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Amidst the rapidly expanding integration of large language
models (LLMs) across various sectors (ranging from every-
day applications to specialized fields demanding stringent
regulatory adherence), our investigation seeks to determine
how well these models can support medical device software
classification. Medical device classification functions to sys-
tematically categorize devices according to their designated
use, associated risk levels, and requisite regulatory over-
sight, thereby providing a structured framework for ensuring
safety and efficacy as mandated by regulatory authorities.
This classification paradigm is integral to the regulatory
landscape, guiding the oversight mechanisms that ensure
medical devices to meet predefined safety standards before
they can be utilized in healthcare settings [1]. Most national
frameworks utilize a risk-based classification scheme [2].
For instance, in the USA, a Class III device, which neces-
sitates the most rigorous oversight, must undergo thorough
review via the pre-market approval (PMA) process [3].
Nonetheless, the classification criteria exhibit considerable
variation owing to the disparate regulatory environments
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across countries, presenting challenges to global compliance
and harmonization efforts [4]. Our analysis spans an exten-
sive range of devices from important international markets
including China, the USA, and Europe. It provides an assess-
ment of the capacities of LLMs to support medical device
software classification.

Trained on extensive datasets sourced from the Internet,
literature, and an array of textual materials, LLMs repre-
sent a pivotal advancement in artificial intelligence (A).
These models excel in grasping complex language patterns,
context, and semantics, operating on predictive algorithms
that determine the likelihood of subsequent words based on
existing sequences. This capability provides LLMs with an
unprecedented capacity for comprehending, producing, and
navigating human language, positioning them as a potential
suitable tool to support regulatory decision making.

Regulatory affairs, captured by the International Medical
Device Regulators Forum (IMDRF) [5], ensure that medical
products conform to the varied and rigorous regulatory stan-
dards set by jurisdictions worldwide. Companies are tasked
with navigating this multifaceted terrain, balancing the sub-
mission of comprehensive dossiers against the demands of
scientific evaluations by regulatory bodies. Challenges arise
when determining the risk classification of devices in devel-
opment in order to tailor evidence generation. In the USA,
devices are systematically classified into three main cate-
gories (Class I, Class II, and Class III), each specifying
the degree of regulatory scrutiny required, which in turn
influences the approval process and strategies for market
entry. In contrast, the European Union (EU) employs a more
detailed classification framework, segmenting devices into
four categories (Class I, Class IIa, Class IIb, and Class III).
Misclassification can lead to major operational and financial
setbacks, such as unnecessary clinical trials or market access
denials [6]. Recognizing the appropriate classification early
in the development process is essential for manufacturers to
tailor evidence generation and compile robust regulatory sub-
missions. Each classification level, indicative of the device’s
potential risk and requisite oversight, prescribes specific reg-
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ulatory pathways. These pathways differ markedly across
various international jurisdictions, impacting not only the
speed to market, but also the marketability and competitive
positioning of the device in different markets.

Recent studies underscore the increasing complexity of
regulatory affairs and the multifaceted challenges it intro-
duces [7, 8]. This complexity is further exacerbated by the
rapid pace of technological innovation and the expanding
variety of medical devices. In this context, the develop-
ment of an accurate and adaptable classification methodology
emerges as a crucial endeavor, one that could greatly bene-
fit from the integration of Al. Traditional machine learning
techniques have previously been applied to tackle classifi-
cation challenges within this domain [9, 10], with a recent
study achieving a weighted accuracy of 82% using support
vector machine (SVM) [11]. Comparably, the ability to use
LLMs globally for medical device classification is promis-
ing; however, no data tested exist on the accuracy.

We queried several LLMs to assess the feasibility for
device classifications, comparing these with the official clas-
sifications from respective regulatory databases. We selected
seven global cutting-edge LLMs for our study: (1) GPT-
3.5, (2) Gemini, (3) Qwen, (4) ERNIE Bot, (5) Baichuan,
(6) ChatGLM, and (7) Mistral Large. These models, hail-
ing from the USA, the EU, and China, represent the state of
the art of generative Al. These LLMs are based on the Trans-
former model [12], indicating the importance of model size in
their ability to grasp and produce complex text. Among them,
ERNIE Bot, with 260 billion parameters, stands out as one
of the largest, suggesting a superior capability in handling
nuanced textual interpretations. However, a larger parame-
ter count also means a greater demand for computational
resources.

The dataset consisted of 130 distinct medical software
products: 66 devices from the National Medical Products
Administration (NMPA) of China, 29 devices from the U.S.
Food and Drug Administration (FDA) [13], as well as 35
devices from EU database guided by the listings in Ref. [14].
This dataset classification result has been served as the golden
standard against which we could evaluate the performance
of the LLMs. The whole dataset is shown in Supplementary
Information.

For each product evaluated, the generic name of the med-
ical devices was used rather than their brand names. Generic
names, also referred to as non-proprietary names, encompass
descriptions that articulate the device’s intended use, under-
lying technology, and pertinent details such as the device’s
indications, functionalities, and related disease information
[15]. This approach aligns with the idea that a classification
should be based on the device description and not on any
brand name. The classification of each device by the authori-
ties is predicated primarily on the text delineating its intended
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..' Hello, suppose you are a regulatory affairs expert. Could you tell me the
' \. classification of my product in China: electrocardiogram (ECG) information
. management software?

In China, the classification of medical devices, including software like ECG information
management softwate, is overseen by the National Medical Products Administration
(NMPA). Similar to other regulatory bodies, the NMPA employs a risk-based
classification system to categorize medical devices.

To determine the specific classification of your ECG information management software
in China, it's essential to conduct a thorough assessment of its intended use,
functionalities, and potential risks according to the NMPA’s guidelines and regulations.
Consulting with regulatory experts familiar with the Chinese regulatory framework
for medical devices would be advisable to ensure accurate classification and
compliance with regulatory requirements.

What is the classification of my product in China: electrocardiogram (ECG)

'.‘ information management software?

ECG information management software usually belongs to the category of medical
device software. According to the general standards for medical device supervision,
ECG information management software is usually classified as a Class Il medical
device. This is because it is used to manage and analyze electrocardiogram data,
which has a direct impact on patient health diagnosis and treatment. Therefore, such
software needs to comply with strict regulatory requirements to ensure that its safety,
effectiveness, and performance comply with prescribed medical device standards.

Fig. 1 Example of large language model (LLM) responses given for
specific prompts

purpose, as this serves as the foundational criterion for reg-
ulatory assessment and subsequent categorization [11].

It was found that an LLM did not provide a classification
if asked to give a classification, while acting as a regulatory
affairs professional. It often replied that regulatory experts
should be consulted in that case (Fig. 1). However, when
we directly prompted it for classifications without implying
that it assumes the role of a regulatory affairs professional,
we noticed that the LLM typically offered a classification
result. It could be that identifying the LLM as a professional
might lead it to seek answers from professional websites,
which often lacks sufficient information for it to formulate
a response. What’s more, positioning the LLM in the role
of a professional might make it more cautious, possibly due
to an implied responsibility associated with providing these
answers [16]. Carefulness of LLMs is likely to exist within
fields like law, medicine, or regulatory affairs, where inac-
curate information could lead to considerable consequences
[17]. The LLM might thus be programmed to express uncer-
tainty or advise seeking a human expert’s opinion, reflecting
concerns over the reliability of its professional advice.

We asked the seven LLMs about each device and com-
pared results with the ground truth. Answers were labeled as
incorrect if they differed from the ground truth. A misclas-
sification was also recorded if the response was ambiguous,
e.g., identifying a product as either Class II or Class III. We
then calculate the accuracy, which is shown in Fig. 2.
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Fig.2 Performance across the jurisdictions for each model

For the Chinese classification (n=66), the most accu-
rate models for the single task of device classification were
ERNIE Bot and Baichuan, with accuracies of 100% and 97%,
respectively. Peak performance on US data was lower, with
GPT-3.5, Qwen, and Mistral Large all reaching an accu-
racy of 79%. The failure of Baichuan and ERNIE Bot to
correctly classify any US device suggests a considerable mis-
alignment with the characteristics of US devices or possible
gaps in their training data. Notably, EU devices posed the
largest challenge for almost all models, with several giving a
null return. This could indicate a potential scarcity of avail-
able online information about EU devices that LLMs could
utilize for learning. This highlights the critical need for an
open dataset that could be leveraged for training LLMs on
EU medical device regulations. The situation emphasizes the
broader issue of EU data availability, where restricted access
to comprehensive and detailed regulatory information limits
the potential for automated tools to assist effectively in the
classification and regulation of medical devices [18].

Gemini’s suggested proficiency in 40 languages hints at
its robust general language comprehension skills, potentially
contributing to its performance across the various datasets.
Nonetheless, ERNIE Bot demonstrated a remarkable region-
specific accuracy (100% for China), suggesting its potential
for targeted applications or a focus on particular linguis-
tic or regulatory environments. ERNIE Bot’s fine-tuning
approach combines supervised learning with reinforcement
from human feedback, enhancing its adaptability to spe-
cialized tasks. Our analysis revealed real challenges in
classifying EU devices across most models, indicating either
a scarcity of EU-specific training data or complex EU’s
regulatory and linguistic diversity [8]. Interestingly, our bilin-
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gual query approach, employing both Chinese and English,
did not affect the outcomes in a meaningful manner, indi-
cating that model responses maintain consistency across
languages. However, some scholars discovered the impor-
tance of language in prompt engineering, who found that
different languages can lead to different results [19]. This is
something users should take into account.

This study marks an initial exploration into understanding
how LLMs can be applied within the regulatory land-
scape, particularly focusing on the crucial task of medical
device software classification. It reveals a spectrum of LLM
performance, underscoring both the potential and current
limitations of applying LLMs within regulatory frame-
works. This study targeted medical device software, which
inevitably limits the generalizability of the results to this
specific medical technology. Furthermore, the ever-evolving
landscape of Al technology and regulatory standards means
that research should consistently re-assess the performance
of these models. Additionally, our focus on the accuracy of
device classification within this study does not cover wider
ethical, privacy, or security considerations, which are critical
when applying LLMs in sensitive fields such as healthcare.
These aspects represent vital areas for future studies, pointing
out potential of sophisticated computational tools that may
play in streamlining and bolstering regulatory compliance
processes.

Supplementary Information  The online version contains supplemen-
tary material available at https://doi.org/10.1007/s42242-024-00307-
0.
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