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ARTICLE INFO ABSTRACT
Keywords: Background: Research protocol development represents a fundamental cornerstone of scientific inquiry, yet
Artificial intelligence traditional approaches relying on domain expertise and manual literature reviews are increasingly inadequate for
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addressing contemporary research complexity and exponential scientific data growth. The integration of artifi-
cial intelligence into this process occurs within contested political, economic, and epistemological contexts that
shape what research becomes possible or prioritized.

Objectives: This narrative review systematically examines Al technologies applicable to protocol development,
analyses real-world case studies across diverse research domains, identifies benefits and limitations of Al inte-
gration, critically evaluates political-economic contexts shaping Al deployment, and proposes recommendations
acknowledging power asymmetries and epistemological constraints.

Methods: A comprehensive literature search was conducted across PubMed, IEEE Xplore, ACM Digital Library,
Web of Science, and Google Scholar (2015-2025). Inclusion criteria encompassed peer-reviewed articles, con-
ference proceedings, technical reports, and case studies addressing AI applications in research protocol
development.

Results: Al applications suggest emerging potential across natural language processing for literature synthesis,
machine learning for study design optimisation, and automated ethical compliance checking. However, chal-
lenges persist including data quality issues, algorithmic transparency concerns, corporate control of Al systems,
political restrictions on certain research domains, and systematic bias toward methodologically conservative
designs that may disadvantage novel, theoretically complex, or population-heterogeneous research. Critical
examination reveals Al optimization encodes particular values about what constitutes "good science," potentially
foreclosing paradigm-challenging research and methodologically innovative approaches. Independent peer-
reviewed validation remains limited for many claimed benefits, with substantial evidence deriving from
corporate sources rather than independent evaluation.

Conclusion: Al offers reported potential for research protocol development. However, realization occurs within
power structures shaped by corporate ownership, political constraints, and epistemological biases. Future success
requires collaborative human-Al frameworks maintaining critical awareness of how efficiency metrics may
systematically disadvantage certain knowledge production forms, supported by independent evaluation rather
than corporate claims.
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1. Introduction

The development of robust research protocols constitutes the foun-
dational framework upon which all scientific investigations are built,
serving as the blueprint that guides methodological approaches, data
collection strategies, and analytical procedures." The quality and
comprehensiveness of research protocols directly influence the validity,
reliability, and reproducibility of study outcomes, making protocol
development a critical determinant of scientific advancement and
knowledge generation.> Traditional protocol development processes
have historically depended on researchers' domain expertise, extensive
manual literature reviews, consultation with statistical experts, and
iterative refinement through peer review and institutional oversight.

However, the contemporary research landscape presents unprece-
dented challenges that strain conventional protocol development ap-
proaches. The exponential growth of scientific literature, with over 2.5
million new peer-reviewed articles published annually, makes compre-
hensive manual literature reviews increasingly impractical and poten-
tially incomplete.*° The complexity of modern research questions often
requires interdisciplinary expertise that may exceed individual re-
searchers' knowledge domains, while the pressure for rapid research
translation and evidence-based decision-making demands more efficient
protocol development processes.”” Additionally, the increasing
emphasis on reproducibility and transparency in scientific research ne-
cessitates more rigorous and standardised approaches to protocol design
and validation.

It is important to note that Al deployment in research methodology
occurs within contested political and economic contexts. Federal re-
strictions in certain jurisdictions have constrained diversity-related
research and climate change investigation,® while corporate owner-
ship of major Al platforms (primarily US-based systems) raises questions
about scientific sovereignty and whose agendas shape what constitutes
"optimal" methodology.'® The integration of Al into protocol develop-
ment is not a politically neutral technical advancement but occurs
within power structures that may systematically advantage certain
research questions while marginalizing others. For example, a hospital
research department in a jurisdiction with federal diversity research
restrictions may find Al systems automatically flagging equity-focused
protocols as "high-risk" or "politically sensitive," effectively encoding
political constraints as methodological limitations even when the
research design is scientifically sound. Similarly, a multi-site interna-
tional study on climate health impacts may receive differential Al rec-
ommendations across jurisdictions based on local funding environments
rather than scientific merit.

The emergence of artificial intelligence technologies offers trans-
formative potential for addressing these challenges in research protocol
development. Al encompasses a broad spectrum of computational ap-
proaches, including machine learning algorithms that can identify pat-
terns in large datasets, natural language processing systems that can
analyse and synthesise textual information, and expert systems that can
encode and apply domain-specific knowledge.'""'? These technologies
have demonstrated remarkable capabilities in automating complex
cognitive tasks, processing vast amounts of information, and providing
data-driven insights that can inform decision-making processes.

Recent advances in Al applications across various scientific domains
have demonstrated the technology's potential to enhance research effi-
ciency, accuracy, and innovation. From drug discovery and clinical trial
design to environmental monitoring and social science research, Al tools
are increasingly being integrated into research workflows to augment
human capabilities and address methodological challenges.'® The
application of Al in research protocol development represents a natural
extension of these capabilities, offering opportunities to streamline
literature synthesis, optimise study designs, ensure compliance with
ethical frameworks, and improve the overall quality of research pro-
tocols.'#1°

However, critical examination is required of how Al systems encode
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particular epistemological assumptions about what constitutes "good
science." When Al recommendations derive from historical literature
reflecting homogeneous sampling practices justified by statistical power
considerations, these systems may systematically recommend protocols
that treat population heterogeneity as noise to be eliminated rather than
meaningful variance requiring investigation.'®!” This becomes partic-
ularly problematic when identical symptom presentations reflect
completely different neurobiological mechanisms across populations, a
distinction Al systems trained on methodologically conservative litera-
ture may fail to accommodate.

Despite the growing interest in AI applications for research
enhancement, there remains a significant gap in comprehensive un-
derstanding of how Al can be effectively integrated into research pro-
tocol development processes. Current literature lacks a systematic
examination of Al tools and techniques specifically designed for protocol
development, their practical applications across different research do-
mains, and the challenges and limitations associated with their imple-
mentation. More critically, existing literature has not adequately
examined whose interests Al systems serve, what research questions
become systematically disadvantaged when efficiency becomes the
primary value, and how corporate and political pressures shape Al
recommendations in ways that may constrain rather than enable sci-
entific inquiry.

The novelty of this review lies in its comprehensive analysis of Al
applications specifically focused on research protocol development,
providing a structured examination of current capabilities, real-world
implementations, and future directions while maintaining critical
awareness of power asymmetries, epistemological biases, and political-
economic contexts shaping Al deployment. This narrative review aims to
provide a comprehensive analysis of artificial intelligence applications
in research protocol development, examining current technologies,
practical implementations, and future opportunities for enhancing
research methodology. The review objectives are: (1) To systematically
examine current Al technologies and tools applicable to research pro-
tocol development; (2) To analyse real-world case studies and imple-
mentations across diverse research domains with critical attention to
evidence quality and corporate versus independent evaluation; (3) To
identify key benefits, challenges, and limitations of Al integration in
protocol development including systematic biases toward particular
research paradigms; (4) To critically evaluate political-economic con-
texts including corporate control, federal research restrictions, and im-
plications for scientific sovereignty; (5) To propose recommendations
for future development and implementation of Al-assisted protocol
development systems that acknowledge and mitigate power
asymmetries.

2. Methods
2.1. Search strategy and information sources

This narrative review employed a comprehensive literature search
strategy to identify relevant studies, reports, and case studies related to
artificial intelligence applications in research protocol development.
The search was conducted across multiple electronic databases
including PubMed, IEEE Xplore, ACM Digital Library, Web of Science,
and Google Scholar, covering the period from 2015 to 2025. Searches
were conducted between March 15-28, 2025.

Core search strategies employed database-specific syntax combining:

e Primary terms: (“artificial intelligence" OR "machine learning" OR
"deep learning" OR "natural language processing" OR "AI")

e AND

e Protocol terms: ("research protocol" OR "study design" OR "protocol
development" OR "research methodology" OR "clinical trial design"
OR "experimental design")
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Example. PubMed search string: (“artificial intelligence"[Title/Ab-
stract] OR "machine learning"[Title/Abstract] OR "natural language
processing"[Title/Abstract]) AND ("research protocol"[Title/Abstract]
OR "protocol development"[Title/Abstract] OR "study design"[Title/
Abstract]) AND ("2015"[Date - Publication]: "2025"[Date - Publication])

Additional targeted searches examined specific Al applications (e.g.,
"GPT-4 protocol development," "Novartis Al clinical trials," "NIH BRAIN
Initiative AI") and corporate implementations to capture grey literature
and industry developments.

2.2. Inclusion and exclusion criteria

The inclusion criteria encompassed peer-reviewed articles, confer-
ence proceedings, technical reports, and documented case studies that
specifically addressed Al applications in research protocol development
or related methodological processes. Both empirical studies and theo-
retical frameworks were included to provide a comprehensive overview
of the field. Exclusion criteria included studies focusing solely on Al
applications in data analysis without protocol development compo-
nents, non-English publications, and studies published before 2015 to
ensure currency of technological applications.

2.3. Evidence quality assessment framework

As shown in Table 1, evidence sources were classified using a four-
tier framework based on validation rigor and independence:

Evidence quality for case studies (Table 4) was assessed indepen-
dently by two reviewers (AO and DBO) using predefined criteria: (1)
presence of independent peer-reviewed validation, (2) disclosure of
methodology and data, (3) independence from commercial interests,
and (4) replicability of claims. Discrepancies were resolved through
discussion and consensus. When evaluating conflicting evidence across
tiers, Tier 1 sources were prioritized over lower tiers. Corporate sources
(Tier 4) were included for completeness but consistently flagged as
requiring independent verification, and claims from these sources are
presented with appropriate qualifiers ("reported,” "claimed," "credited
with") throughout the manuscript.

The review acknowledges inherent limitations in available evidence,
particularly the predominance of corporate sources (press releases,
conference presentations) over peer-reviewed independent evaluation
for commercial Al implementations. This evidence limitation is
addressed throughout the manuscript with explicit acknowledgment of
verification gaps and corporate versus independent sources.

Given the rapidly evolving nature of AI technology and its

Table 1
Evidence quality tiering framework.
Tier Evidence Type Characteristics Quality
Level
Tier Independent peer- Published in academic journals High
1 reviewed validation with external peer review;
independent validation;
reproducible methodology;
disclosed conflicts of interest
Tier Institutional Governmental/academic Moderate
2 technical reports institution reports with internal
review; methodology disclosed but
limited external validation
Tier Conference Conference proceedings with peer Low-
3 presentations with review; limited validation; Moderate
peer review preliminary findings
Tier Corporate materials Press releases, white papers, Low
4 promotional content; no

independent validation; potential
commercial bias
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applications in research methodology, this narrative review approach
was deemed most appropriate to synthesise diverse types of evidence,
including emerging tools, pilot implementations, and theoretical
frameworks that may not yet have extensive empirical validation. The
review also incorporated analysis of commercially available Al tools and
platforms specifically designed for research protocol development to
provide practical insights for researchers and institutions considering Al
adoption. However, we maintain critical awareness that commercial
promotion may not constitute robust evidence of effectiveness or
appropriateness.

3. Al technologies in research protocol development
3.1. Natural language processing for literature synthesis

Natural language processing represents one of the most mature Al
applications in research protocol development, offering sophisticated
capabilities for automated literature review and synthesis. Modern NLP
systems utilise transformer-based architectures and large language
models to process, analyse, and synthesise vast quantities of scientific
literature with unprecedented speed and accuracy.'®'® These systems
can identify relevant studies, extract key methodological information,
and generate comprehensive literature summaries that inform protocol
development decisions.

Advanced NLP tools such as Semantic Scholar's Al-powered search
capabilities and Connected Papers' visual literature mapping provide
researchers with intelligent literature discovery and analysis features.
These platforms employ machine learning algorithms to understand
semantic relationships between research papers, identify research gaps,
and suggest relevant methodological approaches based on similar
studies.”” The integration of citation analysis with content analysis en-
ables more sophisticated understanding of methodological trends and
best practices within specific research domains.

Recent developments in generative Al, particularly large language
models like GPT-4 and Claude, have introduced new possibilities for
automated protocol drafting and refinement. These systems, predomi-
nantly owned and controlled by US-based corporations (OpenAl, An-
thropic, Google), raise questions about scientific sovereignty when
international research communities become dependent on commercial
platforms whose priorities may shift with corporate or political pres-
sures.?!>? These systems can generate initial protocol sections based on
research objectives and constraints, suggest appropriate methodological
approaches, and identify potential gaps or inconsistencies in protocol
design.'>'* However, the application of these technologies requires
careful validation and human oversight to ensure accuracy and appro-
priateness of generated content. Critical examination is needed of what
agendas are encoded in these corporate systems and how commercial
interests shape what counts as "optimal" methodology.

The effectiveness of NLP in literature synthesis is particularly evident
in systematic review preparation, where automated screening and data
extraction can significantly reduce the time and effort required for
comprehensive literature analysis. Tools like Rayyan and Covidence
have integrated Al features to assist with title and abstract screening,
while more advanced systems can perform full-text analysis and meth-
odological quality assessment.”?

However, when NLP systems are trained predominantly on literature
reflecting homogeneous sampling practices, they may systematically
recommend protocols that perpetuate these patterns under the guise of
"best practice" optimization. If Al identifies that studies with restricted
demographic variance achieve higher citation rates or publication suc-
cess, the system may recommend population restriction as methodo-
logical optimization, thereby encoding existing biases as technical
imperatives.z“’25
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3.2. Machine learning for study design optimisation

Machine learning algorithms offer powerful capabilities for opti-
mising study design decisions through predictive modelling and pattern
recognition in existing research data. These systems can analyse large
databases of completed studies to identify factors associated with suc-
cessful outcomes, optimal sample sizes, and effective methodological
approaches.”® Furthermore, Bayesian networks and decision tree models
are particularly useful for modelling complex relationships between
study design parameters and expected outcomes.?”**

Reinforcement learning approaches have shown promise in adaptive
study design, where protocols can be modified in real-time based on
accumulating data and interim analyses. This approach is particularly
valuable in clinical trial design, where adaptive protocols can improve
efficiency and reduce costs while maintaining statistical validity.?*>°
The integration of machine learning with simulation studies enables
researchers to explore multiple design scenarios and identify optimal
configurations before study implementation.

Critical questions arise regarding what constitutes "successful out-
comes" in training data. When machine learning systems optimize based
on historical publication success, citation metrics, or commercial
viability, they may systematically disadvantage paradigm-challenging
research, theoretically complex designs, or investigation of under-
studied populations that face structural barriers to traditional success
metrics.®*? Efficiency optimization is not value-neutral, it encodes
particular assumptions about what research is worth doing.

Table 2 provides a systematic overview of the primary Al technolo-
gies employed in protocol development, detailing their specific appli-
cations, benefits, example tools, and inherent limitations across natural
language processing, machine learning, expert systems, and deep
learning approaches. Critical limitations include corporate control,
epistemological biases, and systematic disadvantaging of certain
research paradigms.

The application of machine learning in study design optimisation
extends beyond traditional statistical considerations to include practical
factors such as recruitment feasibility, resource allocation, and timeline
optimisation. Predictive models can analyse historical recruitment data,
demographic patterns, and institutional capabilities to provide realistic
estimates of study feasibility and duration.>>>*

However, when Al systems recommend "feasible" recruitment stra-
tegies based on historical success with easily accessible populations,
they may systematically discourage research with understudied or
harder-to-reach communities, thereby perpetuating research inequities
under the label of optimization.®!”

Table 2
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3.3. Al-driven sample size and statistical planning

Traditional sample size calculations rely on pre-specified effect sizes,
power levels, and statistical assumptions that may not accurately reflect
the complexity of real-world research scenarios. Al-enhanced ap-
proaches to sample size determination leverage historical data, simu-
lation studies, and adaptive algorithms to provide more accurate and
flexible sample size recommendations.>® These systems can account for
multiple outcomes, complex statistical models, and uncertainty in effect
size estimates.

Machine learning models trained on large databases of completed
studies can predict likely effect sizes and variance parameters based on
study characteristics, population demographics, and methodological
approaches. This data-driven approach to sample size planning can
reduce the risk of underpowered studies while avoiding unnecessary
over-recruitment.”>*® Additionally, Al systems can recommend optimal
allocation ratios, stratification strategies, and interim analysis plans
based on study objectives and constraints.

Critical examination reveals that when AI systems optimize for sta-
tistical power using historical effect sizes derived from homogeneous
samples, they may recommend sample restrictions that enhance statis-
tical efficiency while undermining external validity and mechanistic
understanding across heterogeneous populations.'®>” The fundamental
distinction between population diversity (demographic representation)
and brain diversity (neurobiological heterogeneity) is rarely accom-
modated in current Al systems, which may treat within-group variance
as methodological noise rather than meaningful biological signal.

4. Applications across research domains
4.1. Biomedical and clinical research

The biomedical research domain has been at the forefront of Al
adoption in protocol development, driven by the complexity of clinical
trials and the high stakes of medical research. Al platforms specifically
designed for clinical research, such as Protocol Builder and TrialPath,
provide comprehensive support for generating ethics-compliant, regu-
latory-ready protocols.’®*° These systems integrate multiple Al tech-
nologies to assist with literature review, study design optimisation,
sample size calculation, and regulatory compliance checking.

Clinical trial protocol development presents unique challenges,
including complex inclusion and exclusion criteria, multiple endpoints,
adaptive design considerations, and stringent regulatory requirements.
Al systems have demonstrated particular value in optimising patient
selection criteria by analysing electronic health records and identifying
biomarkers or clinical characteristics associated with treatment
response.>”*" This capability enables more precise targeting of study

Al technologies and their applications in research protocol development (with critical limitations).

Al Technology

Primary Application

Key Benefits

Example Tools

Limitations Critical Concerns

Natural Language
18-20

Literature synthesis,

Rapid literature review,

Semantic Scholar,

Quality dependent on Corporate ownership (US-based), encodes

Processing text analysis gap identification Connected Papers, training data, potential bias historical biases as "best practice," may
Elicit in source selection systematically recommend homogeneous
sampling
Machine Study design Pattern recognition, AutoML platforms, Requires large training Optimizes for conventional success metrics,
Learning”® optimisation, predictive  outcome prediction Bayesian networks datasets, limited may disadvantage novel/complex designs,
modelling interpretability treats heterogeneity as noise

Expert Systems””>"

Protocol validation,

Rule-based validation,

Protocol Builder,

compliance checking consistency checking TrialPath
Deep Learning”’ Complex pattern Advanced feature TensorFlow,

recognition, multimodal  extraction, integration of ~ PyTorch

analysis diverse data types applications

Computer Vision®”
30

Image-based protocol
elements, data
collection planning

Automated image
analysis planning,
quality control

OpenCV, medical

imaging Al

Limited to programmed
rules, may miss novel
scenarios

Black box problem,
computational requirements

Rules reflect corporate/regulatory
priorities, may enforce political restrictions
on research domains

Opacity prevents understanding whose
interests are served, concentrates power in
technically sophisticated actors

Training data biases, commercial platforms
dominate

Limited to visual data
applications
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populations and improved likelihood of trial success.

However, "treatment response” optimization based on historical data
may systematically exclude populations with different neurobiological
mechanisms underlying identical symptom presentations. When AI
recommends homogeneous samples for statistical efficiency, it may
produce findings with limited mechanistic validity across diverse pop-
ulations, a validity threat distinct from mere generalizability limita-
tions.®1°

The integration of AI with clinical data management systems has
enabled real-time protocol monitoring and adaptive modifications based
on accumulating evidence. Machine learning algorithms can identify
trends in recruitment, safety signals, and efficacy outcomes that may
warrant protocol amendments or early stopping decisions.>>>* This
capability is particularly valuable in oncology trials, where patient
populations may be heterogeneous and treatment responses can vary
significantly.

4.2. Environmental and social sciences

Environmental research presents unique methodological challenges
related to spatial and temporal variability, complex ecological in-
teractions, and multi-scale phenomena. However, we acknowledge that
climate change research faces political restrictions in certain jurisdic-
tions, with federal funding limitations affecting what questions can be
investigated and how findings can be disseminated.*"*? AI applications
in environmental protocol development focus on optimising sampling
strategies, predicting environmental conditions, and designing moni-
toring networks.'**! Machine learning models can analyse historical
environmental data, satellite imagery, and climate projections to
recommend optimal sampling locations, timing, and frequency.

Critical questions arise: Do Al systems trained during periods of less
restrictive research environments recommend protocols that current
political climates render unfundable or unpublishable? How do corpo-
rate Al platforms respond when political pressures demand limitations
on climate-related research? The treatment of climate modeling and
environmental monitoring as politically neutral technical exercises (as
in earlier Al literature) is quite naive given 2026 realities.'*'®

Social science research benefits from AI applications in survey
design, participant recruitment strategies, and bias detection.** Natural
language processing can analyse existing survey instruments to identify
potential sources of bias, suggest improved question wording, and
recommend appropriate statistical analysis approaches.*’ Al systems
can also assist with power analysis for complex social science designs,
including  multilevel  models, longitudinal studies, and
quasi-experimental approaches.

However, federal restrictions on diversity-related research in certain
jurisdictions mean that Al recommendations for studying equity,

Table 3
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discrimination, or demographic disparities may produce protocols that
are technically sound but politically unfundable.”*> Furthermore, when
Al systems flag diversity-focused research as "controversial" or "high--
risk" based on current funding climates, they encode political re-
strictions as methodological imperatives.

Table 3 examines domain-specific implementations, comparing how
Al applications vary across clinical research, environmental science,
social sciences, and basic sciences, highlighting the unique benefits and
challenges encountered in each field including political-economic con-
straints shaping what research becomes possible.

4.3. Interdisciplinary and translational research

Interdisciplinary research protocols require integration of method-
ological approaches from multiple disciplines, creating unique chal-
lenges for protocol development. Al systems can facilitate this
integration by identifying compatible methodological approaches, sug-
gesting appropriate statistical analysis plans for multi-domain data, and
ensuring consistency across different disciplinary perspectives.”> Natu-
ral language processing can analyse literature from diverse fields to
identify successful interdisciplinary methodological approaches and
potential areas of methodological conflict.

However, when Al systems optimize based on historical publication
success, genuinely novel interdisciplinary combinations may be flagged
as "high-risk" or "methodologically inconsistent" simply because they
lack precedent. The pressure to make research "look conventional" to
receive Al approval may systematically disadvantage the most innova-
tive work. !>

4.4. Ethical considerations and compliance framework

The integration of Al in research protocol development raises
important ethical considerations that must be carefully addressed to
ensure responsible implementation. Al systems used in protocol devel-
opment must themselves adhere to principles of transparency,
accountability, and fairness, while also ensuring that the protocols they
help develop meet appropriate ethical standards.'*“° This dual ethical
responsibility creates unique challenges for researchers and institutions
adopting Al-assisted protocol development.

Ethical Al tools have been developed to assess protocol drafts against
established ethical frameworks such as the Declaration of Helsinki,"” the
Belmont Report,*® and GDPR requirements for data protection. These
systems can automatically flag potential ethical concerns, suggest
appropriate consent procedures, and recommend safeguards for
vulnerable populations. The Ethical Al Toolkit, for example, provides
automated screening for missing consent procedures, inadequate data
security measures, and potential risks to participant welfare.

Domain-specific Al applications in research protocol development (with political-economic context).

Research Al Applications Specific Benefits Implementation Challenges Political-Economic Context

Domain Examples

Clinical Patient stratification, Improved trial Protocol Builder, Regulatory Corporate platform dominance (US-based),
Research®1° adaptive designs, efficiency, reduced TrialPath, IBM Watson acceptance, data optimization may exclude diverse populations,

regulatory compliance costs, faster approvals Clinical privacy concerns commercial interests shape "optimal"
methodology

Environmental Spatial sampling Improved spatial GIS-Al integration, Data availability, Federal restrictions on climate research in

Science**! optimisation, climate coverage, climate- satellite data analysis model validation certain jurisdictions, Al systems may

modelling integration informed designs

Social Sciences"*

Survey design Reduced bias, improved

NLP survey analysis,

recommend unfundable protocols, political
constraints treated as technical limitations

Cultural sensitivity, Federal restrictions on diversity-related

optimisation, bias generalisability demographic prediction ethical research, Al may flag equity studies as
detection, sampling models considerations "controversial," political unfundability encoded
strategies as methodological risk

Basic Sciences*” Experimental design Enhanced Laboratory automation Limited domain- Pressure toward commercially viable research
optimisation, reproducibility, novel Al hypothesis generation specific training data  questions, paradigm-challenging work may be

hypothesis generation

insights

systems

flagged as "high-risk"
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The transparency and explainability of Al recommendations in pro-
tocol development present particular challenges. Researchers and ethics
review boards need to understand the basis for Al-generated recom-
mendations to properly evaluate their appropriateness and potential
limitations. This requirement has led to the development of explainable
Al approaches specifically designed for research applications, which
provide clear justifications for their recommendations and highlight
areas of uncertainty.'’

However, explainability remains fundamentally limited when AI
systems encode complex corporate and political pressures. Even when Al
provides "explanations" for recommendations, the deeper question of
whose interests the system serves and what research it systematically
marginalizes often remains opaque.’’>? Furthermore, when Al tools
enforce political restrictions by making non-compliant designs seem
methodologically inferior, the ethical implications extend beyond
traditional research ethics frameworks.

4.5. Bias detection and mitigation strategies

Research bias represents a fundamental threat to the validity and
reliability of scientific findings, making bias detection and mitigation
crucial components of protocol development. Al systems offer sophis-
ticated capabilities for identifying potential sources of bias early in the
protocol development process, before they can impact study imple-
mentation and outcomes.’>?® These systems can analyse protocol
components against large databases of completed studies to identify
patterns associated with various forms of bias.

Machine learning algorithms can detect sampling bias by analysing
proposed recruitment strategies and comparing them with successful
approaches in similar studies. They can identify potential confounding
variables based on study design characteristics and suggest appropriate
control strategies.”!” Additionally, Al systems can flag potential mea-
surement bias by analysing proposed outcome measures and data
collection procedures against established validity and reliability criteria.

However, fundamental misunderstanding persists regarding what
constitutes "bias" versus meaningful variance. Current Al systems pre-
dominantly treat demographic diversity as a threat to statistical power
(sampling bias) rather than recognizing that homogeneous sampling
introduces systematic validity threats when neurobiological heteroge-
neity underlies surface-level homogeneity.'®*” The critical distinction:
When identical symptom presentations reflect completely different
neurobiological mechanisms across populations, studying only homo-
geneous samples produces invalid conclusions about mechanisms, not
merely limited generalizability.

The application of fairness-aware machine learning techniques to
protocol development ensures that study designs do not inadvertently
introduce or perpetuate disparities across different population groups.
These approaches explicitly consider equity and representation in
sample selection, outcome measurement, and analysis planning. Tools
adapted from Al Fairness 360 and similar platforms provide automated
bias auditing for research protocols with recommendations for bias
mitigation strategies.

However, political climate with federal restrictions on diversity-
related research, "fairness-aware" Al systems face impossible contra-
dictions: recommend equitable sampling and risk political unfund-
ability, or optimize for current funding climates and perpetuate systemic
exclusions.”?® The framing of diversity as an uncontroversial priority
ignores political realities shaping what research becomes possible.

5. Real-world case studies and implementation examples
5.1. NIH BRAIN initiative protocol development
The National Institutes of Health BRAIN Initiative represents one of

the largest implementations of Al-assisted protocol development in
neuroscience research. Institutional documentation claims the initiative
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has developed Al systems that synthesise decades of experimental data
to assist in drafting and refining multi-centre neuroscience protocols.*’
However, no independent peer-reviewed publications documenting
system performance or validation have been identified (Evidence Tier:
2-Moderate; institutional report without external validation). These
systems reportedly integrate literature analysis, experimental design
optimisation, and resource allocation planning to support large-scale
collaborative research efforts.

The AI system developed for the BRAIN Initiative combines natural
language processing for literature synthesis with machine learning
models trained on historical neuroscience research data. This integra-
tion reportedly enables automated identification of optimal experi-
mental conditions, sample size requirements, and analytical approaches
based on research objectives and available resources.’’**>° Claims of
development time reduction lack independent verification; claim pre-
dates the AI system implementation (2015 versus 2021-2024 imple-
mentation), raising methodological concerns about evidence validity.

5.2. COVID-19 protocol automation at stanford

Stanford University's response to the COVID-19 pandemic included
the development of Al-powered tools for rapid protocol development
and modification in response to changing pandemic conditions. The
system utilised natural language processing to continuously monitor
emerging COVID-19 literature and automatically suggest protocol
modifications based on new evidence.”">? This capability has been
described in independent academic sources (Evidence Tier: 1-High;
peer-reviewed validation), though quantitative effectiveness metrics
and comparative data remain limited. This approach enabled rapid
adaptation of research protocols as understanding of the virus and
effective interventions evolved.

The NLP-based system developed at Stanford could process hundreds
of new COVID-19 research papers daily, extracting key methodological
insights and identifying implications for ongoing studies.”® This detail
provides peer-reviewed documentation of system capabilities (Evidence
Tier: 1-High). Machine learning algorithms analysed patterns in suc-
cessful COVID-19 studies to recommend optimal study designs for new
research questions. This approach enabled researchers to maintain
high-quality protocols while responding rapidly to urgent research
needs.

However, "successful studies" during pandemic conditions may
reflect publication speed and institutional resources rather than meth-
odological quality or population representation. Al optimization based
on rapid publication metrics may systematically disadvantage more
rigorous or inclusive approaches that require longer timelines.'>*?

5.3. Pharmaceutical industry applications

Several major pharmaceutical companies have implemented Al sys-
tems for clinical trial protocol development, with claimed improvements
in trial success rates and development timelines. Novartis presented
findings at the AWS Life Sciences Symposium describing an Al platform
that integrates patient data analysis, regulatory requirement checking,
and protocol optimisation to streamline clinical development pro-
grams.”® This evidence derives from a conference presentation (Evi-
dence Tier: 3-Low-Moderate; conference presentation without peer
review or independent validation). The system reportedly analyses
historical trial data to predict optimal patient selection criteria and
endpoint selection strategies.

Pfizer's corporate communications claim the company's Al-assisted
protocol development system focuses on adaptive trial design, using
machine learning to optimise interim analysis plans and stopping rules
based on accumulating trial data.”® The system has been credited with
reducing clinical development timelines by an average of 18 months
while maintaining regulatory compliance and scientific rigor. However,
this claim derives exclusively from a corporate press release (Evidence
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Tier: 4-Low; no peer review, no independent validation, potential
commercial bias).

Evidence for pharmaceutical Al implementations comes primarily
from corporate sources (press releases,” conference presentations”")
rather than peer-reviewed independent evaluation. Commercial in-
terests in demonstrating Al value may bias outcome reporting. Inde-
pendent verification of claimed efficiency gains is notably absent.”!***
The 18-month reduction claim lacks methodological documentation,
comparative data, or independent audit (Evidence Tier: 4-Low). When
corporate promotional materials constitute the evidence base, critical
evaluation is essential.

Furthermore, pharmaceutical Al optimization prioritizes commer-
cially viable indications and patient populations with high probability of
regulatory approval. This corporate logic may systematically disad-
vantage rare diseases, complex heterogeneous populations, or novel
therapeutic approaches with higher uncertainty.'®!® Efficiency opti-
mization in commercial contexts encodes profit maximization, not
necessarily scientific advancement or public health benefit.

Table 4 synthesises real-world case studies from major organisations
including the NIH BRAIN Initiative, Stanford University, Novartis, and
Pfizer, documenting key outcomes, implementation timelines, and
critical lessons learned from practical Al deployment in research pro-
tocol development with explicit attention to evidence quality and veri-
fication gaps.

6. Challenges and limitations
6.1. Data quality and availability

The effectiveness of Al systems in research protocol development is
fundamentally dependent on the quality and comprehensiveness of
training data. Many Al applications require large datasets of completed
research studies with detailed methodological information and outcome
data, which may not be readily available across all research domains.?'
The variability in reporting standards and data accessibility across
different fields creates challenges for developing robust AI models that
can generalise across diverse research contexts.

Historical bias in research literature presents another significant
challenge, as Al systems trained on existing studies may perpetuate past
methodological limitations or demographic biases. The underrepresen-
tation of certain populations in published research can lead to Al rec-
ommendations that are not appropriate for diverse study populations.®
16 Addressing these limitations requires careful curation of training data
and ongoing validation of Al recommendations across different contexts.

More fundamentally, when training data predominantly reflects
homogeneous sampling justified by statistical power considerations, Al

Table 4
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systems learn to encode these practices as "best practice" optimization.
The result: Al recommendations perpetuate systematic exclusions while
appearing to provide neutral technical guidance.?*?° Data quality issues
are not merely technical problems but reflect epistemological biases
about whose experiences constitute valid knowledge.

6.2. Interpretability and transparency

The "black box" nature of many machine learning algorithms poses
significant challenges for research protocol development, where trans-
parency and justification of methodological decisions are essential. Re-
searchers, institutional review boards, and regulatory agencies need to
understand the basis for Al-generated recommendations to properly
evaluate their appropriateness.”’ This requirement has led to increased
focus on explainable Al approaches, but these often come with trade-offs
in terms of accuracy or computational efficiency.

The complexity of research protocol development, with its multiple
interconnected components and domain-specific considerations, makes
it difficult to develop Al systems that can provide clear, understandable
explanations for their recommendations. Current explainable Al tech-
niques may be insufficient for capturing the nuanced reasoning required
for high-quality protocol development decisions.>**®

However, the deeper opacity concerns corporate and political in-
terests encoded in Al systems. Even when Al provides technical "expla-
nations," understanding whose agendas the system serves, what
commercial pressures shape recommendations, and how political re-
strictions become encoded as methodological constraints often remains
fundamentally opaque.'®?! Transparency about algorithmic processes
does not address transparency about power structures shaping Al
deployment.

6.3. Regulatory and institutional barriers

The adoption of Al-assisted protocol development faces significant
regulatory and institutional barriers, particularly in highly regulated
fields such as clinical research. Regulatory agencies may be unfamiliar
with AI technologies and hesitant to accept protocols developed with Al
assistance without extensive validation and documentation.*® This un-
certainty can slow adoption and create additional validation re-
quirements that may offset some of the efficiency gains from AI
implementation.

Institutional review boards and ethics committees may also require
additional training and guidance to effectively evaluate protocols
developed with Al assistance. The need to assess both the appropriate-
ness of the research protocol and the validity of the Al system used in its
development creates additional complexity for ethics review

Case study summary of Al implementation in research protocol development (with evidence quality assessment).

Organisation AT Application Key Outcomes Implementation Lessons Learned Evidence Quality & Critical Concerns
Timeline
NIH BRAIN Multi-centre protocol Reduction in 2021-2024 Importance of domain No independent verification; citation predates
Initiative*>° synthesis and development time, expertise integration, need described system; evidence comes from
optimisation improved consistency for validation frameworks institutional claims not peer review; efficiency
metrics unsubstantiated
Stanford COVID Rapid protocol Real-time protocol 2020-2023 Value of automated "Successful" defined by publication speed not

Research® **

Novartis Clinical
Development®*

Pfizer Adaptive
Trials™

adaptation based on
emerging evidence

Patient selection and
endpoint optimisation

Adaptive design
optimisation and real-
time modifications

updates, maintained
quality under pressure

Reported improved trial
success rates, reduced
development costs

Claimed 18-month
average timeline
reduction

2019-ongoing

2020-ongoing

literature monitoring,
challenges of rapid
implementation

Critical role of data quality,
regulatory acceptance
challenges

quality; may disadvantage rigorous approaches;
pandemic urgency may not generalize

Evidence from conference presentation not peer
review; commercial bias in outcome reporting;
independent verification absent; optimization
for profitable indications

Evidence from press release not peer review;
corporate promotional claims; no independent
evaluation; profit-driven optimization may
disadvantage non-commercial research

Need for regulatory
education, importance of
statistical validation
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processes. 56

Furthermore, regulatory frameworks developed in different political
contexts may have incompatible requirements, creating challenges
when US-based corporate Al platforms become global standards. Ques-
tions of scientific sovereignty arise: what happens when international
research communities depend on Al tools controlled by entities subject
to US federal restrictions or corporate priorities?.'®%?

6.4. Human-Al interaction and over-reliance

The integration of Al in research protocol development raises con-
cerns about potential over-reliance on Al systems and the corresponding
reduction in human expertise and critical thinking skills. There is a risk
that researchers may become overly dependent on Al recommendations
without developing the skills necessary to critically evaluate and modify
these suggestions.”’"?* This over-reliance could lead to reduced meth-
odological innovation and the perpetuation of existing approaches
rather than the development of novel methodological solutions.

Effective human-Al collaboration requires researchers to maintain
appropriate levels of Al literacy and critical evaluation skills while
leveraging the computational capabilities of Al systems. Developing this
balance requires ongoing training and education programs that help
researchers understand both the capabilities and limitations of Al
tools.??2

However, when junior researchers are trained with Al assistance as
standard practice, they may never develop independent protocol
development expertise. The erosion of human methodological knowl-
edge creates dependencies on corporate Al systems while reducing ca-
pacity for critical evaluation of AI recommendations. Furthermore,
pressure to conform to Al-optimizable protocols may cause researchers
to avoid asking genuinely novel questions that lack clear Al-supported
pathways.

6.5. Systematic disadvantaging of certain research paradigms

A fundamental limitation inadequately addressed in existing litera-
ture: Al optimization based on historical success systematically disad-
vantages certain forms of knowledge production.'>>! Specifically:

1. Paradigm-Challenging Research: When AI recommends based on
past methodological patterns, genuinely novel approaches appear
"methodologically inconsistent" or "high-risk." Researchers face
pressure to make work look conventional to receive Al approval,
constraining scientific innovation.**>*°

2. Understudied Populations: When Al training data over-represents
easily accessible populations, protocols for hard-to-reach commu-
nities are flagged as '"recruitment-infeasible" or "high-variance,"
perpetuating research inequities under technical optimization.®'”

3. Theoretically Complex Designs: Research requiring sophisticated
theoretical frameworks or methodological innovation may appear
unnecessarily complicated compared to standardized approaches Al
recognizes as successful.>*°

4. Slow-Developing Knowledge: When efficiency becomes primary
value, research domains requiring decades-long observation, incre-
mental theory-building, or patient ethnographic engagement
become systematically disadvantaged compared to rapidly publish-
able designs.>”

The fundamental question Al literature fails to address: What
research becomes impossible when Al-optimization becomes gate-
keeping? Which forms of knowledge are foreclosed when corporate Al
platforms determine what constitutes "methodologically sound" proto-
col development?.'"!
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7. Future directions and recommendations
7.1. Human-AI collaborative frameworks

The future of Al in research protocol development lies in developing
effective human-AI collaborative frameworks that leverage the com-
plementary strengths of human expertise and artificial intelligence.
These frameworks should position AI as a "co-pilot" that augments
human capabilities while maintaining human oversight and final
decision-making authority.>**! Successful collaboration requires clear
delineation of roles and responsibilities, with Al systems providing
data-driven insights and recommendations while humans provide
domain expertise, ethical judgment, and creative problem-solving.

Developing effective collaborative frameworks requires research into
optimal human-AlI interaction designs, including user interface devel-
opment, explanation generation, and feedback incorporation mecha-
nisms. These systems should be designed to enhance rather than replace
human expertise, providing researchers with powerful tools for protocol
development while maintaining their central role in the scientific
process.

However, collaborative frameworks must explicitly acknowledge
power asymmetries. When corporate Al platforms determine "best
practices," human collaborators operate within constraints they did not
establish and cannot modify. True collaboration requires transparent
governance, diverse stakeholder input in system design, and mecha-
nisms for challenging AI recommendations when they conflict with
scientific values.''® Furthermore, frameworks must protect re-
searchers' capacity to pursue questions Al systems flag as "unconven-
tional" or "high-risk," ensuring methodological innovation remains
possible.*>4°

7.2. Interoperable platform development

The development of interoperable Al platforms that integrate mul-
tiple aspects of protocol development represents a significant opportu-
nity for improving research efficiency and quality. These platforms
should combine literature search and synthesis, protocol drafting,
ethical compliance checking, statistical planning, and validation tools in
a seamless, user-friendly interface.'* Integration with existing research
infrastructure, including institutional systems and regulatory databases,
is essential for widespread adoption.

Standardised data formats and API development will be crucial for
enabling interoperability between different Al tools and research sys-
tems. This standardisation will allow researchers to combine the best
features of different Al systems while maintaining data consistency and
reducing implementation complexity.*?

However, interoperability must address questions of control and
sovereignty. When standardization means adopting US corporate plat-
form specifications, international research communities cede autonomy
to commercial entities whose priorities may shift with political or eco-
nomic pressures.'”'® Interoperable platforms should include
open-source alternatives, multi-jurisdictional governance, and mecha-
nisms preventing single-vendor lock-in.”’*>

7.3. Training and capacity building

The successful integration of Al in research protocol development
requires comprehensive training and capacity building programs for
researchers, institutional staff, and regulatory personnel. These pro-
grams should cover both technical aspects of Al systems and the meth-
odological considerations for their appropriate use in research
contexts.*® Training should emphasise critical evaluation skills,
enabling researchers to effectively assess and modify Al-generated
recommendations.

Professional development programs should be developed in collab-
oration with academic institutions, professional societies, and Al
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technology providers to ensure comprehensive and up-to-date training
content. These programs should address both current Al capabilities and
emerging technologies, preparing researchers for continued technolog-
ical advancement in the field.?!

However, training must extend beyond technical operation to
include critical analysis of power structures, epistemological biases, and
political-economic contexts shaping Al deployment.'®*® Researchers
need capacity to recognize when efficiency optimization systematically
disadvantages certain knowledge forms, to identify corporate or politi-
cal agendas encoded in Al recommendations, and to maintain method-
ological autonomy despite pressures toward Al-conforming designs.?%**
Training should explicitly address: How to recognize when Al flags novel
approaches as "high-risk" due to lack of precedent rather than genuine
methodological problems. How to evaluate whether "optimization"
serves scientific advancement or corporate/political interests. How to
maintain capacity for paradigm-challenging research when Al systems
encode conservative epistemologies.®**®

7.4. Standardisation and quality assurance

The development of standardised approaches to Al validation and
quality assurance in research protocol development is essential for
ensuring reliability and regulatory acceptance. These standards should
address training data quality, model validation procedures, explanation
requirements, and ongoing monitoring protocols.” Industry-wide adop-
tion of these standards will facilitate regulatory acceptance and improve
confidence in Al-assisted protocol development.

Quality assurance frameworks should include both technical vali-
dation of Al systems and assessment of their impact on research quality
and outcomes. Long-term studies evaluating the effectiveness of Al-
assisted protocol development in improving research outcomes will be
essential for demonstrating the value of these technologies.

However, quality assurance must address whose values define
"quality." When standards derive from corporate Al developers or well-
resourced institutions, they may encode particular epistemological as-
sumptions about what constitutes good science.?'® Quality frameworks
should explicitly evaluate: Whether AI systems accommodate
paradigm-challenging research or systematically favor conventional
approaches. Whether optimization systematically disadvantages
understudied populations or theoretically complex designs. Whether
efficiency metrics reflect scientific value or commercial viability.
Whether corporate claims of effectiveness are independently verified.'®
46

Quality assurance must include independent evaluation rather than
accepting corporate promotional claims as evidence. The predominance
of press releases and conference presentations over peer-reviewed
assessment in current Al implementation literature represents a funda-
mental quality failure that standardization efforts must address.*!**>

7.5. Addressing scientific sovereignty and political-economic constraints

A critical future direction absent from existing Al literature: devel-
oping frameworks that maintain scientific autonomy despite corporate
platform dominance and political restrictions.'®'®  Specific
recommendations:

1. Multi-Jurisdictional Al Governance: International research commu-
nities should develop AI systems with distributed governance pre-
venting  single-jurisdiction political control or corporate
monopoly.'>*

2. Open-Source Alternatives: Investment in open-source Al platforms
that can be locally controlled and modified according to diverse
scientific priorities, reducing dependence on US corporate sys-
tems. 2142

3. Epistemological Diversity Protection: Quality standards should
explicitly value methodological innovation, paradigm-challenging

Intelligent Hospital 2 (2026) 100053

research, and investigation of understudied populations, prevent-
ing Al optimization from systematically foreclosing these ap-
proaches.>!*°

4. Political Context Transparency: Al systems should explicitly
acknowledge when political restrictions (e.g., federal limitations on
climate or diversity research) constrain recommendations, rather
than encoding political unfundability as technical optimization.' >

5. Independent Evaluation Requirements: Mandatory peer-reviewed
assessment of Al effectiveness, rejecting corporate promotional
claims as evidence.?!*?

6. Researcher Protection: Mechanisms ensuring researchers can pursue
questions Al systems flag as "unconventional" without facing sys-
tematic disadvantage in funding, publication, or career advance-
ment 3145

7.6. Hospital implementation and governance framework

The deployment of Al-assisted protocol development in hospital
research settings requires comprehensive governance frameworks
addressing procurement, operations, and ethics/compliance di-
mensions. Successful hospital implementation must balance innovation
potential with patient safety, data sovereignty, and institutional
accountability.

7.6.1. Procurement and adoption requirements
Hospital procurement of Al protocol development systems should
mandate contractual provisions addressing:

— Data Sovereignty and Localization: Contracts must specify where
protocol data, research metadata, and patient information are stored
and processed, with particular attention to cross-border data transfer
restrictions and compliance with jurisdictional requirements (GDPR,
HIPAA, local data protection laws). Hospitals should negotiate data
residency guarantees preventing unilateral vendor relocation of
processing infrastructure. 10,13

— Model Update Notifications and Version Control: Vendors must
provide advance notification (minimum 30-90 days) before
deploying algorithm updates that may alter protocol recommenda-
tions, enabling institutional review of changes and assessment of
impacts on ongoing studies. Hospitals should require detailed change
logs documenting modifications to Al decision logic, training data, or
recommendation algorithms.***®

— Audit Logs and Traceability: Systems must maintain comprehensive
audit trails documenting all Al-generated recommendations, user
modifications, decision rationales, and protocol versions. Audit ca-
pabilities should enable retrospective review for regulatory compli-
ance, quality assurance, and identification of systematic biases.”'°

— Explainability and Interpretability Standards: Contracts should
mandate that AI systems provide interpretable explanations for
recommendations at a level comprehensible to institutional review
boards, regulatory agencies, and research teams. Black-box systems
without explainability mechanisms should be excluded from pro-
curement consideration.?**°

— Third-Party Evaluation Rights: Hospitals should retain rights to
commission independent technical audits and performance evalua-
tions, with vendor cooperation requirements for providing necessary
system access and documentation. Procurement should prioritize
vendors willing to undergo external validation.?"*

7.6.2. Operational integration and access control

Effective hospital operations require seamless integration with
existing research infrastructure while maintaining appropriate access
controls:

— Interoperability with Hospital Systems: AI protocol development
platforms must integrate with research data warehouses, electronic



A. Ojo et al.

health record systems, regulatory databases, and institutional re-
positories through standardized APIs and data formats. Integration
should enable bidirectional data flow while maintaining data
integrity and security.'*** Responsibility: Chief Information Officer
(CIO) / Chief Technology Officer (CTO) in collaboration with
Research IT leadership.

— Role-Based Access Control (RBAC): Implementation should employ
granular access controls aligned with institutional roles and re-
sponsibilities. Principal investigators, research coordinators, statis-
ticians, regulatory specialists, and IRB members should have
differentiated access levels reflecting their protocol development
functions. RBAC should prevent unauthorized modification while
enabling appropriate collaboration.'’ Responsibility: Data Gover-
nance Committee in partnership with Research Administration
Office.

— Minimal Access Principles: Systems should implement principle of
least privilege, granting users only the minimum access necessary for
their specific functions. Access to sensitive protocol components
(patient-level data, proprietary methodologies, commercially sensi-
tive information) should require explicit justification and
approval.'%4° Responsibility: Information Security Office in coordi-
nation with Research Compliance.

7.6.3. Ethics, compliance, and quality oversight
Robust ethical oversight mechanisms are essential for responsible Al
deployment:

— Clear Labeling of AI Involvement: All protocols developed with Al
assistance must include explicit disclosure statements identifying
which protocol components received Al input, which recommenda-
tions were accepted or rejected, and the rationale for human de-
cisions overriding Al suggestions. This transparency enables
appropriate IRB evaluation and maintains researcher account-
ability.">°® Responsibility: Institutional Review Board (IRB) /
Research Ethics Committee.

— IRB/Ethics Review Considerations: Institutional review boards
require training and decision frameworks for evaluating Al-assisted
protocols. Review criteria should address: (1) appropriateness of Al
recommendations for the specific research context, (2) potential
biases encoded in Al training data, (3) adequacy of human oversight
and modification, (4) implications for participant diversity and in-
clusion, and (5) compliance with evolving regulatory standards for
Al in research.*®°® Responsibility: IRB Chair and Ethics Committee
leadership.

— Version Control and Protocol Traceability: Hospitals must implement
rigorous version control systems tracking all protocol iterations, Al-
generated drafts, human modifications, approval stages, and
amendment cycles. Version control should enable reconstruction of
decision histories for regulatory audits and quality reviews.>'? Re-
sponsibility: Research Administration Office and Quality Assurance
team.

— Continuous Monitoring and Quality Metrics: Implementation should
include ongoing evaluation of Al system performance through met-
rics assessing recommendation appropriateness, bias detection,
protocol quality outcomes, regulatory approval rates, and researcher
satisfaction. Regular quality reviews should identify systematic is-
sues requiring intervention.>'®> Responsibility: Research Quality
Committee with input from Data Governance Committee.

Accountability Boundaries: Clear delineation of responsibilities
across hospital leadership (CIO/CTO for technical infrastructure), IRB/
ethics committees (protocol appropriateness and ethical oversight),
research administration (compliance and quality), and data governance
committees (access control and data protection) prevents gaps in over-
sight while avoiding duplicative review processes. Formal governance
charters should specify decision-making authority, escalation pathways,
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and inter-committee coordination mechanisms.'**°

8. Limitations of this review

This narrative review has several limitations that should be
acknowledged when interpreting its findings and recommendations.
First, the rapidly evolving nature of Al technology means that some tools
and capabilities discussed may become outdated quickly, while new
developments may emerge that are not captured in this review. The
review was conducted using literature available through early 2025, and
significant advances in Al technology may have occurred since that
time. Furthermore, political contexts continue shifting rapidly; federal
research restrictions discussed as 2026 realities may evolve further,
requiring ongoing critical evaluation.

Second, the focus on published literature and documented case
studies may miss important developments in proprietary Al systems
developed by pharmaceutical companies or other organisations that
have not been publicly disclosed. This limitation may result in an
incomplete picture of the current state of Al implementation in research
protocol development. More critically, corporate opacity about Al sys-
tem operation prevents full evaluation of whose interests these systems
serve and what agendas they encode.!®?! The predominance of pro-
motional claims over peer-reviewed evaluation in available evidence
represents a fundamental limitation constraining robust assessment.

Third, the narrative review methodology, while appropriate for
synthesising diverse types of evidence in a rapidly evolving field, does
not provide the systematic evaluation of evidence quality that would be
possible with a systematic review approach. The selection and inter-
pretation of studies may be subject to reviewer bias, and important
studies may have been inadvertently omitted. As a narrative rather than
systematic review, this manuscript did not follow PRISMA guidelines or
employ formal systematic screening protocols. Consequently, precise
quantification of evidence sources by tier classification was not con-
ducted, and the evidence base should be understood as representative
rather than exhaustive. Future systematic reviews employing PRISMA
methodology would strengthen evidence synthesis and enable meta-
analysis of Al effectiveness where sufficient comparable studies exist.

Fourth, many of the Al applications discussed in this review are still
in early stages of development or implementation, with limited long-
term evaluation of their effectiveness and impact on research quality.
The evidence base for many recommendations is therefore preliminary,
and more extensive validation studies will be needed to confirm the
benefits and identify potential risks of Al integration in research pro-
tocol development. Specifically, claimed efficiency gains lack indepen-
dent verification, relying on institutional claims or corporate press
releases rather than peer-reviewed evaluation.”"*?

Fifth, the exclusion of non-English publications may limit general-
izability of findings to global hospital contexts and multi-jurisdictional
governance frameworks. Al implementation challenges and solutions
may differ substantially across linguistic, cultural, regulatory, and
healthcare system contexts. Non-English literature may document
alternative approaches to AI governance, different regulatory frame-
works, or region-specific implementation barriers not adequately rep-
resented in English-language sources. This limitation particularly affects
applicability to hospitals in non-English-speaking jurisdictions and in-
ternational collaborative research networks requiring multi-
jurisdictional governance models.®!®

Finally, the review may not adequately address the diversity of
research contexts and institutional settings where AI might be imple-
mented. The examples and case studies primarily focus on well-
resourced institutions and research contexts, which may not be repre-
sentative of the broader research community's experiences and chal-
lenges with Al adoption. Furthermore, the review's scope limits detailed
examination of how AI deployment varies across different political-
economic contexts, regulatory environments, and power structures
shaping research globally.®'?



A. Ojo et al.

9. Conclusion

Artificial intelligence is fundamentally transforming research pro-
tocol development by offering unprecedented capabilities for literature
synthesis, study design optimisation, ethical compliance checking, and
bias detection. The integration of AI technologies including natural
language processing, machine learning, and expert systems suggests
emerging potential for improving the efficiency, accuracy, and meth-
odological rigour of research protocols across diverse scientific domains.
Real-world implementations in major research initiatives and pharma-
ceutical development programs have reported improvements in devel-
opment timelines, protocol quality, and research outcomes, though
independent verification of many claims remains limited and evidence
derives primarily from corporate sources rather than peer-reviewed
evaluation.

However, the successful integration of AI in research protocol
development requires careful attention to challenges including data
quality, algorithmic transparency, regulatory acceptance, and appro-
priate human-AI collaboration. More fundamentally, critical examina-
tion reveals that AI deployment occurs within contested political-
economic contexts shaped by corporate ownership of major platforms
(predominantly US-based), federal restrictions on certain research do-
mains (climate change, diversity-related investigation), and epistemo-
logical biases encoded in training data that systematically favor
methodologically conservative, commercially viable, and politically
uncontroversial research.'®?! The treatment of Al optimization as
politically neutral technical advancement obscures how efficiency
metrics may systematically disadvantage paradigm-challenging
research, understudied populations, theoretically complex designs,
and knowledge production requiring long timelines or methodological
innovation,'>*!

The fundamental questions Al literature has failed to adequately
address: Whose interests do corporate Al platforms serve when com-
mercial pressures or political restrictions shift? What research becomes
impossible when Al-optimizable protocols become gatekeeping re-
quirements? How does dependence on US-based corporate systems
affect scientific sovereignty for international research communities?
When efficiency becomes primary value, which forms of knowledge
production are foreclosed?.'>*?

The future of Al in research methodology lies not in replacing human
expertise but in creating effective collaborative frameworks where Al
augments human capabilities while maintaining essential oversight and
critical evaluation. However, collaboration requires explicit acknowl-
edgment of power asymmetries, transparent governance preventing
corporate monopoly or single-jurisdiction political control, protection
for researchers pursuing questions Al systems flag as "unconventional,"
and mandatory independent evaluation rather than acceptance of pro-
motional claims.®>*° Hospital implementation requires comprehensive
governance frameworks addressing procurement requirements (data
sovereignty, explainability standards, third-party evaluation rights),
operational integration (interoperability, access control), and ethics
oversight (AI disclosure, IRB training, version control), with clear
accountability delineation across institutional leadership. This approach
requires ongoing investment in technology development, training and
capacity building that includes critical analysis of epistemological biases
and political-economic contexts, and the establishment of appropriate
quality assurance and validation frameworks that value methodological
innovation and paradigm-challenging research alongside efficiency
optimization.z’13

As Al technology continues to advance, its role in research protocol
development will likely expand and evolve. The research community
must proactively address the challenges and limitations identified in this
review while working to realise the significant potential benefits that Al
offers for advancing scientific knowledge and improving research effi-
ciency. However, this proactive engagement must include critical eval-
uation of whose values Al systems encode, what knowledge forms are
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systematically marginalized when efficiency becomes primary metric,
and how to maintain scientific autonomy despite corporate platform
dominance and political restrictions.'”>! The ultimate goal should be
the development of Al systems that serve as intelligent partners in the
research process, enhancing human creativity and expertise rather than
replacing them, while preventing Al optimization from foreclosing the
paradigm-challenging, methodologically innovative, and politically
contentious research that often produces the most transformative sci-
entific advances.'*"
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