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1. Introduction

Clinical research is human-subjects research that 
evaluates health, disease, and medical interventions 
to generate evidence for patient care, regulatory 
decision-making, and medical practice (1). Clinical 
data management (CDM) underpins the reliability 
of clinical research data by supporting the design, 
collection, quality control, and preparation of data for 
analysis (2). Its responsibilities extend from the study 
planning stage to the finalization of analysis-ready 
datasets. The International Council for Harmonisation 
(ICH) E6 (R3) Good Clinical Practice guideline, an 
internationally harmonized standard for clinical trials, 
identifies data integrity, traceability, confidentiality, 
reliability, and fitness for purpose as core principles of 

data governance (3) (Figure 1, bottom line). Because 
errors introduced at the data level cannot be corrected by 
subsequent statistical analysis or interpretation, CDM is a 
foundational function for ensuring the quality of clinical 
research.
	 The environment surrounding CDM has changed 
substantially in recent years. Clinical trials now use 
diverse data sources beyond conventional case report 
forms (CRFs), including electronic health records 
(EHRs), wearable devices, patient-reported outcomes 
(PROs), and medical images. As a result, data volume 
has increased, and data structures have become more 
complex (4). These changes have increased the workload 
of CDM and have made it increasingly necessary to 
maintain data quality efficiently. At the same time, 
qualified data managers remain in short supply (5), 
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particularly in organizations without dedicated CDM 
departments. In this context, rapid advances in artificial 
intelligence (AI), especially large language models, have 
attracted attention as a potential means of supporting 
CDM tasks such as data cleaning, medical coding, and 
query generation (6).
	 This review summarizes examples of AI use in 
key CDM-related tasks, including data cleaning, 
medical coding, and query generation, and discusses 
the regulatory requirements and risk-management 
considerat ions  necessary  for  the  responsible 
implementation of AI in clinical research. A common 
feature of the cases reviewed is that AI supports initial 
processing, anomaly detection, coding, or text generation, 
whereas final judgment remains with qualified human 
personnel. This operational model is known as human-in-
the-loop (HITL) and is based on collaboration between 
humans and AI rather than full automation (7). The HITL 
concept is particularly important for clinical research 
organizations that must maintain high data quality with 
limited CDM resources (8). In this review, HITL is 
positioned as the central framework for discussing AI 
applications, relevant regulations, and risk management 
in CDM.

2. Background: CDM challenges, policy background, 
and AI utilization

2.1. Roles and workflow of CDM

High-quality data are essential for valid analysis and 
reliable conclusions in clinical research (3,9). Even 
well-designed studies cannot generate robust evidence 
unless protocol-specified data are collected accurately 
and completely (3,10). Data managers are involved from 

the planning stage to ensure that primary endpoint data 
are captured appropriately (Figure 1, Clarification of 
Endpoints, Protocol Review). Building an electronic data 
capture (EDC) system is one of their main responsibilities 
(Figure 1, EDC Construction). Because EDC is only 
the data-entry infrastructure, data checks, reporting 
functions, and entry-support must also be implemented 
to enable accurate and timely data collection (3). 
Accuracy in CDM goes beyond confirming consistency 
between entered data and source documents; it also 
requires confirming that protocol-required data have 
been collected and are available in an analysis-ready 
format (3,11) (Figure 1, Creating a Collection Plan). 
For example, primary endpoint data should be collected 
without missing values, and visit-based data should be 
entered at time points specified in the protocol schedule 
(3,10). Data cleaning systematically refines collected 
data and is a core CDM activity for ensuring data quality 
(Figure 1, Data Cleaning). Appropriate recording and 
management of audit trails for data modifications and 
updates are also mandatory in clinical research (3,12,13) 
(Figure 1, Recording of Audit Trails).
	 Data managers support clinical research by building 
databases that faithfully capture protocol-defined 
endpoints and by maintaining data-entry quality. 
Their responsibilities span EDC construction, system 
operation, data cleaning, and data delivery, making them 
essential to research quality. In this article, "clinical 
research" refers broadly to clinical trials in general and is 
not limited to pharmaceutical trials.

2.2. Current challenges in CDM

The CDM field faces a serious shortage of qualified 
personnel, particularly in Japanese Academic Research 
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Figure 1. Clinical research process and data management. This simplified schematic highlights clinical research stages and 
data manager activities relevant to this review. Data managers support investigators across planning, protocol development, patient 
recruitment, and data collection phases, contributing to high-quality data and accurate analyses that underpin research success. 
The five principles at the bottom—data integrity, traceability, confidentiality, reliability, and fitness for purpose—represent the 
foundational CDM requirements specified in ICH E6 (R3).
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which conventional tools have struggled and may 
create new categories of research data (23). Second, 
LLMs can be adapted to specific domains through 
fine-tuning on specialized corpora or through careful 
prompt engineering, reducing the need for large-scale 
custom development. Third, AI can scale processing 
volume while improving output consistency. Manual 
data review is affected by reviewer experience, fatigue, 
and workload, which can reduce the thoroughness and 
consistency of checks. AI systems, including LLMs, 
avoid these sources of variation and can apply uniform 
criteria repeatedly to large datasets, making them useful 
complements to quality management (6).
	 Current AI systems also have important limitations 
and risks, discussed later in this article. The next section 
uses case examples to examine how AI capabilities can 
be applied to specific CDM-related tasks.

3. Case examples in AI-aided CDM

A defining feature of AI in professional applications 
is that non-specialists can operate it through natural 
language instructions. This has accelerated adoption 
across many professional domains (24,25). The 
following sections present examples of AI utilization 
in CDM-related tasks and adjacent data-processing 
approaches that may be transferable to CDM workflows. 
Peer-reviewed literature documenting AI applications 
in routine CDM practice remains limited; therefore, 
some examples are drawn from publicly accessible 
online sources. The sources should not be interpreted as 
official positions of the organizations concerned. The 
examples should therefore be interpreted according to 
their maturity: some are already used or evaluated in 
CDM-related tasks, whereas others illustrate approaches 
that may require further validation before routine CDM 
implementation.

3.1. Data cleaning

Among CDM tasks, data cleaning is quality-critical and 
rule-intensive, making it a strong target for automation 
(Figure 2A). A notable precedent is the work of Shi et 
al. on Belgian primary care EHR data (26). They built a 
clinical knowledge database (CKD) containing reference 
ranges, unit-conversion formulas, and outlier-detection 
criteria for each variable, and implemented an automated 
cleaning pipeline combining fuzzy matching and outlier 
detection (26). For more than one million records across 
52 variables, the pipeline completed in 5.2 minutes a 
task that would have required 30 to 40 hours of manual 
work by an experienced statistician. Quality indicators 
improved for most variables, particularly the proportion 
of abnormal values caused by digit or unit errors (26). A 
key strength of this approach is that decisions are based 
on objective clinical knowledge rather than statistical 
distributions, enabling robust performance even in real-

Organizations (AROs). Unlike pharmaceutical companies, 
which often have dedicated CDM departments, many 
AROs rely on a small number of data managers to 
oversee multiple trials simultaneously. In a report by 
the All-Japan Conference of Deans of Medical Schools 
and Hospital Directors, only 16 of 80 universities (20%) 
reported having three or more full-time data managers 
(14). Including the seven institutions that were developing 
such capacity, 64 universities had insufficient CDM 
human resources. Thus, a limited workforce must manage 
multiple concurrent trials. At the same time, the volume 
and diversity of data sources are increasing (15). Data 
are becoming more diverse, complex, and voluminous, 
and decentralized clinical trials (DCTs) have widened the 
range of sources. Unstructured data, including medical 
images, are also expected to be incorporated more often 
(16,17). Maintaining data quality under these conditions 
will become increasingly challenging.

2.3. Policy background

Several policy developments have shaped the CDM 
environment in Japan. In Japanese clinical research, the 
Ethical Guidelines for Medical and Biological Research 
Involving Human Subjects (18) and the Enforcement 
Regulations on the Clinical Research Act (19) require 
research protocols to specify data collection and 
management methods; monitoring is required under 
the guidelines, when research involves invasiveness 
or intervention. These requirements make data quality 
assurance a planning-stage legal obligation. For 
pharmaceutical trials, the GCP Ministerial Ordinance 
establishes equivalent requirements (20). In parallel, 
Japan has adopted the Society 5.0 vision, and the Medical 
DX Promotion Headquarters, led by the Cabinet Office 
and the Ministry of Health, Labor and Welfare (MHLW) 
is accelerating healthcare digitalization (21). AI-aided 
data management is therefore increasingly viewed not 
as an experimental option, but as a practical necessity. 
Together with personnel shortages, these policy signals 
have encouraged active consideration of AI applications 
in CDM.

2.4. AI in CDM

AI, particularly large language models (LLMs), has 
advanced rapidly in recent years. Major AI and cloud 
providers are increasingly developing healthcare-
oriented services based on medical data standards such 
as FHIR and DICOM (Supplementary Table S1, https://
www.globalhealthmedicine.com/site/supplementaldata.
html?ID=123). Among these advances, several features 
of AI and LLMs are especially relevant to clinical 
research data (22). First, they can process unstructured 
text, such as physician notes, pathology reports, 
and adverse event narratives, and extract structured 
information. This capability addresses an area in 
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world datasets with a high proportion of patients with 
disease.
	 Bönisch et al. proposed a machine learning (ML) 
approach for predictive data-quality assessment using 
data from medical data integration centers at German 
university hospitals (27). XGBoost and SVM were 
applied to echocardiography, laboratory, and medication 
data, and prediction results were stored as quality 
metadata in a data warehouse (27). Compared with 
conventional approaches that require item-by-item 
logical checks, this method may streamline large-scale 
quality checking while maintaining comparable rigor.
	 Although these studies were not conducted in routine 
clinical trial CDM settings, they illustrate data-quality 
assessment approaches that may be transferable to CDM 
workflows involving large-scale, heterogeneous clinical 
data.
	 We explored AI-aided data checking (Iwamoto et al., 
The potential of data checking using AI and RPA. In: The 
17th Annual Meeting of the Japan Society of Clinical 
Trials and Research. 2026). The workflow was designed 
to read raw CSV data downloaded from an EDC system 
and extract records that met predefined error conditions 
(Figure 2A). Generative AI produced check scripts from 
natural language descriptions of error conditions, and 
robotic process automation (RPA) executed the scripts 
to extract error data (Figure 2B). More than 94% of the 
anticipated errors embedded in test data were detected. 
The study also showed that prompt rules can improve 
reproducibility in data checking.

	 Together, these international precedents and the 
domestic initiative share a common implementation 
principle: AI performs the initial processing, while 
humans make the final judgment. This hybrid structure 
reflects a HITL (see Section 6.1) perspective rather than 
full automation. Streamlining data checking is central 
to CDM quality and efficiency, and AI may have a 
particularly large impact in AROs with lean CDM teams.

3.2. Medical coding

Evidence supporting AI-aided medical coding continues 
to accumulate. WHODrug Koda, developed by the 
Uppsala Monitoring Centre (UMC), combines text-
processing algorithms, coding rules, and ML to convert 
free-text drug names in adverse event reports into 
standard WHODrug Global codes (28). In an evaluation 
of approximately 4.8 million drug entries in VigiBase, 
Koda increased the automatic coding rate from 61% 
to 89% compared with a simple direct matching while 
maintaining 97% coding accuracy (28). Its three-tier 
design automatically selects a code when confidence is 
high, presents candidate codes when ambiguity remains, 
and withholds coding when expert judgment is required, 
making it a rational HITL implementation. The AI-DM 
Task Force of the Japan Pharmaceutical Manufacturers 
Association (JPMA) has examined natural language 
processing-based automatic coding of disease names 
entered as free text in CRF fields, including medical 
history and adverse events, to ICD-10, as well as the 
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Figure 2. Conventional and AI-aided automated data-checking workflows. In the conventional approach (A), data check 
requirements are manually translated into EDC-based review by a data manager. In the automated approach (B), generative AI 
interprets the same requirements and generates executable scripts for robotic process automation (RPA), enabling automated error 
detection from raw CSV data.
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human oversight needed for quality assurance (29-31). 
Similar initiatives have been reported for coding safety 
information, including adverse events, to MedDRA 
(32). Across drug and adverse event coding, the shared 
design principle is clear: AI processes high-confidence 
cases automatically, while human reviewers focus on 
cases requiring nuanced judgment. This approach helps 
concentrate limited specialist resources on high-value 
tasks.

3.3. Query generation

Query management is one of the most labor-intensive 
components of CDM, yet comprehensive query issuance 
appears to contribute only modestly to database quality. 
Stokman analyzed approximately 2 million queries 
from 20 Phase III trials at seven major pharmaceutical 
companies and found that the data-correction rate 
for conventional rule-based automated queries was 
approximately 1.4% (33). This suggests a shift from 
query quantity to query quality and prioritization, that is, 
toward risk-based query management. LLMs may offer 
a new way to address this challenge. In Japan, members 
of the JPMA task force evaluated two query-generation 
approaches: fine-tuning a base model and using an existing 
LLM without additional training. In both approaches, more 
than 80% of generated queries were judged suitable for 
direct operational use. The findings suggest that the choice 
of approach should depend on user-side requirements, 
including the availability of training data and the desired 
naturalness of query messages.
	 AI could support  preferential  detect ion of 
clinically meaningful inconsistencies and generation 
of corresponding queries by leveraging both structured 
clinical data and unstructured text, including query 
messages. Using AI to improve query quality and 
prioritization may help address a long-standing CDM 
challenge: maintaining data quality while reducing site 
burden from large query volumes. Further evidence 
is expected as real-world validation and quantitative 
effectiveness evaluations accumulate.

4. Regulations and guidelines for AI-aided CDM

AI use in CDM raises regulatory challenges that must 
be addressed alongside technical implementation. The 
current regulatory landscape is fragmented. Relevant 
documents include established clinical research 
regulations, AI-specific frameworks with varying 
degrees of legal force, and medical AI guidelines that 
often do not directly address clinical research. This 
section first characterizes the regulatory landscape for 
AI-aided CDM and then examines expectations across 
three issues most directly relevant to CDM practice: the 
integrity of computerized processes, human oversight 
and accountability, and the privacy and security of 
clinical research data. Supplementary Table S2 (https://

www.globalhealthmedicine.com/site/supplementaldata.
html?ID=123) summarizes each instrument's coverage of 
these issues.

4.1. The regulatory landscape

At the international level, three documents are 
particularly relevant, but they differ in legal force, scope, 
and direct applicability to CDM. ICH E6 (R3) (January 
2025) provides the GCP framework for CDM and 
becomes binding in each jurisdiction when incorporated 
into domestic regulations (3). Through its standalone 
data-governance chapter and media-neutral coverage 
of computerized systems, it extends established CDM 
expectations to AI-aided workflows. However, it does 
not specifically target AI. The FDA-EMA Guiding 
Principles of Good AI Practice in Drug Development 
(January 2026) provide the most direct regulatory 
discussion of AI in drug development, including human-
AI interactions and traceable documentation, but they 
are non-binding (34). The EU AI Act (Regulation (EU) 
2024/1689, in force August 2024) is a legally binding 
AI-specific framework and classifies AI systems 
used as medical devices as high-risk, with potential 
extraterritorial reach where outputs are used in the EU; 
however, it is not specific to CDM, and AI systems 
developed solely for research and development are 
explicitly exempt (35). Thus, no single international 
instrument provides binding requirements and directly 
targets AI use in CDM.
	 In Japan, alignment between ICH E6 (R3) and 
domestic ministerial ordinances under the Pharmaceuticals 
and Medical Devices Act is underway, but current 
domestic implementation extends only to E6 (R2) (36). 
In contrast, AI-specific domestic instruments remain 
voluntary. The MHLW Guidelines for the Utilization of 
Digital Data in AI Research and Development focus on 
personal information protection but explicitly exclude 
clinical research data (37). The AI Business Guidelines 
issued by the Ministry of Economy, Trade and Industry 
and the Ministry of Internal Affairs and Communications 
(Version 1.1, METI/MIC, 2025) establish four cross-
sector pillars: safety, fairness, transparency, and privacy 
(38). Japan AI Safety Institute (J-AISI/IPA) provides 
cross-sector references for AI evaluation and data-
quality management (39,40). The Healthcare AI 
Platform Collaborative Innovation Partnership (HAIP-
CIP) Guidelines for the Use of Generative AI in the 
Medical and Healthcare Fields (2nd Edition) are the 
most practically relevant domestic reference for CDM, 
providing detailed risk classifications across eight use 
cases, including research data processing (41). Thus, in 
Japan, binding requirements for AI-aided CDM currently 
come from clinical research regulations for computerized 
systems, whereas AI-specific domestic documents remain 
voluntary supplementary guidance and are not tailored to 
CDM.
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4.2. Process integrity: validation, audit trails, and 
documentation

For AI-aided CDM, the central question is whether 
the data-management process remains verifiable, 
reproducible, and auditable when AI is used to support 
data review, data cleaning, or query generation. Because 
such outputs may influence how clinical research data 
are corrected, documented, and judged to be reliable for 
analysis, AI-aided workflows should be treated as part 
of the computerized processes subject to CDM quality 
requirements.
	 This interpretation is grounded primarily in ICH 
E6 (R3), which requires risk-proportionate validation 
and audit-trail maintenance for computerized systems 
regardless of technology, placing AI-aided data cleaning 
and query generation within the same quality expectations 
as conventional EDC tools (3). AI-specific frameworks 
reinforce this direction. The FDA-EMA Guiding Principles 
emphasize traceable documentation of data provenance, 
processing steps, and human-AI interactions, while the 
EU AI Act adds automated logging and lifecycle quality-
management requirements for high-risk AI systems 
(34,35).
	 I n  J apan ,  J -AISI / IPA documen t s  p rov ide 
complementary perspectives on data quality and AI 
evaluation, although they are not specific to CDM (39, 
40).
	 Several CDM-specific issues therefore remain 
unresolved. Current guidance does not clearly define how 
prompts, model versions, and model updates should be 
documented for reproducibility; whether AI-aided data 
cleaning qualifies as a validated process under existing 
GCP definitions; or how AI-generated review results 
should be retained in the Trial Master File (42-44). These 
gaps are important because AI outputs may influence 
data review, query generation, and final judgments about 
whether data are sufficiently reliable for analysis.

4.3. Human oversight and accountability

The second practical question is how human oversight 
should be designed when AI contributes to CDM 
decisions. AI does not remove accountability from 
qualified personnel; rather, it changes where human 
judgment should be placed within the workflow. The 
key issue is therefore not simply whether a human is 
present, but whether human review occurs at points 
where AI outputs may affect data quality, regulatory 
documentation, or final data interpretation.
	 Human oversight is consistently treated as a core 
safeguard across the relevant documents. ICH E6 
(R3) requires risk-proportionate human oversight of 
computerized systems and retains ultimate decision-
making with human personnel in clinical trials (3). The 
FDA-EMA Guiding Principles further position HITL as 
a lifecycle design principle, while the EU AI Act requires 

high-risk AI systems to allow humans to disregard 
outputs or intervene in operation (34,35).
	 Japanese guidance follows the same direction: the 
AI Business Guidelines emphasize a human-centered 
principle, the MHLW Guidelines for the Utilization of 
Digital Data in AI Research and Development require 
human oversight throughout the data lifecycle, and the 
HAIP-CIP Guidelines require final review by qualified 
personnel in relevant use cases (37,38,41).
	 Together, these instruments establish HITL as a 
regulatory expectation rather than an optional design 
preference. However, they do not specify how much 
human verification is sufficient for AI outputs to be 
considered authoritative under GCP (43,44). For AI-
aided CDM, human review should therefore be defined 
as an accountable decision point, not as a superficial 
confirmation of AI-generated results.

4.4. Privacy and secure handling of clinical research data

The third practical question is how patient-level 
clinical research data can be protected when AI tools 
are introduced into CDM workflows. AI-aided CDM 
may involve external vendors, cloud-based processing 
environments, model improvement processes, or 
secondary use of submitted data. These features make it 
necessary to clarify what data are transferred, where they 
are processed, whether they are retained, and whether 
they can be used for model training.
	 Existing clinical research regulations already require 
protection of participant data and confidentiality, and 
AI-related frameworks extend this concern to lifecycle 
governance, cybersecurity, and control over data use. 
ICH E6 (R3) provides the GCP basis for patient data 
protection, while the FDA-EMA Guiding Principles 
and the EU AI Act broaden the focus to AI lifecycle 
governance and cybersecurity requirements for higher-
risk systems (3,34,35). In Japan, privacy and secure 
handling are grounded in the Act on the Protection of 
Personal Information (45). The MHLW Digital Data 
Guidelines, the AI Business Guidelines, J-AISI/IPA 
documents, and the HAIP-CIP Guidelines add practical 
considerations such as privacy-by-design, safety, 
evaluation of privacy risks, and restrictions on vendor 
use of submitted data for retraining (37-41).
	 Thus, privacy in AI-aided CDM should not be limited 
to anonymization alone. It should also include vendor 
governance, data retention policies, model-training 
restrictions, and cybersecurity controls.

5. Risks associated with AI utilization

5.1. Risks associated with AI output

Beyond regulatory compliance, four AI-related risks 
require particular attention: hallucination, bias, privacy 
and security, and explainability and transparency. These 
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risks are relevant across domains, but their implications 
are especially important in clinical research because 
data accuracy is directly linked to patient safety and 
regulatory decision-making.
	 Hallucination, or generation of plausible but factually 
incorrect outputs, may be the most consequential risk for 
CDM (43,46). Such errors are difficult to detect precisely 
because they appear credible. In CDM, AI may generate 
structured data from clinical narratives that appear valid 
but are wrong, or may misinterpret data relationships 
when generating queries. These errors differ from 
random transcription mistakes because they can evade 
conventional quality-control processes (47).
	 Bias is also a major concern. LLMs trained 
predominantly on data from specific demographic 
groups, clinical settings, or disease areas may perform 
worse when applied to underrepresented populations 
or rare diseases (43,48). These are precisely the 
settings in which data quality is most critical and often 
most difficult to ensure. Clinical research involving 
underrepresented populations or rare diseases therefore 
requires particularly careful evaluation for AI bias.
	 Privacy and security add further complexity. LLMs 
can memorize and reproduce personally identifiable 
information in their training data, including names and 
contact details (49). Processing patient-level clinical data 
with AI therefore requires robust anonymization, secure 
computational environments, and clear policies on data 
retention and model training (44,50).
	 Explainability and transparency also pose important 
challenges, particularly for GCP audit-trail requirements 
and model reproducibility. LLMs may produce different 
outputs for identical prompts because of model-version 
updates or infrastructure changes. Standards have not 
yet been established for recording and preserving the 
rationale behind AI-generated judgments in audit trails, 
leaving a gap against fundamental GCP expectations (51). 
Rigorous documentation of prompts and model versions 
can partially mitigate this issue, but it does not fully 
solve it.
	 Addressing these challenges requires multilayered 
safeguards. Technical safeguards include confidence 
scoring and anomaly detection (50). Procedural 
safeguards include HITL verification at critical decision 
points (see Section 6.1) (51). Organizational safeguards 
include governance frameworks, training programs, and 
audit mechanisms (52). Validation protocols designed 
specifically for AI-aided CDM are an important target 
for future standardization.

5.2. Risks associated with AI infrastructure

The risks of introducing AI into CDM are not limited 
to model-intrinsic issues. Supply chain and geopolitical 
risks must also be considered in real-world operations.
	 External AI vendors may create continuity risks 
related to policy, contractual, and geopolitical factors. 

The 2024 cyberattack on Change Healthcare Inc. exposed 
the vulnerability of critical infrastructure configurations 
that depend heavily on a single vendor (53). In March 
2026, Anthropic was designated as a supply chain risk 
by the United States government (54), illustrating that 
service continuity can be threatened by non-technical 
factors. Such service interruptions are a realistic risk for 
CDM operations that rely heavily on specific vendors.
	 In Japan, external-vendor risks are being discussed 
through the lens of data sovereignty in government cloud 
environments, the MHLW Guidelines for the Secure 
Management of Medical Information Systems (55), and 
the AI Business Guidelines issued by METI and MIC 
(38). Similar considerations apply to AI introduction in 
CDM. Institutions should decide from the design stage 
which operations can be entrusted to which vendors, 
what alternatives exist if service is interrupted, and how 
data can be retrieved and migrated.
	 For CDM, these risks are relevant because 
interruption, migration failure, or loss of access to AI-
supported tools could affect data review timelines, 
auditability, and continuity of trial operations.

6. Discussion and future perspectives

6.1. Human-in-the-loop: Human-AI collaborative 
workflows

Most cases reviewed here share the same structural 
principle: AI performs primary processing and detection, 
while human personnel retain final judgment. This 
design, known as human-in-the-loop (HITL) (7), may 
serve as the central implementation framework for 
integrating AI into CDM.
	 HITL refers to architectures in which human 
judgment is embedded in cycles of AI proposal, 
detection, and generation. Depending on the degree of 
automation, human involvement can range from "human 
in the loop", where humans make individual decisions, 
to "human on the loop", where humans supervise AI 
(56). The appropriate degree of involvement depends 
on task risk and accuracy requirements (56). In CDM, 
tasks directly linked to patient safety, regulatory 
decision-making, and final data approval require greater 
human involvement, whereas routine primary checks 
can reasonably be delegated to AI. From a quality-
assurance perspective, AI-generated confidence scores 
and supporting rationales can help responsible personnel 
make decisions. Such risk-based allocation of human 
oversight is especially practical in AROs, where high 
data quality must be maintained with limited CDM 
human resources.
	 The regulatory basis for HITL is increasingly clear: 
ICH E6 (R3) requires risk-proportionate human oversight 
for AI as a computerized system (3), and the EU AI Act 
mandates human oversight for high-risk AI systems (35). 
These provisions provide not only qualitative justification 
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for human involvement, but also a regulatory basis for 
incorporating HITL.
	 HITL design also has challenges. These include 
human bottlenecks as workload increases, rubber-
stamping during verification, and cognitive deskilling 
caused by over-reliance on AI. Bottlenecks can 
be reduced through threshold-based designs that 
automatically process high-confidence cases and reserve 
human review for cases that genuinely require it (57). 
Rubber-stamping can be mitigated by explainability 
designs that present AI outputs with supporting rationale 
(58). Cognitive deskilling requires regular training so 
that CDM personnel maintain an accurate understanding 
of AI limitations (59).

6.2. Advanced data cleaning and quality control

In the near term, integration of EDC and AI may enable 
real-time quality checking. EDC products vary in their 
logical-check system, and human personnel currently 
translate check rules and conditions into system-specific 
syntax. AI support for logical-check construction could 
therefore reduce workload. In multisite and multinational 
trials, adaptive quality management is also emerging: 
AI can detect site-to-site differences in data quality 
and language interpretation in real time and feed those 
findings into monitoring strategies. As shown by the 
international precedents discussed above (26,27), hybrid 
approaches combining AI with existing databases are 
already approaching practical implementation, and early 
adoption in Japanese ARO settings is expected.
	 In the medium to long term, CDM will need 
to accommodate diverse data sources, including 
unstructured data such as images, audio recordings, 
and free-text narratives. As DCTs spread and wearable 
devices and electronic patient diaries become new 
data sources, AI will play a larger role in data-source 
integration and quality assessment. Automatic generation 
of check rules is another promising direction. Today, 
protocol specifications are largely converted into check 
rules by hand; a workflow in which LLMs interpret 
protocols and generate draft check rules for CDM 
personnel to review and refine could reduce trial start-up 
workload. "Predictive CDM", in which models trained 
on historical trial data and query records proactively 
detect potential data issues in new trials, is also attracting 
interest. Temporal data variation is an important future 
target for AI. Current checks mainly compare values 
with reference ranges, for example, whether a laboratory 
value is within the normal range. Rapid or substantial 
changes over short intervals can therefore be missed even 
when values remain within normal limits. Such context-
dependent anomalies may signal an adverse event 
prodrome or measurement errors, but they are difficult 
to detect with static, rule-based checks. AI-aided time-
series analysis could detect clinically meaningful patterns 
by comparing trends within subjects, within sites, and 

across the trial as a whole. This would complement the 
current review processes that rely on CDM personnel's 
knowledge and experience and could move the field 
toward quality management that detects meaningful 
signals earlier. If realized, AI would move beyond 
retrospective data verification to become a proactive 
tool for anticipating and managing quality from the trial 
design stage.

6.3. Interdependent development of AI and data

This article has examined the potential of AI in CDM, 
including data collection and data cleaning in clinical 
research. Because AI systems learn from data, improving 
data quality is essential for improving AI performance. If 
Japanese medical data are underrepresented in global AI 
training datasets, AI performance for Japanese patients 
may be diminished (60). Preparing large volumes of 
high-quality data currently depends on human effort. If 
AI improves the quality of large datasets, those improved 
data can then support more capable AI, which can again 
be applied to improve data quality. AI and data are 
therefore mutually interdependent. This perspective is 
recognized internationally. A data-centric challenge led 
by the National Institute of Diabetes and Digestive and 
Kidney Diseases (NIDDK) proposed systematic methods 
for transforming raw clinical research data into AI-ready 
formats, showing that high-quality clinical datasets form 
the training foundation for next-generation AI and ML 
models (61). The J-AISI/IPA Data Quality Management 
Guidebook likewise emphasizes the "garbage in, garbage 
out" principle, arguing that data quality is the source of 
AI excellence and that high-quality outputs can fuel a 
virtuous cycle of further data-quality improvements (39). 
Realizing this interdependent development will require 
sustained use of AI to improve data quality at each stage 
of CDM.

7. Conclusions

This review examined AI-aided applications in CDM, 
with a focus on workflow support, human-in-the-loop 
implementation, and regulatory and risk-management 
considerations. Examples in data cleaning, medical 
coding, and query generation show that institutions are 
exploring and implementing AI-aided approaches at 
multiple stages of CDM workflows. In the near term, 
AI is most likely to contribute to repetitive, rule-based, 
or text-processing CDM tasks, such as data cleaning 
support, medical coding assistance, and query generation.
	 Important challenges remain. The regulatory 
framework for AI use under Good Clinical Practice 
continues to evolve, and institutions must remain 
vigilant about hallucination, bias, privacy and security, 
and explainability and transparency. Validation of AI-
aided processes to a standard comparable to established 
computerized system validation is a prerequisite for 
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broader adoption. High-risk decisions and final data 
judgments should remain under qualified human 
oversight. In this context, HITL should be regarded as a 
safeguard that places human judgment at critical points 
where AI outputs may affect data quality or regulatory 
accountability. Combining AI-based technical support 
with human verification and organizational governance 
will be essential for managing AI-specific risks in CDM.
	 With policy support and technological maturation, 
Japan can contribute meaningfully to global discussions 
on AI-integrated CDM, particularly from the perspective 
of AROs that must maintain high data quality 
with limited CDM resources. The transition from 
predominantly manual, labor-intensive data management 
to human-AI collaborative workflows is no longer a 
question of whether, but of when and how.
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