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Abstract
The landscape of U.S. Food and Drug Administration–regulated arti�cial intelligence–

enabled medical devices (AIMDs) has expanded rapidly, with clearances and authorizations 

increasing, on average, from 1.4 to 146 per year (1995 through 2014 vs. 2020 through 

2024, respectively). In this review of 950 AIMDs and their associated commercialization 

trends, private �rms comprise 68.9% of the manufacturers, yet public companies pro-

duce more devices per �rm on average (5.1 vs. 2.0), re�ecting their larger scale and bet-

ter resources. Deep learning now powers half of all new AIMDs, underscoring its growing 

role in medical AI. Transparency has improved, as the proportion of devices without explicit 

AI descriptions declined from 62.4% (2015 through 2019) to 8.9% (2020 through 2024). 

However, public companies exhibit a 30-fold higher recall rate than private �rms, raising 

concerns about patient safety and regulatory oversight. This review examines disparities in 

development models, market positioning, and postmarket performance, highlighting the 

distinct commercialization strategies of public and private manufacturers. These �ndings 

contextualize how AI medical device manufacturers’ characteristics relate to transparency 

and recall rates, highlighting commercialization aspects requiring regulatory and provider 

attention. (Funded by Johns Hopkins University.)

Introduction

A
rti�cial intelligence–enabled medical devices (AIMDs) are transforming clini-

cal decision-making and health care operations.1 Despite their potential, most 

AIMDs obtain U.S. Food and Drug Administration (FDA) clearance through the 

510(k) pathway, which necessitates demonstrating substantial equivalence to previously 

cleared devices rather than undergoing independent clinical validation. This raises concerns 

regarding evidentiary robustness.2-4 Many AIMDs lack clinical evaluations, do not have clear 

disclosures about how AI is used in clinical applications, and have been subject to recalls — 

raising concerns about patient safety and regulatory transparency.5-7

Most regulatory discussions surrounding AIMDs emphasize device-level strategies, such 

as reimbursement frameworks or policies aimed at promoting safety, e�cacy, and bias 
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mitigation.8-10 However, device development does not hap-

pen in a vacuum. Regulating medical devices involves over-

seeing the entities that create them, as commercialization 

models, �nancial incentives, and regulatory environments 

in�uence both innovation and market outcomes — dynam-

ics that continue to be poorly understood.

This review maps the commercialization landscape of 

950 FDA-cleared AIMDs, examining manufacturer types, 

AI methods, and postmarket safety. For simplicity, we 

use “FDA-cleared” to refer to AIMDs cleared through the 

510(k) pathway, authorized via de novo classi�cation, or 

approved through premarket approval. By outlining these 

trends, this review characterizes the relationship between 

the type of AIMD manufacturer and variations in product 

transparency and recall rates, emphasizing areas of com-

mercialization that require further scrutiny from regulators 

and health care providers.

Methods
This study was exempt from the approval of the Johns 

Hopkins University School of Medicine Institutional 

Review Board, as it did not involve research with human 

participants. The study complies with the Strengthening 

The Reporting of Observational Studies in Epidemiology 

(STROBE) guidelines for cohort studies.

DATA AND STUDY SAMPLE

A cohort of 950 FDA-cleared AIMDs was identi�ed using 

the FDA’s AI and machine learning (ML)–Enabled Medical 

Devices List, as of August 7, 2024. For each AIMD, we 

gathered the �ling company’s identity, the year of clear-

ance, regulatory codes, device description, AI approach, 

and clinical service from the same FDA database. One 

device (K233662) has a clearance summary document 

that is not accessible via the FDA website. Recall status was 

obtained separately from the FDA Medical Device Recalls 

database. Manufacturer details, including corporate struc-

ture, acquisition history, and market capitalization, were 

obtained from the S&P Capital IQ NetAdvantage and 

PrivCo databases and veri�ed through individual corpo-

rate records.

DEFINING DEVICE DEVELOPMENT — 

COMMERCIALIZATION PATHWAYS

A commercialization pathway refers to the structural and 

�nancial trajectory by which an AIMD advances from devel-

opment to market availability. Although commercialization 

can involve regulatory navigation, marketing, and clini-

cal adoption, we focus on the organizational factors that 

in�uence how AIMDs enter the market. Speci�cally, we 

de�ne commercialization pathways based on company 

ownership (i.e., public vs. private), company size (as cat-

egorized by market capitalization), development model 

(i.e., internal development vs. acquisition), clinical domain, 

and AI approach. By using this combination of relevant fac-

tors de�ning commercialization,11,12 our approach o
ers 

insight into how commercialization strategies impact mar-

ket participation, regulatory engagement, and postmarket 

performance.

The originator listed in the FDA application was assessed 

using NetAdvantage, PrivCo, and corporate legal notices 

to determine if the �ling company was a subsidiary of a 

larger entity or had undergone a signi�cant acquisition. 

For acquired devices, the acquiring company was labeled 

as the active manufacturer. Each active manufacturer was 

classi�ed as a publicly traded company, private company, 

academic or public organization, or defunct (i.e., out of 

business). Public �rms were further categorized by mar-

ket capitalization — the overall worth of a company on the 

stock market — as mega-cap (>US$200 billion), large-cap 

(US$10 billion to US$200 billion), mid-cap (US$2 billion to 

US$10 billion), or small-cap (<US$2 billion). To minimize 

the impact of stock price �uctuations, companies were clas-

si�ed into prede�ned market capitalization ranges rather 

than using raw values. All large-cap companies in this 

cohort were diversi�ed manufacturers with broad product 

portfolios. Devices were grouped into eight commercial-

ization models based on manufacturer type and develop-

ment status (i.e., in-house vs. acquired; see Table S1 in the 

Supplementary Appendix).

AI MODEL ARCHITECTURE

FDA device clearance summaries were reviewed to deter-

mine if AI-speci�c methodologies were clearly stated. AI 

usage was deemed explicit if device summaries clearly 

indicated AI and ML implementation or if the devices were 

categorized under FDA product codes speci�cally denot-

ing use of AI and ML (i.e., QIH, QJU, or QDQ). AI model 

architectures were classi�ed by assigning the most spe-

ci�c AI technique described in clearance summaries (Fig. 

S1). If a device shared an identical design with a previous 

version, the AI architecture of the predicate device was 

applied. Devices were classi�ed as employing multiple 

AI approaches only if clearly distinct AI approaches were 

described for separate functions (e.g., computer vision 

for image analysis and ML for risk strati�cation). Devices 
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mentioning broad categories (e.g., deep learning [DL], AI, 

or ML) without specifying a particular approach (e.g., con-

volutional neural networks) were classi�ed as unspeci�ed, 

whereas those that did specify an approach were classi�ed 

as speci�ed.

CLINICAL SERVICE

Clinical services were classi�ed using a top-down approach. 

The medical specialty was initially assigned based on the 

speci�c organ system or the device’s indication (e.g., neu-

ropsychiatry for brain, nerve, or psychiatric evaluations). 
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Figure 1.  Distribution of AI Medical Device Manufacturers and Cleared Devices.

Panel A shows the number of active AI medical device manufacturers, categorized by private companies, publicly traded companies 
(subdivided by market capitalization), academic and public institutions, and defunct entities. Panel B shows the distribution of cleared 
AI medical devices by clinical service. AI denotes arti�cial intelligence; and ENT, ear, nose, and throat.
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For radiology devices, organ-speci�c applications were 

classi�ed accordingly, while multiorgan radiographic tools 

were categorized under general radiology. Clinical special-

ties were standardized to eliminate overlaps; for instance, 

spine-focused devices were classi�ed under orthopedic 

surgery rather than neuropsychiatry.

ANALYSIS

Descriptive statistics, including means, standard devia-

tions, and proportions, were calculated for device clear-

ance, recall rates, AI architectures, and clinical service 

distributions across manufacturer types and commercial-

ization models from 1995 to 2024. Time trends were ana-

lyzed using 3-year moving averages (2010 through 2023) 

for consecutive years with complete data and 5-year aggre-

gates for earlier data (1995 through 2009) to address sparse 

records. Comparisons of device recall odds across com-

mercialization models were made using two-sided Fisher’s 

exact tests and odds ratios, with P values and Baptista–Pike 

95% con�dence intervals reported. We also conducted a 

con�rmatory multivariate logistic regression that consid-

ered company type and size, device acquisition status, clin-

ical service, and reported AI architecture to mitigate any 

potential confounding variables (Table S3). All analyses 

and visualizations were performed using GraphPad Prism 

(version 10.0.3, GraphPad Software).

Results

COMPANY AND DEVICE CHARACTERISTICS

We evaluated 950 AIMDs from 331 unique manufacturers 

launched since the �rst documented device application in 

1995 (Fig. 1A). Private companies comprised the majority 

of manufacturers at 68.9%, while public companies, clas-

si�ed across market cap, accounted for 27.8%. Public and 

private companies produced similar total device numbers, 

although public companies averaged more devices per com-

pany (5.1 vs. 2.0). Large-cap public companies contributed 

most substantially, followed by small-cap, mid-cap, and 

mega-cap companies. Academic and public institutions 

and now-defunct companies produced a small minority 

(1.6%) of the devices.

General radiology constituted the largest segment of 

AIMDs at 31.6%, followed by cardiovascular at 17.9% and 

neuropsychiatry at 14.6% (see Fig. 1B). Other signi�cant 

clinical services accounting for over 5% of cleared devices 

include orthopedic surgery (6.6%), pulmonology (6.3%), 

and women’s health (5.7%). Many of these devices make 

use of radiographic analysis to detect neoplasms or ana-

tomical abnormalities.

TRENDS IN COMMERCIALIZATION AND 

DEVELOPMENT

The rate of AIMD clearances increased sharply over time 

(Fig. 2A). From 1995 to 2015, 27 AIMDs were cleared, 

with a mean of 1.4 devices per year (SD, 1.7). This number 

increased to 194 AIMDs between 2015 and 2019, with a 

mean of 39 devices per year (SD, 28.0). In the most recent 

period, from 2019 to 2024, a total of 729 AIMDs were 

cleared, with an annual mean of 146 devices (SD, 42).

In-house development by private and established public 

companies predominantly drove AIMD commercialization. 

Between 2010 and 2014, established public companies ini-

tially accounted for the largest share of clearances, but this 

proportion decreased notably between 2015 and 2019, 

before rebounding by 2020 through 2024. Private compa-

nies showed substantial and consistent growth from 2015 

onward, contributing nearly half of device clearances by 

2020 through 2024. Smaller public �rms maintained lower 

levels of activity throughout. Acquisitions represented a 

smaller, though consistent, pathway for both public and 

private companies, with modest growth between 2015 and 

2024. Academic and defunct entities collectively accounted 

for only a small minority of AIMD clearances (Fig. 2A).

Figure 2B illustrates the proportion of AIMD portfolios 

developed in-house, categorized by manufacturer type and 

size. Overall, 88.0% of AIMDs were developed in-house. 

Private companies had the highest in-house development 

rate (mean, 97.1%; SD, 16.4%). Mega-cap (mean 44.4%; 

SD, 52.7%) and large-cap (mean 55.1%; SD, 43.9%) �rms 

showed greater variability with lower average in-house 

rates. The average portfolio contained 2.9 AIMDs (SD, 

6.8). Only 12 companies had large portfolios (≥10 AIMDs 

or 1 SD above the mean portfolio size), half of which were 

large-cap �rms, and 76.1% (SD, 34.3%) of devices were 

developed in-house. All six companies with the largest port-

folios (≥17 AIMDs or 2 SDs above the mean portfolio size) 

were large-cap, averaging 84.1% (SD, 10.7%) in-house 

development.

AI ARCHITECTURE VIA COMMERCIAL PATHWAY AND 

OVER TIME

Of 950 devices analyzed, most reported explicit use of AI, 

predominantly involving ML, with smaller proportions 

employing other AI methods, such as machine perception 
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or multiple approaches (Fig. 3A). Among ML-based devices, 

the majority employed DL, while a smaller fraction used 

other speci�ed ML techniques or neural networks; a minority 

did not provide details. Overall, 61.7% of devices lacked 

explicit or detailed disclosures of their AI architectures  

(Fig. 3A).

Di
erences in reported AI approaches across commercial-

ization models and over time are illustrated in Figure 3B. 

In-house development rates for non–ML and DL AI and 

multiple AI approaches were comparable between estab-

lished public companies (18.1% and 1.8%, respectively) 

and private companies (14.0% and 4.0%, respectively), 
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Figure 2.  Trends in AI Medical Device Clearances and Commercialization Pathways.

Panel A shows the number of FDA-cleared AI medical devices over aggregated 5-year intervals from 1995 to 2024. Panel B shows the 
distribution of commercialization pathways across manufacturer types. AI denotes arti�cial intelligence; and FDA, U.S. Food and Drug 
Administration.
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while smaller public companies exhibited lower rates (9.7% 

and 0%, respectively).

The use of ML and nonexplicit AI was similar 

between smaller public companies (20.4% and 24.7%, 

respectively) and private companies (22.3% and 23.2%, 

respectively), in contrast to established public compa-

nies (10.7% and 12.2%, respectively). DL was the most 

commonly used AI approach, showing the highest rates 

among established public companies (57.2%), followed 
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by smaller public companies (45.2%), and private com-

panies (36.5%).

For acquired devices, the use of non–ML and DL AI is sim-

ilar among smaller public (34.5%) and private companies 

(30.8%), but notably lower in established public companies 

(5.0%). Private company acquisitions did not use DL but 

showed the highest rate of employing multiple AI approaches 

(7.7%) across all models. Conversely, established public 

companies largely used DL (38.8%) but rarely employed 

multiple AI approaches (3.8%). Comparatively, smaller pub-

lic companies less frequently used DL (20.7%) and did not 

employ multiple AI approaches. The absence of clear AI or 

ML disclosure remained substantial and comparable across 

all acquisition models (AI, 24 to 35%; ML, 20 to 23%).

Before 2010, all cleared devices either lacked explicit 

mentions of an AI approach or speci�ed an ML approach. 

Non–ML and DL AI approaches emerged between 2010 

and 2014, increasing from 6.25 to 17.0% by 2020 through 

2024. During the same period, nonexplicit AI approaches 

sharply declined from 62.4% (2015 through 2019) to 8.9% 

between 2020 and 2024. DL approaches �rst appeared 

between 2015 and 2019 (18.6%) and became predomi-

nant, accounting for 50.5% of clearances by 2020 through 

2024.

PRODUCT RECALLS BY COMMERCIAL MODEL AND AI 

APPROACH

Device recall rates varied signi�cantly across commercial-

ization models (Fig. 4). AIMDs from established public 

companies (14.4%; 99 recalls) and smaller public com-

panies (11.8%; 64 recalls) were recalled at substantially 

higher rates than those from private �rms (1.3%; 10 recalls). 

Established public companies (odds ratio, 12.4; 95% con�-

dence interval [CI], 5.4 to 27.6) and smaller public compa-

nies (odds ratio, 9.9; 95% CI, 1.2 to 14.8) had signi�cantly 

greater odds of recalls than private companies (P<0.0001) 

(Table S2). Multivariate analysis con�rmed that company 

market size and type independently predicted recall like-

lihood (P<0.001); large-cap public �rms exhibited the 

highest signi�cant odds (odds ratio, 12.2; 95% CI, 4.7 to 

37.1; Table S3). Recalls initiated by established public and 

small-cap companies were also less likely to be resolved 

than recalls initiated by private companies. No recalls were 

reported for AIMDs in the smaller public acquisition, pri-

vate acquisition, or public and academic models.

ML devices that did not use DL (10.5%) and AI devices lack-

ing explicit descriptions of speci�c AI approaches (9.2%) 

recorded the highest recall rates. In contrast, AI devices 

clearly labeled as not using ML or DL approaches displayed 

a lower recall rate of 5.3%. DL devices, which constituted 

the largest group (386 devices), had the lowest recall rate at 

4.6%.

Discussion
The commercial landscape of AIMDs has experienced rapid 

transformation, driven by advances in AI, evolving regula-

tory frameworks, and market dynamics. In this review, we 

report a signi�cant increase in clearances, primarily fueled 

by in-house development and commercialization. These 

�ndings o
er essential insights into the changing role of AI 

in health care delivery and guide strategies for policymak-

ers, health care providers, regulators, and industry lead-

ers who are looking to balance innovation with safety and 

transparency.

The increase in AIMD clearances — from an annual aver-

age of 1.4 devices between 1995 and 2014 to 146 between 

2020 and 2024 — re�ects the rapid growth of the sector. 

Overall, our �ndings highlight the role of in-house develop-

ment, particularly by private and established public com-

panies, in driving advancements in AIMDs. Established 

public �rms frequently acquired devices with advanced 

DL software or multimodal AI systems, while private and 

smaller public �rms typically acquired devices or software 

with simpler computational architectures. These di
er-

ences may indicate distinct strategic objectives, with larger 

�rms seeking to expand sophisticated device portfolios and 

smaller entities primarily aiming to facilitate market entry.

General radiology remains the primary focus of AIMDs;13 

however, the rapid growth in cardiovascular, neuropsychi-

atry, and other clinical and surgical specialties underscores 

AI’s expanding versatility. This trend shows that the variety 

of AI applications, long acknowledged in preclinical and clin-

ical research,14-16 is now being translated into cleared devices 

available on the market. While these �ndings are encour-

aging, they emphasize the need for standardized reviews. 

Assigning devices to di
erent FDA review panels based on 

their intended use introduces variability in standards and 

interpretations of substantial equivalence or clearance crite-

ria.17 Establishing rigorous and consistent thresholds across 

review panels is becoming increasingly essential.

DL has emerged as the dominant approach in AI, repre-

senting over half of all cleared AIMDs in the past 5 years. 

However, only one third of DL devices reveal the speci�c 

techniques used, highlighting the need for greater trans-

parency to address the unique challenges these approaches 
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present.18,19 Although the percentage of devices that did not 

explicitly state the use of AI in their technology decreased 

from 62.4% between 2015 and 2019 to 8.9% between 

2020 and 2024, 61.7% of all AIMDs still lack detailed 

descriptions of their AI methodologies. This lack of clar-

ity raises concerns about the interpretability and account-

ability of these technologies,1,2,20 potentially worsening 

issues related to the gap between clearance and postmarket 

performance.21

Finally, a review of device recalls revealed a striking dispar-

ity: 14.4% of AIMDs from established public companies 

and 11.8% of those from smaller public companies were 

recalled, compared with only 1.3% of those from private 

companies. This translates to a 16-fold and 30-fold higher 

recall occurrence rate per cleared AIMD for established 

and smaller public companies, respectively, compared with 

private companies. This contrast suggests that the commer-

cialization pathways of public and private �rms may cre-

ate distinct pressures on quality assurance and regulatory 

compliance. Public �rms, with larger product portfolios and 

shareholder expectations, may prioritize rapid market entry 

over rigorous premarket validation, potentially leading to 

higher recall rates.22-24 Nevertheless, these recalls can cause 

functional diagnostic errors, harm patients, and diminish 

trust in the utilization of AI in medicine.25 Furthermore, the 

higher rate of unresolved recalls among public companies is 

likely linked to more persistent issues and slower response 

times in addressing them, raising signi�cant concerns.26 

Clearly, collaborative premarket evaluation reform and 

enhanced postmarket surveillance are essential to ensure 

that safety and e�cacy standards keep pace with rapid 

technological advancement.27 Future research is needed 

to examine these disparities, identify underlying factors 

in device development within public companies that may 

contribute to these di
erences, and assess potential surveil-

lance or reporting gaps for private companies.

This review has several limitations. First, it focuses on 

FDA-cleared AIMDs, which may limit its applicability 

to devices in international markets. Future comparative 

studies are needed to better understand how di
erent 

regulatory frameworks have managed issues of transpar-

ency and recalls for new AIMDs, as well as the associated 

functionality and safety of their cleared devices. Second, 

private companies were considered as a single group, pos-

sibly overlooking the di
erences in commercial strategies 

between larger and smaller �rms. Further research that 

evaluates the varying scales and funding mechanisms of 

private companies producing AIMDs could yield valuable 

insights into commercial partners in this �eld. Third, recall 

rates were analyzed broadly across commercialization 

models primarily through a bivariate analysis (though we 

performed a con�rmatory multivariate analysis as a robust-

ness check), which did not fully account for other potential 

contributory or confounding variables, such as the clinical 

service or type of device. Future research is required to 

assess device recalls across these frameworks to provide 

insights into regulatory responses for higher-risk devices. 

Finally, academic institutions play a signi�cant role in the 

initial research and development for AIMDs, leading to 

the formation of multiple private spin-out companies.28,29 

However, as we demonstrate, academic partners have a 

limited role in spearheading the commercialization and 

marketing of new devices. Future research into the funding 

sources and originators of cleared devices could o
er valu-

able insights into the �nancial and intellectual drivers of 

innovation in AIMDs.

Conclusion
The commercial landscape of AIMDs has rapidly evolved, 

driven by advances in AI models, evolving regulatory 

frameworks, and market forces. Established public and pri-

vate companies have fueled the rise of AIMDs in the United 

States through in-house development within a competi-

tive and innovative ecosystem, integrating advanced algo-

rithms into clinical and operational work�ows. However, 

signi�cant disparities in device recall rates and a lack of 

transparency in technological approaches highlight the 

need for targeted policy reform to ensure patient safety and 

device e�cacy through improved premarket evaluations 

and postmarket surveillance. This review synthesizes com-

mercialization trends in FDA-cleared AIMDs, revealing 

key disparities in manufacturer strategies, AI transparency, 

and recall patterns. As the commercialization of medical 

AI accelerates, balancing innovation, transparency, and 

patient safety will be crucial in shaping regulatory strategies 

that ensure lasting clinical value.
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