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Abstract: Artificial intelligence (AI) has advanced rapidly across clinical domains, generating both a growing
evidence base and dedicated regulatory frameworks for Al-based software as a medical device (SaMD). This review
provides a comprehensive assessment of clinical Al across five major domains—diagnostic imaging, gastrointestinal
endoscopy, cardiology and remote patient monitoring, diagnosis of infectious diseases, and an Al-ready data
infrastructure—examining Japan's regulatory framework, approved device portfolio, and research contributions in an
international context. We reviewed literature published between 2019 and 2026, using Japan's regulatory trajectory,
approved device portfolio, and domain-specific research output as the primary lens for international comparison
and prioritizing prospective studies, multicenter trials, and real-world implementation reports. The state of evidence
varies markedly across the domains examined: endoscopy Al has the strongest randomized trial base, while diagnostic
imaging Al has seen a systematic decline in real-world performance despite large-scale regulatory approval. Across
the three dimensions examined, Japan has a distinctive profile: its strengths are a regulatory and clinical deployment
infrastructure—evince by an established program medical device pathway and among the world's highest densities of
diagnostic imaging systems and endoscopy volumes—while the data infrastructure lags, constrained by limited open-
access resources relative to programs such as The Cancer Imaging Archive and the European Health Data Space. Large
language models and generative Al, falling largely outside existing SaMD frameworks, carry the risk of hallucinations
and gaps in oversight that healthcare systems in Japan and abroad are only beginning to address. Japan's established
program medical device regulatory pathway, high-volume clinical deployment infrastructure, and proven regulatory-
approval-to-reimbursement pathway provide a strong foundation for clinical Al adoption; post-approval change
management frameworks and clinical accountability mechanisms need to be strengthened, Al-ready data accessibility
needs to be expanded, and validated tools need to be embedded within reimbursed clinical workflows to translate this
foundation into internationally competitive Al development and deployment.
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1. Introduction

Artificial intelligence (Al), and in particular machine
learning and deep learning, has rapidly transformed
clinical medicine over the past decade. Applications
now span diagnostic imaging, electrocardiogram (ECG)
interpretation, gastrointestinal endoscopy, diagnosis of
infectious diseases, radiation treatment planning, surgical
assistance, and remote patient monitoring (/). In several
narrowly defined tasks—such as detecting diabetic
retinopathy from fundus photographs or adenomas
during colonoscopy—ALl systems have demonstrated
diagnostic accuracy comparable to or exceeding that of
expert clinicians (2). These developments have generated

substantial clinical interest and have accelerated the
regulatory and health technology assessment processes
needed to translate research findings into safe, effective,
and reimbursable clinical tools (3).

The governance of Al-enabled clinical software
has converged on the concept of software as a medical
device (SaMD), defined by the International Medical
Device Regulators Forum (IMDRF) as software that
fulfils a medical purpose independently of hardware
(4). Major regulatory entities—including the United
States Food and Drug Administration (FDA), the
European Union (EU), the United Kingdom (UK),
Japan, China, Singapore, and South Korea—have
each established or are actively developing SaMD-
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specific frameworks that address risk classification,
clinical evaluation, post-marketing surveillance, and the
particular challenge of managing Al model updates over
the product lifecycle (5-70). In parallel, the research
community has developed standardized reporting
guidelines—including CONSORT-AI for clinical trials
(11), TRIPOD+ALI for prediction model studies (/2),
and STARD-ALI for diagnostic accuracy research (/3)—
to improve the transparency and reproducibility of Al-
based clinical evidence (/4). Despite this regulatory
and methodological progress, systematic comparative
analysis of clinical Al development across major
healthcare systems—jointly examining regulatory
maturity, clinical deployment infrastructure, and data
governance—remains limited.

Meaningful international comparison of medical Al
development requires examining not only regulatory
frameworks but also three complementary dimensions:
the maturity and transparency of regulatory and
reimbursement pathways, the clinical infrastructure
available to support deployment, and the data resources
required for model training and validation. Japan has
classified Al-based software as "program medical
devices" under the Pharmaceuticals and Medical
Devices (PMD) Act; as of September 2025, 51 of the
172 approved program medical devices carried an Al-
utilization designation, spanning imaging, endoscopy,
cardiology, and infectious disease applications
(Figure 1) (8,15). The United States FDA maintains
a non-exhaustive public list of over 1,400 Al-enabled
medical device authorizations spanning three decades,
reflecting a markedly higher absolute volume of cleared
or approved Al tools (/6). With respect to clinical
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Al-designated program medical devices
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infrastructure, Japan's density of CT, MRI, and PET
scanners—184 units per million population, compared
to 86 in the United States, 74 in Germany, and 19 in the
United Kingdom—indicates a high-volume imaging
environment that represents a substantial deployment
base for Al-assisted clinical applications (Figure 2)
(17,18). The third dimension—data infrastructure for Al
model development and validation—varies substantially
across countries in scale, accessibility, and governance,
and is examined in detail in Section 7.

This review examines the current state of clinical Al
across five major domains, positioning Japan's regulatory
maturity, clinical deployment infrastructure, and data
resources within an international comparative framework
to assess where Japan stands and what developments
are required to sustain progress. We examine evidence
published from 2019 through 2026, with an emphasis
on studies published since 2021, prioritizing prospective
studies, multicenter trials, and real-world implementation
reports, supplemented by key regulatory and guideline
documents. Following a summary of the global
regulatory landscape (Section 2), we address Al in
diagnostic imaging (Section 3), endoscopy (Section 4),
cardiology and remote monitoring (Section 5), diagnosis
of infectious diseases (Section 6), and an Al-ready data
infrastructure (Section 7). Cross-cutting challenges—
including the methodological and regulatory implications
of large language models and generative Al, which
represent an emerging category of clinical tools with a
distinct evidence and oversight profile—are discussed in
Section 8, followed by conclusions in Section 9. Table
1 provides an overview of the landmark clinical studies
discussed across these domains.
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Figure 1. Al-enabled medical device authorizations as of September 2025. (a) Distribution of Japan's 51 designated program
medical devices using Al; "Other" encompasses the diagnosis of infectious disease and additional applications not individually
enumerated. (b) Total Al-enabled devices authorized in Japan (51 of 172 program medical devices) versus the United States FDA Al/
ML-enabled device list (> 1,400 authorizations; non-exhaustive public list). Data sources: PMDA program medical device list (15);

MHLW approval status (33); FDA AI/ML-enabled device list (/6).
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Figure 2. Density of CT, MRI, and PET scanners per million population in selected countries (2023). Japan's substantially
higher scanner density compared to other major economies provides a high-volume imaging environment that constitutes a large
deployment base for Al-assisted clinical applications. Data source: OECD Health Statistics 2025 (17,18).

Table 1. Landmark clinical AI studies by domain discussed in this review

Domain Study Design Endpoint Key finding
Radiology McKinney et al. 2020 (20)  Retrospective Breast cancer detection Outperformed clinical reads on
validation UK+US test sets; surpassed all 6
radiologists in US reader study
Endoscopy Wang et al. 2019 (21) RCT ADR 34% vs 28% (control)
Endoscopy Repici et al. 2020 (22) RCT ADR 54.8% vs 40.4% (control)
Cardiology (ECG) Attia et al. 2019 (23) Retrospective AF detection in sinus thythm AUC 0.87 (454,789 ECGs)

Cardiology (wearable)  Perez et al. 2019 (24)

Infectious diseases Okiyama et al. 2022 (25) Prospective

validation

Prospective cohort

PPV for AF notification 84% concurrent AF confirmation

(419,297 participants)

Accuracy of influenza Comparable to or exceeding antigen
diagnosis rapid test, especially in early illness

Note: ADR, adenoma detection rate; AF, atrial fibrillation; AUC, area under the receiver operating characteristic curve; ECG, electrocardiogram; PPV,

positive predictive value; RCT, randomized controlled trial.

2. The global regulatory landscape for medical Al

While major regulatory jurisdictions have converged on
the SaMD concept established by the IMDREF, they differ
considerably in how they classify, evaluate, and govern
Al-based software over its clinical lifecycle—differences
that directly determine the pace of and conditions under
which Al tools reach clinical deployment.

2.1. The SaMD framework

The IMDREF classifies SaMD risk along two axes—the
significance of information provided for clinical decision-
making and the healthcare situation in which it is used—
yielding four risk categories with progressively stringent
requirements; clinical evaluation must demonstrate
analytical validity, clinical validity, and clinical utility
(4,26). The IMDRF N88 document (2025) formalizes
shared Good Machine Learning Practice (GMLP)

expectations—covering data quality, model transparency,
and post-marketing monitoring—that underpin lifecycle
management requirements across jurisdictions (27,28).

2.2. Regulatory approaches across major jurisdictions

Despite adopting the SaMD concept, major jurisdictions
differ considerably in their classification systems,
authorization pathways, and Al-specific guidance (Table
2).

The FDA's Predetermined Change Control Plan
(PCCP) allows pre-specified model updates without a
new submission; the EU Al Act (August 2024) classifies
medical Al as high-risk under a dual MDR/AI Act
compliance regime (5,6,29). The UK's MHRA publishes
dedicated software and Al lifecycle guidance, and the
National Institute for Health and Care Excellence (NICE)
maintains an Evidence Standards Framework that stratifies
evidence requirements for digital health technologies

(168)



Global Health & Medicine. 2026; 8(3):166-181.

www.globalhealthmedicine.com

Table 2. Regulatory frameworks for Al-based medical devices across major countries and regions

Country/Region Regulatory framework

Al-specific characteristics

United States Class I-11I; 510(k)/De Novo/PMA (FDA)

PCCP for pre-specified model updates; Good Machine Learning Practice

principles

European Union MDR/IVDR; Notified Body conformity

Al Act (high-risk classification); dual MDR—AI Act compliance requirement

MHRA SaMD/AL lifecycle guidance; NICE Evidence Standards Framework

for NHS adoption

assessment
United Kingdom UK MDR 2002; MHRA authorization
China NMPA Class II/I1I registration
Singapore HSA SaMD lifecycle regulation

South Korea MFDS; Digital Medical Products Act

Japan PMD Act; Program Medical Device

Al classification principles (2021); PIPL data governance requirements
Change management guidance; Al in Healthcare Guidelines (AIHGle 2.0)
Dedicated Al device evaluation guidelines covering trial design and validation

Machine learning review guidance from the PMDA; post-approval change

management is considered

Note: FDA, Food and Drug Administration; GMLP, Good Machine Learning Practice; HSA, Health Sciences Authority; IVDR, In Vitro Diagnostic
Regulation; MDR, Medical Device Regulation; MFDS, Ministry of Food and Drug Safety; MHRA, Medicines and Healthcare products Regulatory
Agency; NHS, National Health Service; NICE, National Institute for Health and Care Excellence; NMPA, National Medical Products Administration;
PCCP, Predetermined Change Control Plan; PIPL, Personal Information Protection Law; PMD Act, Pharmaceuticals and Medical Devices Act;
PMDA, Pharmaceuticals and Medical Devices Agency; PMA, Premarketing Approval; SaMD, software as a medical device; UK MDR, UK Medical

Device Regulations.

according to their function and risk, providing the basis for
NHS procurement decisions (7,30).

In Asia, South Korea enacted the Digital Medical
Products Act to provide a dedicated framework for Al-
enabled digital health, Singapore's Health Sciences
Authority has adopted a lifecycle approach with explicit
change management guidance and has issued its Al in
Healthcare Guidelines, and China's National Medical
Products Administration published classification principles
for Al-based medical software in 2021 (9,10,31). Japan
regulates Al-based software as "program medical
devices" under the PMD Act, with the Pharmaceuticals
and Medical Devices Agency (PMDA) having published
review considerations specific to machine learning-based
devices covering risk—benefit assessment, analytical and
clinical validation, and post-market change management
(8,32). As of September 2025, 172 program medical
devices held valid marketing authorization in Japan
under the PMD Act framework, 51 of which carried an
Al-utilization designation spanning imaging, endoscopy,
cardiology, and infectious disease applications (Figure
1) (15). Regulatory authorization under the PMD Act
is a prerequisite for, but distinct from, reimbursement
under Japan's national health insurance system; coverage
classification is determined separately by the Central
Social Insurance Medical Council under the C1 and C2
new-technology categories—a pathway examined in the
context of the nodoca system (Section 6.2) and discussed
as a policy challenge in Section 8.3.

3. Al in diagnostic imaging

Of the 51 Al-utilization—designated program medical

devices approved by the PMDA as of September 2025,
24 fall within the imaging category—the largest single
subcategory—with approved indications spanning
chest CT and plain radiography (detection of lung
nodules, quantification of interstitial lung disease,
and identification pneumonia), brain MRI (detection
of an intracranial aneurysm), breast ultrasound
(characterization of lesions), and musculoskeletal
applications (detection of a fracture) (/5,33). This
concentration of approvals reflects both the maturity
of the PMDA regulatory pathway for image analysis
software and Japan's exceptional imaging infrastructure:
with 184 CT, MRI, and PET units per million
population—more than twice the density in the United
States or Germany—1Japan has one of the highest-
volume deployment environments for Al-assisted clinical
applications worldwide (Figure 2) (17,18).

In breast cancer screening, a deep learning model
outperformed clinical reads on held-out UK and US
test sets—reducing false-positive rates by 1.2% (UK)
and 5.7% (US)—surpassing all six radiologists in an
independent US reader study, and it reduced second-
reader workload by 88% in a simulated UK double-
reading workflow (20). In chest radiology and CT, Al
systems have displayed improved performance across
detection of lung nodules, characterization of interstitial
lung disease, and triage of acute findings (34). In time-
critical settings, automated large vessel occlusion (LVO)
detection software significantly reduced door-to-groin
(DTG) times and the time from CT initiation to the start
of endovascular therapy (EVT) in acute stroke care (35).

Despite these proof-of-concept demonstrations,
systematic analyses have consistently identified a
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critical gap between single-facility performance and
generalization to external populations: Al models
validated at one site frequently exhibit marked
performance degradation when applied to images
acquired with different scanners, acquisition protocols,
or patient demographics (36). Japan's imaging devices
span a diverse mix of domestic manufacturers alongside
international platforms operating under varying
acquisition protocols, and training datasets compiled
from a single center are unlikely to represent the full
range of image characteristics encountered in clinical
practice; differences in population-level prevalence and
temporal drift from scanner upgrades further erode post-
deployment calibration. These challenges underscore the
importance of prospective multi-site validation and post-
marketing performance monitoring (12,13).

Published real-world deployment evidence in Japan
remains limited relative to the volume of regulatory
authorizations. A prospective evaluation of Al approved
for the detection of an intracranial aneurysm by Ito et
al. highlights this gap: while diagnostic sensitivity was
maintained in routine clinical use, the false-positive
burden in unselected cases substantially exceeded that
reported in the regulatory validation study (37,38).
Comparable post-deployment evaluations of Al systems
for chest imaging—the most numerous category within
Japan's approved imaging portfolio—have not yet been
widely published, reflecting a broader structural gap
between pre-marketing validation requirements and the
post-marketing performance evidence base.

4. Al in endoscopy

Gastrointestinal endoscopy is among the most evidence-
rich domains for clinical Al, with a substantial body of
randomized controlled trial (RCT) data supporting the
integration of Al-based detection and characterization
tools into colonoscopy practice. As of September
2025, 14 of the 51 Al-utilization—designated program
medical devices approved by the PMDA fall within the
endoscopy category—the second largest subcategory—
reflecting high procedural volumes and an exceptional
gastrointestinal malignancy burden (/5). The endoscopy
setting offers several features that facilitate Al
development and evaluation: procedures are video-based
and therefore generate large volumes of labelled training
data; the primary clinical endpoint—the adenoma
detection rate (ADR)—is a measurable surrogate
for colorectal cancer prevention; and the procedural
context allows direct real-time display of Al output to
the endoscopist without requiring a separate reporting
infrastructure.

4.1. Computer-aided detection and diagnosis: CADe and
CADx

Computer-aided detection (CADe) systems analyze the

live video stream and generate real-time alerts when
the Al model identifies a region with a suspected polyp
or other mucosal lesion, prompting the endoscopist to
inspect the flagged area. Computer-aided diagnosis
(CADx) systems go further, characterizing a detected
lesion—for example, distinguishing a hyperplastic polyp
from an adenoma, or predicting the depth of submucosal
invasion—to aid in deciding on a strategy to "resect
and discard" or "diagnose and leave," thus reducing
unnecessary polypectomies and associated costs.

The most extensively studied clinical application is
CADe-assisted colonoscopy for detection of colorectal
adenoma. Wang et al. conducted an RCT in which
patients undergoing colonoscopy were allocated to Al-
assisted detection or conventional colonoscopy, and
they found that the group with Al-assistance had a
significantly higher ADR (34% versus 28%), with the
system detecting additional adenomas that were missed
in the withdrawal phase (27). A subsequent multicenter
RCT by Repici et al. confirmed these findings in an
Italian population, demonstrating that real-time Al-aided
colonoscopy increased the ADR compared to standard
colonoscopy (54.8% versus 40.4%) (22). Multiple meta-
analyses of RCTs have since confirmed that CADe-
assisted colonoscopy improves the ADR as a pooled
outcome, with consistent findings across different Al
systems and endoscopic settings (39).

Despite these efficacy data, CADe implementation
raises important questions: the ADR is a surrogate
endpoint for interval cancer prevention with no
prospective proof that Al-assisted ADR gains reduce the
long-term incidence of interval cancer; false-positive
alerts add inspection time and risk operator fatigue;
and the benefit is heterogeneous across endoscopists,
suggesting Al assistance functions primarily as a quality
levelling tool rather than a universal performance
enhancer (40).

High-confidence optical characterization of
diminutive polyps (< 5 mm) is the prerequisite for
the "resect and discard" strategy, in which diminutive
adenomas are removed without pathological examination
and hyperplastic polyps are left in situ. Achieving
the negative predictive value threshold (> 90% for
high-confidence diagnoses) required by international
guidelines requires not only high Al accuracy but also
rigorous operator training and standardized image
capturing conditions—requirements that have proved
difficult to satisfy in routine endoscopy practice outside
expert centers (47).

4.2. Japan's Al endoscopy portfolio and multicenter trial
contributions

The age-standardized rate (ASR) for the incidence
of colorectal cancer in Japan is 36.6 per 100,000
population—substantially above rates in the United
States (27.0), United Kingdom (30.9), and Germany
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(25.7)—while the ASR for the incidence of gastric
cancer is 27.6 per 100,000, compared to 4.1 in the United
States (42,43). This dual malignancy burden translates
into high endoscopic procedure volumes, an established
endoscopic training culture, and a correspondingly large
supply of annotated training data for Al development.
EndoBRAIN (Olympus Corporation / Cybernet
Systems) is a CADx system that uses a convolutional
neural network to characterize colorectal lesions in real
time during a colonoscopy, outputting a probability score
for neoplastic versus non-neoplastic tissue (40,44). The
device received PMDA approval and has been deployed
in clinical practice at multiple Japanese facilities. The
EndoBRAIN-EYE variant, which integrates CADe
functionality with the existing CADx platform, has
been evaluated in prospective clinical trials registered in
the University Hospital Medical Information Network
Clinical Trials Registry (UMIN-CTR), including the
EYE-OPENER trial (45). These prospective studies are
designed to assess whether the combined CADe/CADx
platform improves clinically meaningful outcomes in
routine endoscopy practice, going beyond the ADR to
examine resection rates, procedure duration, and operator
workload. Japan's high burden of gastric malignancy
has similarly driven the development of Al for gastric
endoscopy: PMDA-approved program medical devices in
this domain include tools for detection of gastric lesions
and for assessment of the depth of early gastric cancer
invasion—the latter is a clinically critical distinction
that determines eligibility for endoscopic versus surgical
resection (/5). The existence of approved tools across
both colorectal and gastric applications reflects how
Japan's epidemiological profile has shaped the scope of
its regulatory portfolio in Al-assisted endoscopy.
Recognizing that Al systems trained and validated
predominantly in single-country populations may not
be generalizable across the diverse ethnicities, dietary
patterns, and bowel preparation practices of Asian
populations, a multicenter trial initiative coordinated
by the National Cancer Center Japan was announced in
2024 (46). This program aims to evaluate the efficacy of
Al-assisted colonoscopy across multiple Asian countries
in a prospectively registered, multicenter design, with
the explicit goal of generating evidence of external
validity applicable to the broader Asia-Pacific region.
The initiative is particularly significant because the
majority of high-quality RCTs underpinning Al-assisted
colonoscopy have been conducted in predominantly
East Asian or European populations with limited
cross-population generalizability; Japan's capacity to
coordinate multinational Asian trials positions it as a key
contributor to closing this gap in external validity.

5. Al in cardiology and remote patient monitoring

Cardiovascular disease remains the leading cause of
death globally, and the cardiological domain offers

particularly rich sources of structured longitudinal
data—electrocardiograms (ECGs), echocardiograms,
implantable device telemetry, and wearable biosignals—
that are well-suited to machine learning. Of the 51
Al-utilization—designated program medical devices
approved in Japan as of September 2025, five fall within
cardiology—the smallest subcategory by volume,
reflecting the complexity of cardiac Al development
relative to image analysis tasks—and yet Japan's high
cardiovascular disease burden, aging population, and
extensive cardiac registry infrastructure represent a
deployment environment with considerable potential
(15,18).

5.1. Al for ECG interpretation and cardiac risk
stratification

The standard 12-lead ECG is the most widely performed
cardiac examination worldwide, and its digital format
makes it immediately tractable for deep learning
analysis. A foundational study by Attia ef al. at the Mayo
Clinic trained a convolutional neural network on 454,789
ECGs from 180,922 patients and demonstrated that the
model could identify patients who had AF but were
currently in sinus rhythm at the time of recording, with
an area under the receiver operating characteristic curve
(AUC) of 0.87 in a validation set of 36,280 patients
(23). This finding implied that the Al system detected
subtle ECG features reflecting atrial remodeling that
precede the clinical manifestation of atrial fibrillation
(AF)—a latent clue not evident in conventional ECG
interpretation. A companion study by the same group
used a similar architecture to detect left ventricular
(LV) systolic dysfunction, achieving an AUC of 0.93 at
identifying patients with an ejection fraction of 35% or
less, suggesting that population-level screening for LV
dysfunction using routine ECGs may be feasible (47).
These results have stimulated substantial interest
in research, but several barriers to clinical translation
remain. Most published models are trained and validated
on retrospective data from single facilities, and external
validation across different ECG recording systems,
electrode placement standards, and demographic
populations has revealed a significant heterogeneity in
performance (48). The clinical actionability of a positive
AT alert also depends critically on the availability of
a downstream cardiological assessment: a model that
correctly identifies patients at risk of future AF is of
clinical value only if those patients can be promptly
referred for confirmatory testing and, where indicated,
started on anticoagulation therapy. Without a structured
care pathway linked to Al output, the population-
level benefit of screening remains theoretical. Early
prospective evidence from a Japanese cohort study
suggests that AI-ECG screening can identify AF with
a higher discriminative ability than conventional risk
scoring, offering a practical approach to population-based
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screening in older adults (49). Prospective multicenter
validation studies of AI-ECG tools specifically in
Japanese populations remain limited relative to the
volume of approved products, and the existing cardiac
registry infrastructure—notably the Japan Registry of
All Cardiac and Vascular Diseases (JROAD, covering
1,500 facilities as of 2023) and the Japan Percutancous
Coronary Intervention Registry (J-PCI, with over 2.4
million cumulative cases)—represents an underutilized
platform with which to close this gap in external validity
(50,51) (discussed further in Section 7).

5.2. Wearable devices and AF screening

The Apple Heart Study, conducted in the United States
between 2017 and 2018, enrolled 419,297 participants
who wore an Apple Watch and consented to receive
irregular pulse notifications triggered by an algorithm
detecting inter-beat interval irregularity (24). Among
participants who received a notification, 84% had AF
confirmed with a simultaneous ECG patch worn at the
time of notification, and 34% had AF identified in a
subsequent 90-day monitoring period. While the positive
predictive value for concurrent AF was high, the study
highlighted a fundamental challenge of population
screening: persistent AF was not ultimately confirmed
in the majority of notification recipients during follow-
up, requiring medical evaluation for a large number of
individuals whose downstream management trajectory
remained uncertain.

The Fitbit Heart Study subsequently evaluated PPG-
based irregular rhythm detection on a different consumer
platform in a US cohort and reported a high positive
predictive value (98.2%) for AF when an irregular
rhythm notification was issued during concurrent
ECG monitoring (52). Taken together, these landmark
studies established that consumer wearables can achieve
clinically relevant sensitivity in AF detection, but they
also demonstrated that the translation of a wearable
alert into a meaningful clinical outcome requires a
carefully designed confirmation and care pathway. High
notification rates in low-prevalence populations generate
large numbers of notifications requiring medical follow-
up, potentially overwhelming cardiology services and
exposing patients to the anxiety and risks associated with
unnecessary examination.

Calibrating the detection algorithm threshold—
balancing sensitivity against the false-positive notification
rate—is a design decision with direct implications for
healthcare system workload and patient experience that
must be addressed before population-scale wearable AF
screening programs can be implemented responsibly
(53). In Japan, home-use program medical devices
incorporating AF detection notifications and sleep apnea
detection alerts have received regulatory approval and
are commercially available (/5,33), but systematic
evaluation of their real-world impact on clinical outcomes

and healthcare utilization in the Japanese context has not
yet been widely reported. The contrast with the Apple
Heart Study—which enrolled 419,297 participants in a
single prospective study—illustrates the scale at which
the leading wearable AF screening programs have been
evaluated internationally; prospective wearable studies of
comparable scale have not yet been reported in Japanese
cohorts, despite the direct relevance of AF screening to
Japan's aging population. Japan's demographic profile—
the highest proportion of adults age 65 or older among
OECD countries—creates a strong demand for Al-
assisted home monitoring (/8,79). CureApp HT (a
smartphone-based hypertension management device)
began to be covered by national insurance in 2022 after
demonstrating cost-effectiveness, illustrating the pathway
through which evidence-based digital health tools can
qualify for reimbursement in Japan (54).

6. Al in the diagnosis of infectious diseases

The diagnosis of infectious diseases presents a distinctive
set of challenges for Al: the pathogen in question, disease
prevalence, and the clinical presentation of infection vary
with season, geographic region, circulating strain, and
host immunity—factors that shift the data distribution
that a model encounters after deployment relative to
the distribution on which it was trained. Al applications
in this domain span three broad functional categories:
image-based diagnosis (interpreting chest radiographs
or CT scans for pneumonia and related conditions),
augmentation of a rapid test (automating or checking
the quality of the reading of lateral flow or other point-
of-care tests), and multimodal clinical integration
(combining symptom profiles, vital signs, and laboratory
or imaging results to generate a differential diagnosis
probability—as exemplified by the nodoca system for
influenza diagnosis discussed in Section 6.2). Japan
holds a distinctive position in this domain: despite a
smaller portfolio of Al tools approved for diagnosis of
approved infectious diseases compared to imaging or
endoscopy, it has produced one of the most operationally
complete regulatory-approval-to-reimbursement
trajectories for an Al-based clinical decision-making
support system in the Asia-Pacific region, through the
nodoca system for diagnosis of influenza, and it has since
expanded approved Al applications to include culture-
free identification of species causing bacterial infections
(15).

6.1. The COVID-19 experience and methodological
lessons

Studies proliferated rapidly during the COVID-19
pandemic, with many reporting a high diagnostic
performance in detecting pneumonia due to SARS-
CoV-2 on chest CT or plain radiography using deep
learning models. A systematic methodological review
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by Roberts et al. evaluated 415 published machine
learning studies involving COVID-19 detection and
prognosis based on chest imaging, and it concluded that
none met the requirements for clinical use (55). The
most commonly identified problems included dataset
contamination (patients appearing in both training and
test sets), use of retrospective convenience samples
with unrepresentative negative controls, a lack of
external validation, and failure to account for the clinical
context in which the model would be deployed. This
analysis provided a cautionary benchmark for the field,
illustrating how the urgency of a public health crisis can
accelerate publication volume while simultaneously
eroding methodological standards.

A key challenge specific to Al diagnosis of infectious
diseases is the distributional shift driven by changing
prior probability: a model trained during a COVID-19
wave will encounter a very different disease prevalence
in an inter-epidemic period, substantially altering positive
and negative predictive values even if model sensitivity
and specificity are unchanged (3). This structural
vulnerability means that Al systems to diagnose
infectious diseases require more frequent performance re-
evaluation and retraining than systems applied to stable
disease populations, with post-marketing monitoring
designed around seasonal and epidemic periodicity.

6.2. nodoca: Al-assisted diagnosis of influenza in Japan

nodoca (Aillis Inc., Tokyo) is a program medical device
that acquires images of the posterior pharynx using a
dedicated imaging device and it integrates this visual
information with structured clinical data—including
patient age, symptom onset, body temperature, and
vaccination history—to estimate the probability of
influenza and generate a differential diagnosis to
assist the clinician in his or her assessment. Okiyama
et al. reported that the deep learning model trained
on pharyngeal images and structured clinical records
achieved an influenza detection accuracy comparable
to, and in some subgroups exceeding, conventional
rapid antigen tests—particularly in the early phase of
illness when viral loads may fall below standard kit
sensitivity (25).

The PMDA reviewed and approved nodoca as a
program medical device, with a regulatory review report
addressing its intended clinical use—an aid to diagnose
influenza—together with evidence of its analytical and
clinical validation, the performance boundaries of the
model, and post-marketing surveillance requirements
(56). In December 2022, the Central Social Insurance
Medical Council granted nodoca a C2 reimbursement
classification, evaluating it as a new technology fee
rather than as a standard device covered by insurance
(57). This sequence—prospective clinical validation,
PMDA regulatory authorization, and Chuikyo's approval
of its reimbursement—constitutes the most complete and

transparent example of the regulatory—reimbursement
chain for an Al-based clinical decision-making support
system in Japan to date, and its serves as a reference
pathway for developers of subsequent Al diagnostic
tools.

Implementation challenges include image quality
consistency in busy primary care settings, the need for
annual recalibration as dominant circulating strains
and vaccine components change across influenza
seasons, and unresolved assignment of liability when
an Al-assisted diagnostic decision leads to an adverse
outcome (3).

6.3. Broader applications and future directions

Beyond influenza and COVID-19, Al's applications in
the diagnosis of infectious diseases are expanding into
detection of tuberculosis on chest radiography (58) and
prediction of sepsis risk based on clinical and laboratory
data. Sepsis represents a disease burden on a scale that
warrants Al-based detection tools: global estimates
indicate approximately 48.9 million cases and 11 million
deaths annually, accounting for roughly 20% of all deaths
worldwide (59,60). In 2024, the Sepsis ImmunoScore—
an Al tool predicting sepsis severity based on host
immune biomarkers—received FDA De Novo
authorization, establishing a regulatory reference point
for Al to evaluate sepsis that Japan has not yet matched
under the PMDA framework (6/). In Japan, the portfolio
of Al approved for diagnosis of infectious diseases does
extend beyond influenza: PMDA-authorized program
medical devices include Al software for estimating
bacterial species causing urinary tract infections without
culture and a microbial classification support program—
tools that complement nodoca's multimodal approach
and signal an expanding scope for culture-free Al-based
diagnosis of infectious diseases in Japan (/5). Systematic
clinical validation data regarding these newer approved
tools have not yet been widely published, representing an
evidence gap comparable to that observed in the imaging
domain.

Adherence to STARD-AI and TRIPOD+ALI reporting
standards (/2,13) is especially critical to Al for diagnosis
of infectious diseases given the domain's structural
susceptibility to distributional shift—a challenge that
post-marketing surveillance frameworks in Japan and
abroad are only beginning to systematically address.

7. An Al-ready data infrastructure: International
initiatives and Japan's position

The performance of Al models in clinical medicine
is bounded not only by algorithmic design but by
the quality, scale, and interoperability of the data on
which they are trained and validated. As evidence has
accumulated that models trained at single facilities
regularly fail to generalize across sites, the field has

(173)



Global Health & Medicine. 2026; 8(3):166-181.

www.globalhealthmedicine.com

converged on a consensus that a large-scale, multimodal,
and externally accessible data infrastructure is a
necessary precondition for robust Al development. This
section surveys the principal international initiatives
for building an Al-ready medical data infrastructure,
characterizes Japan's current position, and comparatively
analyzes strengths, gaps, and trajectories. Japan's position
in this landscape exemplifies a structural paradox that
recurs across the domains reviewed in this paper: the
country generates some of the world's largest volumes
of clinical and administrative health-related data through
its universal insurance system, and yet the infrastructure
for converting this data into Al-ready, externally
accessible research platforms lags materially behind that
of comparable OECD nations—a gap that is the central
analytical focus of this section.

7.1. International initiatives for Al-ready medical data

Maintained by the National Cancer Institute, the Cancer
Genome Atlas (TCGA) provides multi-omic and clinical
data for over 20,000 samples across 33 cancer types
and has underpinned a substantial fraction of published
computational oncology and pathology Al research (62).
The Cancer Imaging Archive (TCIA) complements the
TCGA with over 30.9 million medical images from
37,568 subjects across a wide range of modalities and
clinical contexts, making it the world's largest openly
accessible repository of annotated medical imaging data
(63). The NIH Bridge2Al program and the All of Us
Research Program extend this infrastructure with explicit
Al-readiness mandates and large-scale multimodal
cohorts designed to support prospective validation on a
population scale (64,65).

In Europe, the European Health Data Space (EHDS),
which entered into force in March 2025, establishes a
cross-member harmonized framework for the secondary
use of electronic health data, including provisions
for federated analysis without requiring data to leave
national borders (66). The EHDS is expected to create
a governance infrastructure for large-scale multicenter
Al training and validation across EU member states—
a capability structurally absent from European medical
Al research to date. The United Kingdom's NHS Al Lab
developed shared medical imaging platforms, though
independent evaluation has highlighted implementation
challenges in translating infrastructure investments into
active use in research (67).

In Asia, South Korea has adopted a centralized
curation strategy: the National Information Society
Agency (NIA) manages the Al Hub, a nationally
maintained repository of annotated datasets—
including medical imaging, clinical records, and
biosignal collections—made available to domestic and
international researchers under defined access conditions
(68). The South Korean model, in which government-
funded agencies take direct responsibility for dataset

quality and annotation, offers an instructive counterpoint
to the federated governance designs favored in Europe
and the market-facilitated repository model in the United
States. In the Asian context, South Korea also represents
the most direct structural comparator to Japan: both
countries operate universal health insurance systems that
generate large-scale administrative claims data, and yet
South Korea has invested in a nationally coordinated
annotation infrastructure for Al research that Japan has
not yet replicated at a comparable scale—a contrast that
frames the analysis of Japan's data position in Section 7.2.
Key attributes of these international initiatives as well as
Japan's principal infrastructure programs are compared
in Table 3.

7.2. Japan's medical Al data infrastructure

Japan possesses several large-scale clinical databases
that provide a foundation for medical Al research,
though these have developed primarily for disease
surveillance and pharmacovigilance rather than as Al-
ready research platforms. The National Database of
Health Insurance Claims and Specific Health Checkups
(NDB) covers virtually the entire Japanese population
through the universal health insurance system; while
the scale of the claims data is unmatched, a systematic
review of NDB-based research has identified access
difficulties, issues with patient identification, and the
lack of links to imaging or biomarkers as constraints on
its utility for AI model development (69). The Medical
Information Database Network (MID-NET), operated by
the PMDA and linking hospital information systems at
participating facilities to cover approximately 8.7 million
patients—roughly 7% of Japan's population, in contrast
to the NDB's near-universal coverage—was designed
principally for post-marketing drug safety surveillance
but represents a resource for Al-based research on
pharmacovigilance and clinical outcomes (70).
Domain-specific registries further strengthen
Japan's data position. The National Clinical Database
(NCD), a surgical outcomes registry operated jointly
by relevant surgical societies, had accumulated 28.48
million cumulative surgical cases as of 2023 (7/). The
JROAD, covering 1,500 participating facilities as of
2023, and the Japan Percutaneous Coronary Intervention
Registry (J-PCI), with over 2.4 million cumulative
cases, collectively represent one of the most complete
national procedure-level cardiovascular datasets
among OECD countries (50,57). These registries have
supported observational and epidemiological research
but have not yet been systematically capitalized upon as
training or validation platforms for clinical Al models—
a gap attributable to access governance designed for
epidemiological use cases rather than Al development,
the lack of links to imaging and molecular data, and the
lack of any regulatory or institutional mandate requiring
Al model validation to be conducted using these
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Table 3. Principal international and Japanese initiatives on a data infrastructure for medical AI

Country Initiative Data type Scale Access model
United States TCIA Medical imaging 30.9M images, 37,568 subjects Open access
United States All of Us EHR + genomic + wearable > 873,000 participants Controlled access
United States Bridge2Al Multi-modal (Al-ready) $130M program Controlled access
Europe EHDS (2025) EHR (federated) Cross-border EU Federated

United Kingdom NHS Al Lab Imaging + pathology National platforms Institutional
South Korea Al Hub (NIA) Annotated datasets National repository Controlled access
Japan NDB Claims + checkups Near-universal coverage Restricted

Japan J-MID (JRS/AMED) Medical imaging 543M images, 10 univ. hospitals Controlled access
Japan NCD/ROAD/J-PCI Surgical/cardiovascular 28.48M/1,500 inst./2.4M cases Research access

Note: AMED, Japan Agency for Medical Research and Development; EHDS, European Health Data Space; EHR, electronic health record; J-MID,
Japan Medical Imaging Database; J-PCI, Japan Percutaneous Coronary Intervention Registry; JROAD, Japan Registry of All Cardiac and Vascular
Diseases; JRS, Japan Radiological Society; NCD, National Clinical Database; NDB, National Database of Health Insurance Claims and Specific
Health Checkups; NHS, National Health Service; NIA, National Information Society Agency; TCIA, The Cancer Imaging Archive.

resources.

In the medical imaging domain, a high imaging
volume and fragmented institutional data ownership
means that Japan generates large quantities of diagnostic
images and yet lacks the access infrastructure for
competitive Al model development and multi-
institutional validation—a gap identified by Ueda et
al. and which prompted the J-MID initiative (72).
The Japan-Medical Image Database (J-MID), a Japan
Radiological Society (JRS) initiative supported by the
Japan Agency for Medical Research and Development
(AMED), addresses this gap by aggregating anonymized
CT and MRI images with diagnostic reports from 10
major university hospitals via the SINET academic
network; as of May 2024, J-MID had assembled over
543 million images (1.68 million cases), constituting
what the project describes as an unparalleled repository
of real-world radiological data in Japan (73).

The Next-generation Medical Infrastructure Act,
promulgated in May 2023 and later amended, provides
a new legal category of pseudonymized medical
information, enabling certified data operators to link
and process health records from multiple sources for
research purposes under a unified governance regime
(74). Progress on interoperability standards has been
slower: the adoption of Japan-specific HL7 FHIR
profiles for the exchange of medication and clinical data
is still in at an early stage of implementation, which
constrains the technical basis for cross-institutional
data linkage that more mature federated research
infrastructures require (75).

7.3. Comparative analysis: Strengths, gaps, and
convergence

The NDB, MID-NET, and domain-specific registries
represent population-wide or procedure-level datasets
of a scale uncommon outside the United States, but
access for research use is administratively difficult and
the datasets lack the multimodal linkage—integrating
imaging, genomic, and longitudinal clinical records—

that characterizes the most capable international Al
platforms.

The design philosophies of these initiatives differ
materially: the United States combines open-access
repositories with a federated infrastructure for sensitive
records; the EHDS prioritizes federated-first data
sovereignty; and Japan's framework under the Next-
generation Medical Infrastructure Act is architecturally
closer to the federated model, though a certified data
operator ecosystem is still being established. Federated
learning can approach centralized training performance
when data distributions are similar across sites, but
heterogeneous data quality and non-IID distributions
remain active research challenges (76).

The competitive trajectory for Japan's medical
Al will be materially shaped by three converging
developments: the pace at which the Next-generation
Medical Infrastructure Act framework generates
research-accessible pseudonymized data pools, with
only a handful of certified data operators having been
designated as of early 2026; the extent to which the J-MID
expands access beyond its current restricted institutional-
partner model to support externally validated research
comparable to that enabled by the TCIA, given that
access remains limited to institutional partners despite
the database having assembled over 543 million images
from 10 major university hospitals; and the breadth of
HL7 FHIR adoption enabling cross-institutional data
linkage, currently in an early stage of implementation
across Japan's hospital information systems. The clinical
registries described above—the NCD, JROAD, and
J-PCI— already provide a procedure-level evidence base
that few countries can match and could become platforms
for prospective Al validation studies if linked to imaging
and molecular data under the governance framework
the Next-generation Medical Infrastructure Act enables.
Realizing this potential will require coordinated
investment in data standardization, access infrastructure,
and governance that goes beyond individual institutional
initiatives and that matches the ambition of the
Bridge2 Al and EHDS programs described earlier.
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8. Challenges and future directions

This section synthesizes the cross-cutting challenges that
recur across the clinical domains reviewed earlier—other
than data infrastructure and governance, addressed in
Section 7—and it identifies the policy, methodological,
and research developments needed to facilitate the
responsible advancement of clinical Al

8.1. Bridging the gap between performance metrics and
clinical outcomes

A fundamental tension in clinical Al research is the
reliance on intermediate performance metrics—the AUC,
sensitivity, Dice similarity coefficient, and adenoma
detection rate—as proxies for the patient-level outcomes
that determine clinical value. The literature on Al-assisted
imaging related to COVID-19, in which hundreds of
studies reported high AUC values for retrospective data
while none met the requirements for clinical deployment,
illustrates the extent of this gap (55).

External validity is a related and persistent problem.
Models trained at a single facility frequently exhibit a
degradation in performance when applied to different
scanners, patient populations, or clinical settings—
as documented across multiple domains including
the Japanese literature on Al detection of aneurysms
(38). Prospective, multi-site evaluation studies are the
methodological standard required to support regulatory
authorization and health technology assessment (/2).

International reporting frameworks—CONSORT-AI
and SPIRIT-AI for clinical trials (//,77), TRIPOD+AI
for prediction models (/2), and STARD-ALI for diagnostic
accuracy studies (/3) —provide the infrastructure for
consistent, auditable evidence generation. Consistent
application will raise the evidentiary floor for regulatory
submissions and health technology assessments, though
journal enforcement remains uneven.

8.2. Model updates, distribution shift, and post-marketing
surveillance

Al systems deployed in clinical practice are subject
to a distributional shift: changes in the patient
population, clinical workflow, imaging equipment, or
disease prevalence alter the input distribution relative
to training data, gradually or abruptly diminishing
model performance. Al to diagnose infectious diseases
exemplifies this vulnerability through seasonal drift:
the nodoca system to diagnose influenza requires re-
evaluation as circulating strains and vaccine components
change annually. A temporal drift in radiology, driven
by scanner upgrades, acquisition protocol changes, or
evolving diagnostic criteria, poses analogous challenges in
that domain.

The United States FDA has addressed this challenge
through the PCCP framework, which allows manufacturers

to specify in advance the types of model updates—
retraining on expanded data, threshold adjustments, or
feature additions—that may be implemented without
requiring a new regulatory submission, provided that
the changes fall within pre-agreed performance bounds
(3). In the European Union, the Al Act creates a "double
compliance" burden for medical Al manufacturers—
simultaneous MDR/IVDR conformity assessment
alongside high-risk transparency and monitoring
obligations pursuant to the Al Act (6,29).

In Japan, the regulatory review process for program
medical devices that utilize machine learning has explicitly
identified the management of continuous or post-approval
performance changes as a key area requiring further policy
development (8,32). Articulating a domestic framework
for change management that is compatible with
PCCP principles and enables seamless post-marketing
surveillance through Japan's single-payer claims data
infrastructure represents a priority policy task for the
PMDA and the Ministry of Health, Labour, and Welfare
(78). Accountability for adverse outcomes attributable
to Al-assisted decisions also yet to be resolved: Japan's
program medical device framework defines pre-marketing
performance requirements but does not yet specify post-
marketing liability norms for Al-assisted clinical decisions.

8.3. Reimbursement design and healthcare system
integration

Regulatory authorization is a necessary but not sufficient
condition for clinical Al adoption: the design of the
reimbursement mechanism—whether Al-assisted
procedures incur an additional fee, are assigned a separate
billing code, or are subsumed into existing diagnostic
fees—directly determines the economic incentive for
healthcare providers to adopt and maintain Al systems.
Japan's C1/C2 reimbursement classification system for
new medical devices and technologies, exemplified
by nodoca's C2 classification as a new technology
fee, provides a formal pathway for health technology
assessment of Al-based clinical decision-making support
tools (57). However, the criteria for classification
decisions, the evidence requirements for reclassification
as standard care under insurance, and the mechanisms for
incorporating evidence of real-world effectiveness into
reimbursement still need to be fleshed out further for Al-
specific applications.

Beyond reimbursement classification, healthcare
system integration presents practical challenges that Japan
has yet to systematically address. Alert fatigue from high
false-positive rates and the workforce implications of Al
integration represent cross-cutting policy challenges that
the existing C1/C2 classification framework does not yet
address (/).

8.4. Large language models and generative Al in clinical
practice
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Large language models (LLMs) and generative Al
systems present a capability and risk profile distinct
from the task-specific diagnostic models reviewed in
the preceding sections. Benchmark evaluations have
demonstrated that general-purpose LLMs—including
GPT-4, which exceeded the passing threshold for the
United States Medical Licensing Examination (USMLE)
by over 20 points without domain-specific fine-tuning—
possess substantial medical knowledge and reasoning
ability (79). These results have prompted clinical interest
in LLM applications including structured drafting
of radiology reports and assisting with a differential
diagnosis in electronic health records (80).

A 2025 systematic review of 15 studies that evaluated
LLM-generated radiology reports found that while
automated metrics and assessments by radiologists
generally indicated acceptable linguistic quality, evidence
from prospective implementation studies indicated
that there were limited measurable improvements in
clinical workflow efficiency or diagnostic accuracy
(81). The principal risk specific to generative Al in
clinical documentation is hallucination—the generation
of plausible but factually incorrect content—which
in clinical contexts can introduce erroneous findings,
incorrect drug names, or fabricated examination results
into a medical record in ways that are difficult to detect
without systematic quality assurance processes. Unlike
task-specific diagnostic Al, which typically produces a
structured output (a probability score or bounding box)
amenable to threshold-based review, LLM outputs are
free-form text that have subtle and context-dependent
erTors.

A further challenge is regulatory classification.
Many clinical LLM applications—and particularly
those supporting documentation, summarization, and
administrative workflow—do not meet the SaMD
definition, as their primary function is not the direct
generation of diagnostic or treatment outputs, placing
them outside the PMDA program medical device
framework in Japan and analogous regulatory perimeters
in other jurisdictions. This regulatory gap means that
LLM-based clinical tools can be deployed without
pre-marketing clinical evaluation, post-marketing
surveillance requirements, or change management
obligations that apply to approved Al medical devices,
creating asymmetric oversight that may underestimate
population-level risk as adoption scales.

In Japan, the additional challenge of linguistic
specificity is acute. Clinical documentation in Japanese
involves a mix of kanji, kana, and medical abbreviations
that are tokenized and semantically represented in
models trained predominantly on English-language
corpora, leading to substantial degradation relative to
their native-language performance. Recent work has
demonstrated that fine-tuned LLMs can achieve cross-
hospital generalizability at recognition of diseases in
clinical notes in Japanese, but deployment at scale across

the heterogeneous documentation practices of Japan's
hospital information systems remains an active research
challenge (82). Developing and validating Japanese-
language medical LLMs on pseudonymized data pools
enabled by the Next-generation Medical Infrastructure
Act represents a natural extension of the data
infrastructure agenda discussed in Section 7. Progress
in this area could have direct implications for clinical
productivity and documentation quality across Japan's
hospital system.

9. Conclusion

The evidence base across the five clinical domains
examined in this review differs markedly. Al to assist
diagnostic radiology has received regulatory approval
at scale—accounting for 24 of Japan's 51 Al-designated
program medical devices—but real-world deployment
has revealed systematic gaps between controlled
validation performance and operational accuracy,
compounded in Japan by fragmented institutional
data ownership that constrains the multi-institutional
external validation needed to close that gap. Al to
assist endoscopy has accumulated the most robust
clinical trial evidence, driven in part by Japan's dual
burden of colorectal and gastric malignancy that has
produced 14 PMDA-approved devices and prompted
Asian initiatives to conduct multicenter validation to
expand the generalizability of existing RCT evidence—
derived from predominantly East Asian and European
populations—across the broader Asia-Pacific region.
Al to assist cardiology has demonstrated the potential
for ECG analysis and consumer wearables to facilitate
population-level screening for arrhythmia while also
exposing care pathway and reimbursement challenges
that remain largely unaddressed in Japan despite a
strong demographic demand from a population with
the highest proportion of adults age 65 or older among
OECD member countries. The infectious disease
domain has produced Japan's most complete regulatory-
approval-to-reimbursement pathway for a clinical Al
tool, as exemplified by the nodoca system for diagnosis
of influenza; it offers a reference for subsequent
submissions involving Al-based clinical decision-
making support. Comparative analysis of the Al data
infrastructure has revealed that Japan's substantial clinical
registry base—spanning cardiovascular procedures,
surgical outcomes, and pharmacovigilance—is matched
by few OECD countries at the procedure level, and
yet a structural gap in accessible medical imaging data
and multimodal linkage leaves Japan behind the data
accessibility that programs such as TCIA and the EHDS
framework afford international researchers. LLMs and
generative Al systems, meanwhile, have introduced a
category of clinical tool that largely falls outside existing
SaMD regulatory frameworks, creating oversight
asymmetries that healthcare systems in Japan and abroad
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are only beginning to address.

Japan has a distinct position across all three
comparative dimensions. In terms of its regulatory
infrastructure, Japan's early legislative recognition of
SaMD, the lists of approved program medical devices
published by PMDA, and the complete regulatory-
approval-to-reimbursement pathway demonstrated by
nodoca represent a framework that is more operationally
developed than that in many comparator countries.
In clinical terms of the deployment infrastructure,
Japan's density of diagnostic imaging systems and high
endoscopy volume—reflected in the concentration
of Al approvals within the imaging and endoscopy
categories—provide a high-volume deployment base that
few healthcare systems can match. In terms of the data
infrastructure, however, a structural asymmetry persists:
Japan's substantial clinical registries clash with limited
data accessibility for external researchers and a medical
imaging database in its early stages, in contrast to the
open access of the TCIA or the cross-border federated
governance of the EHDS. Sustained progress needs
to be made across all three dimensions examined in
this review—strengthening regulatory frameworks for
post-approval model change management and clinical
accountability, expanding the accessibility and scale
of the Al-ready data infrastructure, and embedding
validated Al tools into reimbursed clinical workflows—
in order to realize the potential of clinical Al as a durable
contributor to healthcare quality, efficiency, and equity in
Japan and abroad.
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