, outliers,
or missing information across sites. DL models and NLP can flag discrepancies in unstructured data (e. g., clinical
notes) and even detect potential fraud. Tools like Saama Technologies' Al model have shown to detect 30% more
anomalous data than traditional statistical methods, significantly improving trial reliability [38].

Patient engagement

Chatbots, or other models of natural language generation, could provide tailored information for participants to
increase the likelihood of them staying in a study [39].

The integration of Al across these phases is foreseen to allow for a potential huge reduction in time and cost for
new therapies reaching the market and enhancing quality and reliability in CT data. However, it cannot go
unnoticed that the use of Al in CT also raises serious concerns with regard to the protection of data subjects,
algorithm bias, and acceptance by regulatory authorities, which are challenges to be met.

Improving data quality: Saama technologies' dl approach

Data quality is an essential consideration that has a direct impact on
the success and validity of CT. Saama Technologies demonstrated
how Al can be used to revolutionize this area. The company created

a DL model intended to identify anomalous data records within
clinical trial data. Having been trained on past trial data, the model
could successfully identify patterns connected to possible data
issues. Consequently, the Al system accurately identified 30% more
anomalous cases than would be possible with standard statistical
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approaches, while at all times holding a false positive rate of below
5% [43]. This example demonstrates the potential for Al to greatly
enhance the efficiency and effectiveness of data quality checking,
resulting in more confident trial outcomes and possibly shortening
the route to regulatory approval.

Optimizing dose selection: QSP at Pfizer

Pfizer showed how Al-based QSP models can be used to optimize
dose choice early on in CT. In one instance, Pfizer used a QSP model
to forecast the best dose for a new pain drug. This Al model
incorporated data both from preclinical experiments and early
human studies to guide dosing. The result was extremely successful
the model correctly forecasted the effective dose range, allowing
Pfizer to cut the number of dose cohorts in their Phase 2 trial by
60% [44]. This example shows how Al can be used to optimize dose
selection, thereby cutting the number of participants in early-phase
trials and helping to create more efficient and cost-effective clinical
programs.

Enhancing patient monitoring: aicure's ai-powered platform

AiCure offered a strong demonstration of how Al can revolutionize
patient adherence and monitoring in CT. The firm utilized Al-
powered technology that utilized smartphone cameras to confirm
taking medication and monitor patient behaviour in real time. The
method was piloted in a Phase 2 trial for a schizophrenia drug. The
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outcomes were significant: rates of adherence among patients in the
Al-monitored group were 25% greater, and the trial finished 30%
sooner than with conventional methods [45]. This example
highlights the power of Al to increase patient adherence
substantially, resulting in more accurate data gathering and
potentially shorter, more streamlined clinical trial durations.

Predicting trial outcomes: Unlearn. AI's digital twin approach

Unlearn. Al demonstrated how Al can transform clinical trial design
by creating "digital twins" virtual patient models to forecast clinical
outcomes. The firm built ML models trained on past clinical trial
data to create these digital twins, which were then employed in
conjunction with actual control groups in a simulated Phase 3
Alzheimer's trial. This novel strategy reduced the number of actual
patients by 30% without compromising the statistical power of the
trial [46]. Digital twins created using Al provide a potential solution
for minimizing control group sizes, optimizing trials and making
them both more efficient and ethically defensible, especially within
therapeutic spaces where recruitment of patients is challenging.
Together, these case studies illustrate the wide range of uses of Al in
CT, from drug development and dose optimization to patient
surveillance and data quality improvement. The results are
promising, but broader use of Al in clinical research is still in its
infancy. Progress will depend largely on regulatory acceptance and
thorough consideration of ethical issues.

Table 2: Comparative analysis between traditional approach and Al-driven approaches

Traditional approach

Al-driven approaches

Patient recruitment and screening
public advertisement
Protocol design and optimization
data
Data quality and monitoring
Adverse event detection Based on Clinical judgement

Real-world data integration

Manual charts revies, physical referrals,
Based on experts’ opinion and limited trial

Periodic monitoring and monitoring

Limited due to format and scale

Al scan EHR, databases to identify the eligible participants

Analyse large historical datasets and stimulate trail
outcome

Real-time detection and validation

Al uses NLP on clinical note and EHRs to detect
unreported events

Al process claims and social media

Ethical considerations and regulatory landscape

The application of Al in CT presents a number of new ethical
concerns and regulatory issues. This article provides an overview of
the main ethical considerations regarding the application of Al in
clinical research and an evolving regulatory framework that aims to
address the associated concerns.

Ethical considerations
Data privacy and security

In view of the high usage in large datasets, Al systems require extremely
high importance of protection concerning patients' data in terms of
privacy and security. Data privacy and security can be maintained by
Implementation of robust data encryption, access controls and federated
learning techniques can be used for decentralize data [47].

Informed consent

One of the most prominent issues when dealing with Al systems of
such complexity is how to provide adequate information to
participants about the role of Al in trials. Specific consent
procedures can be generated by using Al and to Enhance the
participant understanding interactive tools are used [48].

Algorithmic bias and fairness

It may inadvertently reinforce or even increase already existing
biases in health care, which Al systems would do. Regular audits of
the Al system carried out to overcome Algorithm Bias and diverse
representation of in Al development teams and training databases
can be considered [49].

Transparency and explain ability

Some Al algorithms are of a "black box" nature, their transparency
interfering with clinical decision-making. Clear communication

about what the Al will do and not do with all relevant stakeholders
by developing explainable Al techniques [50].

Human oversight and autonomy

Determining the appropriate level of Al autonomy in CT is crucial. The
clear protocol can be established for human oversight and regular
assessment of the performance and limitation of the Al systems [51].

Regulatory landscape

The regulatory framework in relation to Al within CT is still in
development, with agencies having to work hard to keep pace with
technological advancement.

FDA initiatives

The U. S. Food and Drug Administration (USFDA) has responded to
Al in CT in a number of ways. Digital Health Innovation Action Plan
Outlines the FDA's approach to digital health technologies, including
Al [52] and software as a medical device (SaMD): Guidance on the
regulation of Al-based medical devices [53].

Europe considerations

Already in the process is the engagement on Al in clinical research
by the european medicines agency (EMA)

Regulatory Science Strategy to 2025: It embeds plans for the
development of guidelines on the use of Al in a clinical trial setting [54].

Harmonization initiatives

International Council for Harmonization of Technical Requirements
for Pharmaceuticals for Human Use (ICH) is working on

ICH E6(R3) guideline

Expected to include considerations for Al and other digital
technologies in CT [55, 56].

105



M. K. Mahadevappa et al.

Proposed regulatory approaches

Continuous learning allows updating Al algorithms with
corresponding safeguards. Pré-certification programs Focusing on
the quality of Al developers rather than on the quality of individual
products. Real-world performance surveillance in CT by
Development of post-market surveillance systems for Al [57].

Current challenges prevail over by Al

CT represent the future in the development of medical knowledge and
new treatments. But the hurdles that exist against efficient progress
are many. Al can solve many of these in really promising ways.

Patient recruitment and retention

The clinical trial process faces numerous challenges, with patient
recruitment and retention being particularly time-consuming and
resource-intensive. ML algorithms offer promising solutions by
mining vast EHR datasets to identify potential participants matching
specific criteria, thus accelerating recruitment and ensuring more
diverse, representative samples [58].

Protocol design and optimization

Protocol design and optimization present another significant hurdle,
as researchers must balance scientific rigor with practical
considerations while often relying on limited historical data. Al can
address this by analysing past trial data to identify patterns and
factors contributing to success or failure, informing more efficient
protocol designs. ML models can simulate various protocol scenarios
to optimize study design before implementation [59].

Data collection and quality control

Data collection and quality control remain persistent challenges, with
difficulties in maintaining data accuracy, completeness, and consistency
across different sites and over time. Al-powered data capture systems
provide real-time validation by flagging inconsistencies or gaps requiring
immediate attention. Computer vision techniques can interpret medical
images or video data uniformly across multiple sites [60].

Adverse event detection and management

Protecting patient safety in large CT requires effective adverse event
detection and management. ML algorithms can track patient data in
real time, identifying patterns that may indicate adverse events
before they become clinically apparent. NLP can analyse
unstructured data like patient reports or medical notes to identify
potential safety signals [61].

Adaptive trial design

Adaptive trial designs that respond to emerging data involve logistical
complexities requiring rapid decisions. ML algorithms can continuously
learn from incoming trial data in real-time and propose optimal
adaptations through sample-size adjustments, treatment arms, or
identifying subgroups likely to benefit more from interventions [63].

Regulatory compliance and reporting

Ensuring regulatory compliance and generating comprehensive
reports are time-consuming tasks prone to errors. Al-powered
systems can automate much of the regulatory documentation
process, providing consistency and completeness. Natural language
generation helps produce standardized reports, while Al can
highlight potential compliance issues before submission [62].

Real-world evidence

Integrating real-world evidence with traditional clinical trial data
presents difficulties but offers deeper insights and more generalizable
results. Al can harmonize and analyse diverse data sources, including
EHR, wearable devices, and social media, to produce a more
comprehensive picture of treatment effects in routine practice.

Limitations and potential solution by Al

While Al has huge potential for digital transformation in CT, there
are difficulties and limitations to its implementation. The section
that follows presents an overview of the significant challenges that
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researchers, developers, and regulators should address if the full
benefits of Al in clinical research are to be realized.

Data quality and availability

The quality and quantity of data play a crucial role in determining
the effectiveness of Al models. Al models trained on low-quality or
incomplete datasets are likely to produce unreliable or
unsatisfactory outcomes. Moreover, existing datasets often exhibit
bias, particularly against underrepresented populations, which can
further compromise the fairness and generalizability of Al-driven
insights. To address these issues, several potential solutions can be
considered. First, there is a need for standardization in data
collection and storage practices across all clinical trial sites to ensure
consistency and comparability of data. Additionally, implementing
rigorous data cleaning and validation processes is essential to
enhance the accuracy, completeness, and overall integrity of the
datasets used to train Al models [63].

Interpretability and explainability

Most Al algorithms operate as "black boxes," meaning their internal
decision-making processes are often opaque and difficult to
interpret. This lack of transparency poses a significant challenge to
building trust in Al systems, particularly in the context of clinical
decision-making, where accountability and understanding are
critical. As a result, there is often hesitance among healthcare
professionals to adopt Al tools, and this lack of trust can hinder
broader implementation. Furthermore, the opacity of these systems
complicates the validation and regulatory approval of Al-driven
decisions, as clear justifications and reproducibility of outcomes are
necessary for compliance. To overcome these challenges, the
development and application of explainable Al techniques are
essential. These methods aim to make Al outputs more transparent
and interpretable to users. In addition, intuitive visualization tools
can be employed to graphically represent how Al systems arrive at
specific decisions, further enhancing user comprehension. Equally
important is the implementation of Al literacy training for
healthcare professionals, which can empower them with the
knowledge needed to critically evaluate and effectively use Al
technologies in clinical practice [64].

Regulatory compliance and validation

The rapidly evolving landscape of Al technologies presents
significant challenges for the adaptation and reshaping of existing
regulatory frameworks. Traditional regulatory models often struggle
to keep pace with the speed and complexity of Al innovation, which
can result in delays in the approval and implementation of Al-driven
CT. Additionally, the lack of harmonized standards across
jurisdictions may lead to inconsistencies in how Al technologies are
evaluated and applied in different regions, potentially affecting both
trial outcomes and patient safety. To address these issues, several
forward-looking solutions have been proposed. Regulatory agencies
such as the USFDA and the EMA could play a pivotal role by
developing Al-specific regulatory guidelines that clearly outline
requirements for development, validation, and approval
Establishing Al developer pre-certification programs tailored for
healthcare applications may also streamline the regulatory process
and ensure that developers adhere to high standards from the
outset. Furthermore, incorporating post-marketing surveillance
systems during and after CT can help monitor the real-world
performance and safety of Al technologies, allowing for continuous
oversight and improvement [65].

Integration with existing clinical workflows

Integrating Al tools into the well-established and highly regulated
processes of CT has proven to be a significant challenge. This has
contributed to the slow adoption of Al technologies within clinical
trial settings, as stakeholders may be hesitant to disrupt familiar
workflows. Additionally, the transition to Al-driven systems often
incurs high costs related to infrastructure upgrades and the need for
specialized training, further slowing integration. To facilitate
smoother adoption, a gradual implementation approach is
recommended, allowing for continuous feedback from end users to
refine and improve Al systems. Developing user-friendly interfaces
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is also essential to ensure that Al tools are accessible and intuitive
for clinical trial staff. Moreover, comprehensive training programs
are crucial to equip clinical research professionals with the
necessary skills to effectively interact with and manage Al
technologies throughout the clinical trial process [66].

Ethical considerations and bias mitigation

Al systems, if not carefully designed and monitored, have the
potential to reinforce existing biases in healthcare. When trained on
datasets that lack diversity or reflect historical inequalities, Al
models may inadvertently perpetuate or even amplify these
disparities. This raises significant concerns about fairness, as biased
Al applications could contribute to unequal treatment outcomes for
underrepresented populations. Furthermore, the risk of such
inequities can lead to a broader loss of public trust in Al-driven
clinical research, undermining the credibility and acceptance of
these technologies. To mitigate these risks, it is essential to regularly
evaluate Al systems for bias throughout their development and
deployment. Ensuring that training data are representative of
diverse populations is a critical step toward creating more equitable
algorithms. In parallel, promoting diversity within Al development
teams can bring varied perspectives that help identify and address
potential sources of bias. Additionally, implementing robust data
anonymization and security measures can protect patient privacy
while fostering trust in the ethical use of Al in clinical research [67].

Scalability and generalizability

For Al models to be truly effective in clinical research and practice, their
performance must remain consistent across different populations and
varied healthcare settings. When this consistency is lacking, the
applicability of Al tools to diverse, real-world scenarios diminishes,
which can lead to reduced accuracy and reliability. This inconsistency
poses a particular challenge in multicentre CT, where Al models may
perform well in some trial sites but poorly in others due to variations in
patient demographics, clinical practices, and data quality. To enhance
generalizability and reliability, several strategies can be employed.
Federated learning is a promising approach that allows Al models to be
trained across decentralized, diverse datasets while maintaining data
privacy, thereby improving their robustness across populations.
Additionally, it is crucial to conduct thorough validation of Al tools in a
variety of clinical settings before widespread implementation. Designing
adaptive Al systems that can be fine-tuned to reflect local practices and
patient characteristics further supports the goal of ensuring consistent
performance and meaningful outcomes in diverse environments [68].

Cost and resource requirements

The implementation of Al in CT often requires substantial up-front
investment, posing a significant barrier to entry for many
organizations. This financial demand can lead to the exclusion of
smaller research institutions and contribute to a widening gap
between well-funded centres and those with limited resources. As a
result, the benefits of Al may become concentrated within a select
group of institutions, potentially skewing research opportunities and
outcomes. To promote more equitable adoption, several strategies
can be pursued. Developing open-source Al tools specifically
designed for clinical research can lower the cost of entry and make
advanced technologies accessible to a broader range of
organizations. Encouraging institutional collaboration through the
sharing of Al resources, infrastructure, and expertise can also help
reduce the financial and technical burden on individual trial centres.
Additionally, government incentives and funding programs aimed at
supporting the integration of Al into CT can further level the playing
field and promote widespread innovation [69].

Future directions

As Al continues to evolve and integrate into CT, several promising
avenues for future development and research are emerging. This
section explores the potential future directions of Al in CT,
highlighting areas of innovation and anticipated advancements.

Advanced predictive modelling

Multi-modal Al models are transforming CT with advanced
prediction capabilities that coalesce heterogeneous types of data
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including genomic, clinical, imaging, and real-world evidence, into
unifying analytical architectures. These modern systems facilitate
the accurate stratification of patients according to personalized
medicine strategies, ascertaining those participants most likely to
benefit from particular interventions due to their integrative
biological and clinical profiles. By examining intricate patterns in
multiple data dimensions, such models can better forecast trial
outcomes and potential adverse events prior to their occurrence,
enabling early intervention. This all-encompassing data integration
enables more focused trial designs, decreases failure rates, and
speeds the development of precision therapies by linking treatments
to a patient's individualized biological traits [70].

Al-driven trial design and optimization

It will not take long before Al plays much more important roles both
in the design and optimization of CT. Al Involves in Automated
protocol generation, optimization and supplying adaptive designs
for clinical trial that dynamically change in accordance with real
time data and assists in optimized site Selection and Recruitment of
patients [71].

Enhanced natural language processing

In addition, NLP technology has been becoming increasingly
advanced in this direction, providing new methods for extracting
and analysing data. NLP facilitates improved extraction of relevant
information from unstructured clinical notes and medical literature
and improve the adverse event reporting from patient-reported
outcomes and also participates in advanced semantic analysis for
literature reviews and Meta-analysis [72].

Federated learning and decentralized trials

Federated learning is a revolutionary method for CT that allows Al
models to learn across sites without centralizing sensitive patient
information. This new technology maintains privacy while
permitting institutions to jointly build strong algorithms using their
local data. The shift towards decentralized trials is gaining
momentum, with federated systems supporting remote patient
monitoring, distributed data collection, and cross-institutional
collaboration while ensuring regulatory compliance. These
developments are especially useful for research in rare diseases and
international studies where data sharing is hindered by legal
obstacles. As federated systems evolve, they have the potential to
democratize clinical research by including heterogeneous
populations across geographical borders while ensuring strict data
protection standards [73].

Explainable Al (XAI) and trust-building

In CT, explainable AI (XAI) solves the "black box" issue of
sophisticated algorithms by offering transparent rationales for Al-
based decisions. Transparency is especially important when Al
systems recommend recruitment populations, detect adverse
events, or suggest protocol changes. XAl allows researchers,
regulators, and patients to see how conclusions are derived,
establishing crucial trust in Al recommendations. Since regulatory
agencies increasingly insist on transparency in healthcare Al use,
XAl assists in meeting compliance while enabling better cooperation
between computational systems and human clinical skill, finally
increasing the adoption and influence of Al in the whole clinical trial
process [74, 75].

Al-human collaboration models

Sophisticated Al-human interfaces are revolutionizing clinical trial
operations by enabling effortless collaboration between smart
systems and healthcare professionals. Adaptive interfaces
accommodate users' levels of expertise, offering the right depth of
information and decision support. In clinical decision-making, Al
systems collaborate with physicians to examine intricate trial data,
detect patterns, and recommend interventions while explaining
their rationale. This collaborative model blends Al computational
capability with human clinical experience and judgment, especially
useful when considering borderline cases or making subtle protocol
modifications. As these systems improve, they become more
intelligent partners than tools, assisting clinicians with evidence-
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based suggestions while maintaining human control of essential
ethical and medical choices throughout the clinical trial process [76].

Integration of real-world data

Next-generation Al systems are developing to natively combine and
understand real-world data with conventional clinical trial data,
building a richer picture of treatment impact. These advanced
models can reconcile heterogeneous real-world data sources such as
EHR, wearables, patient registries, and social determinants of health
to generate insights that augment controlled trial settings. Most
importantly, these systems utilize enhanced techniques to identify
and reduce inherent biases in real-world data, such as selection bias,
reporting discrepancies, and demographic unbalances. This new
approach offers researchers a better understanding of how
interventions work across different populations and real-world
environments, ultimately informing more informed regulatory
decisions and individualized treatment suggestions while enhancing
the external validity of clinical research results [77].

Ethical Ai and bias mitigation

In CT, Ethical Al aims to create advanced algorithms that identify
and counteract bias, especially in recruitment. Such systems actively
ensure diversity and inclusion through the recognition of patterns of
underrepresentation and adjustment for past disparities in clinical
studies. By examining recruitment information from an ethical
perspective, Al ensures that populations in trials more accurately
reflect actual populations, resulting in more generalizable findings
and reduced healthcare disparities. These resources facilitate
researchers to make equitable participant selections with scientific
validity, eventually promoting the pursuit of fair healthcare through
representative CT and increased trust within historically
disenfranchised populations [78].

Regulatory science and Al validation

Regulatory science will need to keep pace with the development of
technology as Al becomes extremely ubiquitous in CT. clear
regulatory guidelines can be established for application of Al in
various stages of clinical trial. Validation processes for the Al
algorithm in clinical trial need to be standardized and good clinical
practice guidelines for Al to be developed [79].

CONCLUSION

Al is transforming CT throughout the end-to-end pipeline, from drug
discovery to post-market monitoring. It greatly improves efficiency
in patient recruitment, protocol optimisation, data quality assurance,
and adverse event identification while lowering overall costs and
development timelines. Major contributions are in faster
recruitment via automated EHR screening, improved protocol
design via analysis of historical data, enhanced real-time data
validation, and sophisticated predictive modelling for personalised
medicine strategies. Future suggestions include formulating tailored
regulatory guidelines for Al-driven trial tools that ensure innovation
while providing protection to patients, setting out ethical standards
focusing on algorithm explainability and prevention of bias,
establishing standardized validation methods for Al systems in a
clinical environment, and instituting formal training regulations for
researchers who wuse Al tools. Despite the challenges of
implementation, ongoing investment in Al platforms, especially
those cantered on explainability, ethics, and real-world data
integration will be essential in harnessing the true value of Al for
transforming clinical research and individualized medicine.
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