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Abstract—Owing to the rapid progress in artificial intelli-
gence (AI) and the widespread use of generative learning,
the problem of sparse data has been solved effectively in
various research fields. The application of AI technologies
has resulted in important transformations in healthcare,
particularly in radiology. To ensure the high quality, safety,
and effectiveness of AI and machine learning (ML) medi-
cal devices, the US Food and Drug Administration (FDA)
has established regulatory guidelines to support the per-
formance evaluation of medical devices. Furthermore, the
FDA has proposed continuous surveillance requirements
for AI/ML medical devices. This paper presents a summary
of SaMD products that have passed the FDA 510 (k) AI/ML
pathway, the challenges associated with the current AI/ML
software-as-a-medical-device, and solutions for promoting
the development of AI technologies in medicine. We hope to
provide valuable information pertaining to medical-device
design, development, and monitoring to ultimately achieve
safer and more effective personalized medical services.

Index Terms—Software as a medical device (SaMD),
AI/ML, computer-aided detection (CADe), computer-aided
diagnosis (CADx), computer-aided triage (CADt).

Impact Statement—This paper summarizes SaMD prod-
ucts that have passed the FDA 510 (k) AI/ML pathway, ex-
amines the current situation and challenges of AI/ML SaMD,
and presents potential solutions.

I. INTRODUCTION

M EDICAL products must be reviewed and approved by na-
tional regulatory authorities before they can be marketed.

Traditional regulatory frameworks mainly target hardware and
pharmaceutical products, whereas software as a medical device
(SaMD) faces many regulatory challenges, particularly when
featuring self-learning artificial intelligence/machine learning
(AI/ML). Any medical device intended for marketing in the USA
must undergo review by the US Food and Drug Administration
(FDA). Regulatory authorities in different countries often refer
FDA’s regulatory policies to formulate their own regulations. In
April 2019, the FDA published a series of guidelines for AI/ML
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SaMDs aimed at defining a suitable regulatory framework. In
2013, the International Medical Device Regulators Forum (IM-
DRF) established a SaMD working group to compile guidelines
to assist manufacturers in developing effective and safe SaMDs.
Although regulatory frameworks have been gradually proposed
in academic circles and by regulatory authorities, many details
require further examination and confirmation. Examples include
the design and sample size of clinical trials or evaluations, as
well as the size and source of training datasets. These details
significantly impact the effectiveness and safety of SaMDs in
real-world applications.

In 1998, FDA approved the first mammography computer-
aided detection (CAD) system. Subsequently, in 2002, the
Centers for Medicare & Medicaid Services (CMS) increased
payment for CAD, accelerating its development. By 2016, 90%
of radiologic diagnosis centers in the US utilized FDA-approved
CAD for evaluating mammography images [1]. However, real-
world data analysis revealed that CAD did not significantly
enhance the precision of radiologist diagnosis [2]. Part of the
reason lied in the fact that while CAD systems heightened im-
age sensitivity, they simultaneously reduced specificity, thereby
favoring false positive results. This led patients to unnecessary
further tests, requiring over US$400 million/year in unnecessary
healthcare insurance expenditures. Consequently, the CMS dis-
continued additional payment for mammography CAD [3]. The
continuous advancements in AI and the widespread applications
of generative learning are expected to enable personalized pre-
cision medicine in disease diagnosis and prediction within the
next decade.

This is poised to propel rapid development of the medical
industry; however, to avoid replicating experiences like that of
CAD breast cancer detection, emphasis should not solely focus
on the sensitivity of smart healthcare software.

Recent research has highlighted potential restrictions faced by
the FDA during the evaluation of AI/ML for SaMD applications
[5], [6], [7], [8], [9], [10]. For instance, most FDA-approved
AI medical devices have relied on retrospective studies, with
limited details provided in open-access summary reports regard-
ing the sites and sample sizes used to evaluate these devices. It
is imperative that AI/ML medical devices undergo evaluation
in real-world screening environments with a broad population
basis, accompanied by continuous post-marketing surveillance
to assess their performance and long-term effects [3], [11].
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Fig. 1. Based on the intended use of the product, it can be classified into CADa/o, CADe, CADx, CADe/x, and CADt [4].

Fig. 2. AI/ML SaMDs approved by the FDA from January 1, 2014,
to December 31, 2023. During this period, FDA approved 309 AI/ML
SaMDs, comprising 130 CADe (42.1%), 21 CADx (6.8%), 53 CADe/x
(17.2%), 67 CADt (21.7%), and 38 CADa/o (12.3%).

To expedite the approval process of AI medical devices by
regulatory authorities, while ensuring their effectiveness and
safety, in this paper, we offer recommendations for conducting
clinical evaluations through small-scale studies before large-
scale real-world data assessment. Additionally, we conduct
an in-depth analysis of FDA-approved AI medical devices,
identifying existing limitations and providing evidence-based
support. We hope that our recommendations will significantly
aid in the implemntation of AI medical devices.

II. ANALYSIS OF FDA 510(K)-APPROVED AI/ML SAMD

In the US, most SaMDs are currently classified as moderate-
risk devices (Class II) and are submitted under FDA 510(k)
premarket application. The applicant must assert that the
device has substantial equivalence in terms of safety and

effectiveness to existing similar legally approved devices in
the market, thereby demonstrating its suitability for marketing.
The 510(k) application is relatively simplified, which saves time
and lowers the entry barrier, making it the most common route
to enter the US medical device market. We compiled AI/ML
SaMDs that were granted 510(k) approval by the FDA and
categorized the products based on their intended purpose using
FDA classification recommendations. The categories included
Computer-Aided Detection (CADe), Computer-Aided Diagno-
sis (CADx), Computer-Aided Detection/Diagnosis (CADe/x),
Computer-Aided Triage (CADt), and Computer-Aided Acqui-
sition/Optimization (CADa/o) (See Fig. 1). This classification
aids in subsequent analysis. The IMDRF published a white
paper on SaMDs at the end of 2013. Therefore, we compiled
AI/ML SaMDs approved by the FDA from January 1, 2014,
to December 31, 2023. During this period, FDA approved 309
AI/ML SaMDs, comprising 130 CADe, 21 CADx, 53 CADe/x,
67 CADt, and 38 CADa/o (See Fig. 2).

III. STATISTICAL DESIGN FOR CLINICAL TRIAL OR CLINICAL

EVALUATION

Clinical evaluation is an indispensable step when submitting
a 510(k) application for a SaMD [4], [12]. The objective is to
comprehensively evaluate the safety, effectiveness, and perfor-
mance stability of the device in multiple dimensions so that
both users and regulatory authorities can understand the actual
performance and potential risks of the product. During the design
stage of a clinical trial or evaluation, it is imperative to rigorously
define all types of hypotheses that require examination and the
statistical methods to be used for analyzing the main results. The
objective of the statistical design should be specified, such as
comparing superiority, non-inferiority, or equivalence of differ-
ent treatment methods. These hypotheses will directly influence
the sample size, statistical analysis method for the data, and the
interpretation and inference of the results. Precise planning of
the statistical design can ensure the effectiveness and reliability
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TABLE I
CAD CLASSIFICATION STATISTICS

TABLE II
COMMON CLINICAL STATISTICAL DESIGN METHODS

of the device being validated. In the drug or hardware field, there
are numerous related professional papers supporting these three
clinical trial designs, and guidance manuals have been published
by regulatory authorities [13], [14]. However, guidelines for
SaMD statistical design are still under development. Given the
current situation, we offer relevant recommendations and opin-
ions to enable the industry to provide more substantial scientific
evidence when submitting 510(k) applications to the FDA.

In our analysis of 309 devices, only 166 (accounting for
53.72%) explicitly recorded performance data in the public
summary (see Table I). Among these, CADa/o had 3 (7.89%),
CADe had 58 (44.62%), CADx had 17 (80.95%), CADe/x
had 24 (45.28%), and CADt had 64 (95.52%). Of these 309
devices, only 24 (7.77%) mentioned a comparative analysis
of performance by healthcare professionals before and after
using smart medical devices, with CADa/o having 0, CADe
having 10 (7.69%), CADx having 3 (14.29%), CADe/x having
11 (20.75%), and CADt having 0. From this, we infer that
282 devices likely only underwent a unilateral performance
comparison, as assumed under Hypothesis A in Table II.

Usually, in academic studies, the performance of AI algo-
rithms is compared with the diagnosis results of physicians to
evaluate the reliability of the algorithms. After compiling liter-
ature on existing smart healthcare software, Eric J. Topol [15]
pointed out that the accuracy of the algorithm is not synonymous

with its clinical efficacy. If a comparison (see Hypothesis B in
Table I) can be made between physicians who use and do not
use the product during clinical trials or evaluation, it will aid
in comprehensively confirming the effectiveness and safety of
the medical device and ensuring its safe promotion in the real
world. In the following sections, we will explain why observer
performance studies are necessary based on two dimensions.

A. The Current Primary Objective of AI Medical
Devices is Assistance

In the drug and medical device field, the development of
new products typically hinges on the concept of replacing old
products. Therefore, Hypothesis A—head-to-head comparison
between the two—is employed. For instance, the aim of newly
developed drugs is to supplant existing drugs on the market, and
that of new AI smart healthcare devices is to replace outdated
ones. The crux of product comparison lies in evaluating the
conformity between two different medical devices [16], [17].
However, considering legal, ethical, and responsibility attribu-
tion factors, the objective of medical devices is not to replace
physicians for independent diagnosis but rather to serve as aids
in improving the efficacy of physicians or medical professionals
during diagnosis and treatment. Examples include assisting in
disease diagnosis, disease prediction, or triaging for clinical
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procedures, as clearly stated in the intended use for most smart
healthcare devices, which are articulated as “product X is not
intended to provide clinical decisions, medical advice, or eval-
uations of radiation plans or treatment procedures.”

Therefore, if only Hypothesis A—head-to-head comparison
between the two devices—is conducted, it would be akin to
completing only half the work in clinical evaluation, as only
product accuracy is confirmed, while leaving unattended the
assessment of whether the device can significantly enhance
diagnostic precision when actually employed by physicians or
professional users.

B. Future Trends of AI Medical Devices: Adaptive
Learning and Man-Machine Collaboration

One of the primary strengths of AI medical devices is their
self-learning capacity, which enables them to adapt and enhance
their performance. It is anticipated that there will be an increase
in 510(k) accreditation applications for such devices, and high-
risk smart medical devices will become more prevalent. How-
ever, the complexity of these systems, continuous advancements
in learning capacity, and user-machine interactions are all factors
that must be considered in the clinical evaluation process. Regu-
latory authorities should broaden the scope of evaluation from a
single product to the entire system to ensure the safety and effec-
tiveness of these devices in clinical practice [18]. Physicians with
varying years of work experience and specialties may exhibit dif-
ferences in performance. When actually employed, these devices
are often operated by professionally trained medical staff. If the
smart healthcare device cannot ensure 100% accuracy, clinical
evaluation should comprehensively consider consistency across
all users when operating the device to mitigate the risk of medical
errors stemming from the variable levels of user experience.
The evaluation process should ensure that device design and us-
age can accommodate operators with varying experience levels
while maintaining high performance and safety.

Diagnostic errors are a common cause of medical claims in the
USA [20], [21], [22]. We believe that manufacturers should not
only focus on the technical precision of the product during the
development of AI medical devices but also prioritize collabo-
ration with healthcare professionals for comprehensive clinical
evaluation. This collaborative approach will ensure that users
with varying experience levels can receive consistent assistance
from these devices, thereby mitigating the risk of diagnostic
errors in real-world settings. Among the 309 devices analyzed,
271 were non-CADa/o (The risk is relatively low.) that may
pose a diagnostic risk. However, only 24 stated that performance
analysis was conducted on the product by users

IV. DATA SIZE AND SOURCES FOR TRAINING AND TESTING

SHOULD BE STATEDUSING OFFICE WORD

Out of the 309 devices considered, 20 provided information
on the training set size and source, 185 disclosed the clinical
evaluation size and source, and only 19 released both the training
and clinical evaluation data.

The size of the training dataset profoundly impacts system
performance during the development of deep learning systems.

However, in addition to data quantity and quality, the inclusion
or exclusion criteria during the selection process also signif-
icantly affect model generalization. These factors collectively
determine whether the training set can adequately reflect the
diversity of the intended use scope of the product [23]. During
the submission of the 510(k) applications, the applicant must
demonstrate that the safety and effectiveness of the device have
substantial equivalence to similar approved products on the
market. If complete information, such as training and clini-
cal evaluation data size and sources or product performance
metrics (sensitivity and specificity), are unavailable for sim-
ilar products, the manufacturer may lack sufficient data for
evaluation.

For these 309 products, the average time to obtain 510(k)
clearance was 140 days. Among them, 120 products were up-
graded by the same manufacturer, and both the previous and
the current generations were AI/ML products (we compared
generations where both were AI/ML products). Out of these
120 products, 70 had a shorter 510(K) clearance time than their
predecessors, averaging 83 days, with an average reduction of 63
days (the difference between the previous generation’s 510(K)
clearance time and the new generation’s 510(K) clearance time).
Having comprehensive product information available for com-
parison within the same manufacturer facilitated an accelerated
acquisition of 510(K) clearance.

V. CONCLUSION

Comprehensive clinical evaluation is required when devel-
oping AI and ML-driven SaMD in addition to emphasis on its
sensitivity. This process should include hypothesis evaluation in
observer performance studies to ensure the effectiveness and
safety of the product. With regard to AI/ML SaMD, public
information should include complete product information, in-
cluding the data scale and source used for training, as well as
clinical evaluation and product performance indicators (such as
sensitivity and specificity). After obtaining 510(k) accreditation,
large-scale real-world data (RWD) surveillance and optimiza-
tion are still required for the device as they will not only improve
the practicality of the medical device but also improve the overall
medical-service quality.

Owing to the widespread application of RWD, real-world
evidence (RWE) has become an important basis for medical
device performance or safety data. This method is recognized
by medical-device regulatory authorities in different countries
[24], [25], [26]. To ensure that RWE can effectively support the
performance or safety of medical devices, one must formulate
hypotheses and objectives during the construction process and
design suitable study protocols and statistical-analysis methods.
Existing RWE or RWE to be generated in the future should be
obtained based on the formulated study methods. Additionally,
the correlation between RWE and expected evidence objectives,
data reliability, and the appropriateness of study designs for
converting RWD to RWE as well as the implementation rigor
must be considered when the data are used. The quality of
RWE is vital for determining if it can be an important basis
for medical-device review [27].
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After appropriate RWE is generated, the data provide substan-
tial benefits to the entire life cycle of the medical device. This
life cycle includes pre-marketing research and development,
changes in intended use, establishment of historical control
group, supplementation of clinical data, and post-marketing
safety surveillance or study. The quality of RWD is the founda-
tion for RWE generation. Additionally, the reliability of study
results and their generalizability to the target population depend
on the data-acquisition method and statistical analysis.

The US FDA emphasizes the importance of post-marketing
data acquisition in promoting the comprehensive evaluation of
medical-device safety and performance. This process not only
ensures the effectiveness of the product in actual usage but can
also identify potential safety issues in a prompt manner, thereby
providing greater assurance to patients. Therefore, continuous
data monitoring and analysis is essential to AI/ML SaMD de-
velopers as it not only increases the market competitiveness
of the product but also promotes improvement to the medical
industry.

In summary, AI/ML SaMD development requires a systematic
process from product design to clinical evaluation and then
post-marketing monitoring, and each step should be performed
in a stringent manner. The safety and performance of medical
devices will be ensured more comprehensively through the
effective use of RWD, which will ultimately improve patient
health and medical-service quality.
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