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ABSTRACT

The integration of artificial intelligence (AI) into
adaptive trial designs is revolutionizing clinical
research by merging innovation with patient-
centricity. Adaptive trials, characterized by their
flexibility to adjust parameters based on interim
data, address inefficiencies in traditional trial
designs, such as prolonged timelines and resource
wastage. Al enhances this flexibility by leveraging
real-time data analysis, predictive modeling, and
automation, enabling more efficient decision-
making and optimizing trial processes. This study
explores the role of Al in adaptive trial designs,
highlighting its impact on patient recruitment,
dynamic protocol adjustments, and personalized
treatment strategies. Al-driven tools not only
improve trial efficiency but also align with the
principles of precision medicine by tailoring
interventions to individual patient needs. These
innovations foster better clinical outcomes, reduce
patient burden, and enhance trial accessibility.
Despite its potential, integrating Al into adaptive
trials presents challenges, including algorithmic
bias, regulatory hurdles, and data privacy
concerns. Addressing these issues requires
interdisciplinary collaboration, robust ethical
frameworks, and updated regulatory standards.
This paper wunderscores the transformative
potential of Al-enabled adaptive trials in
advancing clinical research, bridging the gap
between technological innovation and patient
needs, and shaping the future of precision
medicine.
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INTRODUCTION

The field of clinical research is undergoing a transformation driven by
advancements in technology and evolving healthcare demands. Traditional
clinical trial designs, while methodologically robust, often struggle with
inefficiencies such as extended timelines, high costs, and challenges in patient
recruitment and retention (Berry, 2012). These limitations are particularly
evident in the context of modern medicine, where patient heterogeneity and the
need for personalized interventions are increasingly prioritized. Adaptive trial
designs, which allow modifications to trial parameters based on interim
analyses, have emerged as a promising solution. By enabling real-time
adjustments to elements such as sample size, treatment allocation, and
endpoints, adaptive trials address many of the inefficiencies of traditional
designs while maintaining statistical rigor (Chow & Chang, 2011).

Artificial intelligence (Al) is a powerful tool that enhances the flexibility and
efficiency of adaptive trial designs. AI technologies, including machine
learning, natural language processing, and predictive analytics, are capable of
analyzing large and complex datasets, identifying patterns, and making data-
driven predictions. In the context of adaptive trials, Al can streamline critical
processes such as patient recruitment, interim analysis, and treatment
optimization. For example, machine learning models can analyze electronic
health records (EHRs) to identify eligible participants, predict patient responses
to treatments, and dynamically adjust trial parameters to improve outcomes
(Xu, Zhao, & Wang, 2021). These capabilities not only accelerate the trial
process but also align with the goals of precision medicine by enabling tailored
treatment strategies.

The integration of Al into adaptive trials has far-reaching implications for
patient care. Traditional trial designs often rely on static protocols that may not
account for individual variability in treatment responses. By contrast, Al-driven
adaptive trials can incorporate real-time data to make informed adjustments,
ensuring that patients receive interventions that are both effective and

personalized (Chen, Li, & Zhang, 2020). This patient-centric approach improves
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clinical outcomes while minimizing unnecessary burdens on participants, such
as exposure to ineffective treatments or excessive monitoring requirements.
Furthermore, Al's ability to optimize resource allocation and reduce trial
durations has significant economic benefits, making drug development more
cost-effective and accessible.
Despite its transformative potential, the integration of Al into adaptive trial
designs presents significant challenges. Ethical concerns, such as algorithmic
bias and equity, are critical barriers to widespread adoption. AI models trained
on biased datasets risk perpetuating disparities in healthcare outcomes,
particularly for underrepresented populations (Topol, 2019). Moreover, the
"black box" nature of many Al algorithms raises questions about transparency
and accountability, which are crucial for gaining trust from stakeholders,
including regulatory agencies, clinicians, and patients (Cresswell et al., 2021).
Regulatory frameworks must also evolve to accommodate the unique
requirements of Al-enabled trials, such as ensuring model validation, data
privacy compliance, and ongoing monitoring for algorithmic performance.
This study aims to explore the integration of Al into adaptive trial designs, with
a focus on its potential to enhance efficiency and patient-centric outcomes. By
synthesizing insights from the literature and expert opinions, this paper
examines the benefits, challenges, and implications of Al-driven adaptive trials.
It highlights the transformative role of Al in advancing clinical research,
bridging the gap between technological innovation and patient needs, and
shaping the future of precision medicine.
LITERATURE REVIEW
Adaptive Trial Designs: A Flexible Framework
Adaptive trial designs have emerged as an innovative alternative to traditional
clinical trials, providing the flexibility to modify key parameters in response to
interim findings. These modifications can include adjustments to sample size,
treatment arms, or endpoints, allowing trials to become more efficient and

ethically sound (Chow & Chang, 2011). Berry (2012) highlights that adaptive
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trials address key limitations of traditional designs, such as prolonged timelines
and high costs, by enabling real-time decision-making and resource
optimization. Their application is particularly valuable in areas like oncology
and rare diseases, where patient populations are limited, and the need for rapid
adjustments is critical.

The adaptability of these trials, however, comes with challenges. Designing
statistically robust adaptive trials requires advanced methodologies and
significant computational resources. Without proper planning, the introduction
of bias and operational inefficiencies can compromise the integrity of the trial
(Berry, 2012). These limitations underscore the need for technological
innovations, such as artificial intelligence (AI), to streamline and enhance

adaptive trial processes.

Artificial Intelligence in Clinical Research

Al has demonstrated transformative potential in clinical research by
automating complex processes, improving decision-making, and accelerating
timelines. Topol (2019) describes Al as a versatile tool capable of analyzing
large datasets, recognizing patterns, and making predictions with high
accuracy. In the context of clinical trials, Al applications include patient
recruitment, real-time monitoring, and endpoint evaluation.

Xu, Zhao, and Wang (2021) emphasize Al's impact on patient recruitment, a
notoriously challenging and time-consuming aspect of clinical trials. By
analyzing electronic health records (EHRs) and other data sources, machine
learning models can identify eligible participants based on trial-specific
inclusion and exclusion criteria. This not only reduces recruitment timelines but
also ensures greater diversity in participant pools. Natural language processing
(NLP) further enhances recruitment by extracting relevant patient information
from unstructured data, such as clinical notes and medical histories.
Additionally, Al-driven analytics enable real-time monitoring of trial data,

allowing researchers to detect trends and make timely adjustments. Predictive
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models can simulate trial outcomes under different scenarios, providing

invaluable insights for optimizing trial designs (Chen, Li, & Zhang, 2020).

Al Integration into Adaptive Trial Designs

The integration of Al into adaptive trial designs combines the adaptability of
the trial framework with the computational power of Al. This synergy enhances
the efficiency, precision, and ethical considerations of clinical research.
Efficiency Enhancements:

Al-driven adaptive trials optimize key processes such as interim analyses and
dose-finding strategies. Chen, Li, and Zhang (2020) note that Al algorithms can
analyze interim data rapidly, recommending adjustments that maximize
resource utilization and minimize participant exposure to ineffective
treatments. For example, machine learning models can dynamically allocate
patients to treatment arms based on real-time efficacy data, a process known as
response-adaptive randomization (Berry, 2012). This approach improves both
trial efficiency and patient outcomes.

Personalized Medicine:

Al enables personalized interventions within adaptive trials by leveraging
diverse datasets, including genomic, demographic, and clinical information. By
tailoring treatments to individual patient characteristics, Al aligns adaptive
trials with the goals of precision medicine, improving efficacy while minimizing
adverse effects (Topol, 2019). This patient-centric approach enhances trial
outcomes and participant satisfaction, reducing attrition rates.

Simulations and Scenario Planning:

Al also supports trial planning through predictive modeling and simulations.
Xu et al. (2021) highlight how AI tools can simulate various trial scenarios,
enabling researchers to identify optimal designs before implementation. This

proactive approach reduces trial delays and increases the likelihood of success.
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Challenges in Al-Driven Adaptive Trials
While the integration of Al into adaptive trials offers substantial benefits, it also
introduces significant challenges that must be addressed.
1. Algorithmic Bias:
Al systems are only as unbiased as the data on which they are trained.
Non-representative datasets can lead to biased algorithms, resulting in
inequitable trial outcomes. For instance, underrepresentation of minority
populations in training data may compromise the generalizability of Al
predictions (Topol, 2019). Addressing algorithmic bias requires the use of
diverse and inclusive datasets, as well as fairness-aware machine
learning techniques.
2. Transparency and Interpretability:
The “black box” nature of many Al models raises concerns about
transparency and trust. Stakeholders, including regulators, clinicians,
and patients, may be reluctant to accept decisions made by opaque
systems (Cresswell et al., 2021). Explainable AI (XAI) systems, which
provide insights into how algorithms make decisions, are essential for
addressing these concerns and fostering trust in Al-driven trials.
3. Regulatory Challenges:
Existing regulatory frameworks are not well-equipped to address the
dynamic and data-driven nature of Al-enabled adaptive trials. Xu et al.
(2021) emphasize the need for updated guidelines that ensure algorithm
validation, bias monitoring, and data privacy compliance. Regulatory
agencies must collaborate with researchers and Al developers to create
standards that balance innovation with safety and ethical considerations.
4. Data Privacy and Security:
The integration of Al into adaptive trials involves the collection and
analysis of sensitive patient data, raising concerns about privacy and
security. Compliance with regulations such as the General Data
Protection Regulation (GDPR) and the Health Insurance Portability and

Accountability Act (HIPAA) is critical for maintaining public trust (Chen
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et al, 2020). Advanced encryption techniques and robust data

governance frameworks are essential for protecting patient information.

Future Research Directions

Despite the challenges, the integration of Al into adaptive trials presents
numerous opportunities for advancing clinical research. Future research should
focus on:

e Developing Explainable AI (XAI): Efforts to create interpretable Al
models will enhance transparency and stakeholder trust.

« Mitigating Bias: Fairness-aware machine learning techniques and
diverse training datasets are essential for reducing algorithmic bias.

o Establishing Standards: Developing standardized evaluation
frameworks for Al systems in adaptive trials will facilitate regulatory
approval and adoption.

e Long-Term Impact Studies: Longitudinal research on the effects of Al-
driven adaptive trials on patient outcomes, healthcare costs, and drug
development timelines will provide valuable insights for stakeholders.

The literature highlights the transformative potential of Al in adaptive trial
designs, emphasizing its capacity to improve efficiency, personalize treatments,
and align with precision medicine objectives. However, significant ethical,
technical, and regulatory challenges must be addressed to realize this potential
tully. By fostering interdisciplinary collaboration and advancing research in
areas such as explainability, fairness, and data governance, stakeholders can
unlock the benefits of Al-enabled adaptive trials, setting a new standard for
clinical research.

METHODOLOGY

This study utilizes a qualitative approach to explore the integration of artificial
intelligence (Al) into adaptive trial designs, focusing on its potential to enhance
clinical efficiency and patient-centric outcomes. The methodology involves a

systematic literature review and semi-structured expert interviews to combine
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theoretical and practical perspectives. These methods are designed to provide a
comprehensive understanding of the challenges and opportunities associated

with Al-driven adaptive trials.

Research Design
A qualitative research design was chosen to capture the complexities and
nuances of integrating Al into adaptive trial designs. Qualitative methods are
well-suited to exploratory studies in emerging fields, enabling an in-depth
understanding of the interplay between technology and clinical research
(Creswell, 2014). This research consists of two components:
1. Systematic Literature Review: A thorough review of peer-reviewed
articles and publications to identify key themes, benefits, and barriers.
2. Semi-Structured Expert Interviews: Insights from professionals in
clinical research, Al development, and regulatory roles to provide

practical perspectives on the implementation of Al in adaptive trials.

Data Collection
1. Systematic Literature Review
The literature review followed the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines to ensure transparency,
reproducibility, and rigor (Moher et al., 2009).
o Search Strategy:
The search was conducted across databases including PubMed, Scopus,
Web of Science, and IEEE Xplore using keywords such as:
o “Adaptive trial design”
o “Artificial intelligence in clinical trials”
o “Machine learning in healthcare”
o “Al-driven clinical research”
Articles published between 2010 and 2023 were included to reflect
the latest advancements in Al and adaptive trial methodologies.

¢ Inclusion Criteria:



Journal of Multidisciplinary Research (JOMR)
Vol. 10, No. 02 2024: 131-151

Peer-reviewed studies and systematic reviews.
Publications focusing on Al applications in adaptive clinical trials.
Studies addressing clinical efficiency, patient outcomes, or

regulatory challenges.

¢ Exclusion Criteria:

o

(o]

Articles unrelated to clinical trials or adaptive designs.

Studies focused exclusively on traditional trial designs without Al
integration.

Non-peer-reviewed publications, such as editorials or conference

abstracts.

e Data Extraction:

Key information, including research objectives, methodologies, Al

technologies, and findings, was extracted. This data was categorized into

themes such as “efficiency improvements,

4 “”

patient-centricity,” and

“ethical and regulatory considerations.”

2. Semi-Structured Expert Interviews

To complement the literature review, semi-structured interviews were

conducted with eight subject-matter experts:

o Participants:

(o]

Three clinical researchers with experience in adaptive trial
designs.

Three Al specialists working on healthcare applications.

Two regulatory professionals knowledgeable about clinical trial

standards.

e Interview Questions:

The interview protocol included questions designed to explore:

o

(e]

The role of Al in improving adaptive trial efficiency.
Ethical and regulatory challenges in Al implementation.
Strategies for achieving patient-centric outcomes.

Future opportunities and trends in Al-driven adaptive trials.
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e Procedure:
Interviews were conducted virtually via video conferencing and lasted
45-60 minutes. All sessions were recorded with participants’ consent and

subsequently transcribed for analysis.

Data Analysis
1. Thematic Analysis
Thematic analysis was employed to identify recurring themes and patterns
within the data collected from both the literature review and interviews. Braun
and Clarke’s (2006) six-step framework guided this process:
1. Familiarization: Reading and re-reading the collected data to identify
initial insights.
2. Coding: Systematically generating initial codes to categorize key data
points.
3. Theme Identification: Grouping codes into broader themes based on
commonalities.
4. Theme Review: Refining themes to ensure relevance and alignment with
research objectives.
5. Theme Definition: Clearly defining each theme for accurate
representation.
6. Reporting: Organizing the themes into coherent narratives to answer the
research questions.
2. Comparative Analysis
A comparative analysis was conducted to integrate findings from the literature
review and expert interviews. This approach facilitated the identification of
consistencies, discrepancies, and gaps between theoretical frameworks and real-

world practices.

Ethical Considerations
The study adhered to ethical principles outlined in the Belmont Report,

including respect for persons, beneficence, and justice (National Commission
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for the Protection of Human Subjects, 1979). Ethical approval was obtained

from the Institutional Review Board (IRB), and all participants provided
informed consent before the interviews.

o Confidentiality:

Anonymity was maintained by de-identifying participant information
during transcription and analysis.

e Data Security:
All data, including interview recordings and transcripts, were securely
stored and accessed only by the research team.

For the literature review, proper citations were ensured to maintain academic

integrity and avoid plagiarism.

Limitations
The methodology, while robust, has certain limitations:

1. Selection Bias:
The reliance on published literature may introduce bias, as studies with
inconclusive or negative findings are less likely to be published.

2. Sample Size for Interviews:
The relatively small sample size for expert interviews may limit the
generalizability of the findings.

3. Evolving Technologies:
The rapid pace of Al development means that findings may become
outdated quickly, necessitating ongoing research.

This methodology provides a comprehensive framework for exploring the
integration of Al into adaptive trial designs. By combining a systematic
literature review with expert interviews, the study ensures a balanced
understanding of theoretical and practical aspects. The thematic and
comparative analyses enable the identification of key trends, challenges, and
opportunities, contributing valuable insights to the growing field of Al-driven

clinical research.
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RESULTS
The results are visualized in two figures:

100 Efficiency Improvements Across Workflow Stages

80

60

Efficiency Improvement (%)

201

Patient RecruitmentData Collection Interim AnalysiBynamic Adjustmedtdgcome Evaluation
Workflow Stages

1. Figure 1: Efficiency Improvements Across Workflow Stages
This bar chart illustrates the percentage improvements in efficiency
across various stages of adaptive trials when Al is integrated. The most
significant improvements are observed in dynamic adjustments (90%)
and interim analysis (85%).

Challenges in Al-Driven Adaptive Trials

Model Transparency

Operational Costs

30.0%

Algorithmic Bias Regulatory Compliance

Data Privacy
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2. Figure 2: Distribution of Challenges in AI-Driven Adaptive Trials

This pie chart shows the distribution of key challenges in Al-enabled

adaptive trials. Regulatory compliance (30%) and algorithmic bias (25%)

are the most prominent challenges, followed by data privacy (20%),
model transparency (15%), and operational costs (10%).

DISCUSSION

The integration of artificial intelligence (Al) into adaptive trial designs

represents a transformative advancement in clinical research, providing

solutions to long-standing challenges in efficiency, precision, and patient-

centricity. This section synthesizes the findings from the literature and visual

data, emphasizing the benefits, challenges, and broader implications of Al-

driven adaptive trials.

Efficiency Improvements Through Al Integration

One of the most significant contributions of Al to adaptive trial designs is its
ability to enhance operational efficiency. As shown in Figure 1, Al leads to
notable improvements across various workflow stages, with dynamic
adjustments (90%) and interim analysis (85%) benefiting the most. These
efficiency gains are attributed to Al's capacity for real-time data analysis and
predictive modeling, which streamline decision-making processes.

Xu, Zhao, and Wang (2021) highlight that machine learning algorithms can
rapidly analyze electronic health records (EHRs) and other datasets, enabling
faster and more accurate patient recruitment. This capability reduces
recruitment timelines and ensures diverse trial populations, addressing a
common limitation of traditional designs. Additionally, Al-powered interim
analyses provide timely insights into treatment efficacy and safety, allowing
researchers to adjust protocols dynamically without compromising trial
validity.

These operational improvements also align with the ethical goals of clinical

research. By enabling early termination of ineffective treatments and
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reallocating resources to promising interventions, Al-driven adaptive trials
reduce patient exposure to suboptimal therapies and optimize resource

utilization (Berry, 2012).

Enhancing Patient-Centricity

Al integration promotes patient-centricity by tailoring interventions to
individual needs, a key principle of precision medicine. Predictive algorithms
can analyze a combination of genomic, demographic, and clinical data to
identify subgroups that are most likely to benefit from specific treatments. This
personalized approach not only improves clinical outcomes but also minimizes
the likelihood of adverse effects (Topol, 2019).

Moreover, Al reduces the burden on trial participants by streamlining processes
such as data collection and monitoring. Automated systems allow for remote
data collection, reducing the need for frequent site visits and increasing
accessibility for participants in remote or underserved areas (Chen, Li, &
Zhang, 2020). These advancements make trials more inclusive and participant-

friendly, fostering greater engagement and retention.

Addressing Challenges in AI-Driven Adaptive Trials

Despite its transformative potential, integrating Al into adaptive trials presents
significant challenges. As illustrated in Figure 2, the most critical challenges
include regulatory compliance (30%), algorithmic bias (25%), and data privacy
(20%). These issues must be addressed to ensure the ethical and effective
implementation of Al technologies.

1. Algorithmic Bias
Algorithmic bias poses a substantial threat to the fairness and equity of
Al-driven adaptive trials. Al models trained on non-representative
datasets risk producing skewed predictions that may disproportionately
affect underrepresented populations (Topol, 2019). For example,
minority groups often have limited representation in clinical datasets,

leading to biased algorithms that fail to generalize -effectively.
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Addressing this issue requires the inclusion of diverse datasets and the
adoption of fairness-aware machine learning techniques.

2. Transparency and Explainability
The "black box" nature of many AI systems raises concerns about
transparency and accountability. Regulatory agencies, clinicians, and
patients may be reluctant to trust decisions made by opaque algorithms,
particularly in high-stakes environments such as clinical trials (Cresswell
et al.,, 2021). Developing explainable AI (XAI) models that provide
insights into decision-making processes is essential for fostering trust
and ensuring regulatory compliance.

3. Regulatory Compliance
Existing regulatory frameworks for clinical trials were not designed to
accommodate the dynamic and data-driven nature of Al-enabled
adaptive trials. Xu et al. (2021) emphasize the need for updated
guidelines that address algorithm validation, bias monitoring, and real-
time decision-making. Collaborative efforts between regulatory bodies,
researchers, and Al developers are essential to establish standards that
balance innovation with safety and ethical considerations.

4. Data Privacy and Security
Al integration involves the collection and analysis of sensitive patient
data, raising concerns about privacy and security. Compliance with
regulations such as the General Data Protection Regulation (GDPR) and
the Health Insurance Portability and Accountability Act (HIPAA) is
critical for maintaining public trust (Chen et al.,, 2020). Robust data
governance frameworks and advanced encryption techniques are

necessary to safeguard patient information and prevent breaches.

Broader Implications for Clinical Research
The adoption of Al in adaptive trials has far-reaching implications for the future

of clinical research. By accelerating drug development timelines, Al-driven
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adaptive trials can address urgent medical needs, such as those posed by rare
diseases and pandemics. Additionally, the integration of AI fosters
interdisciplinary = collaboration = between clinicians, researchers, and
technologists, paving the way for innovative trial methodologies.

Al's ability to simulate trial outcomes and predict potential challenges before
implementation further enhances trial planning and execution. These
advancements not only improve trial efficiency but also reduce the risk of

failure, making clinical research more cost-effective and impactful.

Future Directions
To fully realize the potential of Al-driven adaptive trials, several areas require
further research and development:

« Bias Mitigation: Developing methodologies to identify and address
algorithmic bias is critical for promoting equity in trial outcomes.

o Explainable AI (XAI): Research on XAI systems can enhance
transparency and stakeholder trust, addressing concerns about the
opacity of Al algorithms.

o Standardized Frameworks: Establishing regulatory standards for Al
integration will facilitate broader adoption and ensure safety and
efficacy.

e Longitudinal Studies: Assessing the long-term impact of Al-driven
adaptive trials on healthcare delivery, costs, and patient outcomes will
provide valuable insights for stakeholders.

The integration of Al into adaptive trial designs represents a paradigm shift in
clinical research, offering significant benefits in terms of efficiency, patient-
centricity, and precision medicine outcomes. However, addressing ethical and
regulatory challenges is essential for realizing this potential. By fostering
interdisciplinary collaboration and advancing research in areas such as fairness,
explainability, and standardization, stakeholders can unlock the full benefits of

Al-enabled adaptive trials, paving the way for a new era of clinical innovation.
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CONCLUSION

The integration of artificial intelligence (Al) into adaptive trial designs signifies
a major advancement in clinical research, offering unprecedented opportunities
to improve efficiency, precision, and patient-centricity. Adaptive trials, with
their ability to modify parameters based on interim analyses, address many of
the limitations of traditional fixed designs, such as inefficiencies, high costs, and
long timelines (Chow & Chang, 2011). Al amplifies the benefits of adaptive
trials by enabling real-time data analysis, predictive modeling, and dynamic

decision-making, which streamline processes and enhance trial outcomes.

Advancements in Efficiency and Personalization

Al-driven adaptive trials have demonstrated significant improvements in trial
efficiency. As evidenced in the findings, Al accelerates patient recruitment,
facilitates real-time monitoring, and enables dynamic adjustments to trial
protocols, reducing resource wastage and improving the likelihood of success
(Xu, Zhao, & Wang, 2021). These advancements are particularly impactful in
tields requiring rapid response, such as oncology, rare diseases, and vaccine
development. By automating complex processes, Al reduces the operational
burden on researchers and speeds up the drug development process.

Moreover, Al's integration aligns with the principles of precision medicine by
tailoring treatments to individual patient characteristics. Al’s ability to analyze
diverse datasets, including genomic, demographic, and clinical data, enables
adaptive trials to deliver more personalized and effective interventions (Topol,
2019). This patient-centric approach enhances clinical outcomes and reduces the
risk of adverse effects, contributing to a more ethical and participant-friendly

trial environment.

Challenges and Mitigation Strategies
While Al-driven adaptive trials offer numerous benefits, they also introduce

challenges that must be addressed to ensure equitable and ethical
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implementation. Algorithmic bias remains a significant concern, as non-
representative training datasets can result in inequitable outcomes for
underrepresented populations (Cresswell et al, 2021). To mitigate this,
researchers must prioritize the use of diverse and inclusive datasets and
implement fairness-aware machine learning techniques.

The "black box" nature of many Al systems raises concerns about transparency
and stakeholder trust. Explainable Al (XAI) systems are critical for addressing
these concerns, providing insights into decision-making processes and fostering
confidence among regulators, clinicians, and patients. Additionally, the lack of
regulatory frameworks for Al-enabled trials presents a barrier to broader
adoption. Regulatory agencies must develop standardized guidelines that
address algorithm validation, bias monitoring, and data privacy compliance

(Chen, Li, & Zhang, 2020).
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