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Abstract

The last 2 years have marked the beginning of a golden age for natural language processing in medicine. The arrival of large language models
(LLMs) and multimodal models have raised new opportunities and challenges for research and clinical practice. In rheumatology, a specialty rich
in data and requiring complex decision-making, the use of these tools may transform diagnostic procedures, improve patient interaction and
simplify data management, leading to more personalized and efficient healthcare outcomes. The objective of this article is to present an over-
view of the status of LLMs in the field of rheumatology while discussing some of the challenges ahead in this area of great potential.

Lay Summary

What does this research mean for patients?

Large language models (LLMs) present both new opportunities and challenges for research and clinical practice in rheumatology. Although
these models hold considerable potential, it is essential for rheumatologists to become familiar with their fundamental principles and recognize
their limitations before incorporating them into clinical decision-making. Understanding how LLMs are capable of generating fresh answers and
how they are trained is vital for maximizing the benefits while mitigating the risks associated with their use in research and patient care.
Therefore, this study aims to introduce the basic principles of LLMs for rheumatologists in order to understand their probabilistic nature and mis-
takes, discuss some potential applications of natural language processing (NLP), explore the utility of training specific rheumatology-related
LLMs, and examine the ethical dilemmas associated with their use. Based on the fast and continuous evolution of the NLP field, it is likely that
recommendations guidelines or points to consider on the ethical use of LLMs in rheumatology will be essential to evaluate their impact on clini-
cal practice.
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Key messages

answering questions.

* Large language models (LLMs) may support rheumatology research and practice by summarizing texts, generating code or

* Despite the potential impact of LLMs, guidelines concerning their ethical application have not yet been published.
* Electronic health records and e-consults can be a key asset for training rheumatology-specific LLMs.

Introduction

Artificial intelligence (AI) has become increasingly used in
medicine, demonstrating its potential impact in research in
several recent projects [1]. Notably, the introduction of plat-
forms such as ChatGPT has marked a turning point in the
adoption of this technology [2, 3]. In rheumatology, the revo-
lution brought about by Al is beginning to show promise, of-
fering opportunities for research and clinical practice [4].
Following this evolution, it is essential to distinguish be-
tween two types of Al based on their use, namely discrimina-
tive Al and generative Al Discriminative Al focuses on the
development of models designed to learn and progressively
improve performance across various tasks, such as data clas-
sification and prediction, through repeated data analysis us-
ing machine learning or deep learning algorithms [5, 6].
Discriminative Al has been incorporated into rheumatology
research for some years, showing examples on disease sub-
group stratification, improved diagnoses and prognosis pre-
dictions [7-9]. On the other hand, generative Al, can create
new content based on training data, including text genera-
tion, code automation or image creation. This marks an

expansion of our capabilities, as generative Al can improve
the organization of information, aiding in scientific manu-
script writing, medical report generation and helping in the
creation of decision support tools.

Input data for both discriminative and generative Al algo-
rithms can be derived from large structured databases and
other sources, such as imaging or free text. Initially, struc-
tured databases yielded some studies in rheumatology. Later
on, imaging provided data for many studies, for example
demonstrating superior performance in detecting erosions in
sacroiliac joint computed tomography scans in spondyloar-
thritis (SpA), compared with radiologist evaluations [10].
Notwithstanding, the analysis of free text to extract data has
shown great advances in recent years [9, 11-14].

Indeed, most clinical and research information is presented
in unstructured formats such as text, posing challenges for
data analysis and collection. In this context, natural language
processing (NLP) emerges as a critical tool, bridging the gap
between linguistics and analysis and facilitating the task of
data collection from free text [15]. These non-structured data
sources, including real-life data from clinical practice, hold
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promise for exploring patient comorbidities, adverse events
and resource utilization. NLP techniques have been success-
fully applied to accurately identify patients with rheumatoid
arthritis (RA) or SpA from clinical records and to extract
mentions of outcome measures in RA with high sensitivity
and positive predictive value (PPV) [16, 17].

Since the development of the transformer technology, the
evolution of NLP has been very rapid, particularly with the
emergence of large language models (LLMs) [18]. LLMs are
advanced Al systems designed to understand, generate and
interact with human language [19]. These models are trained
on vast amounts of text data based on the transformer tech-
nology, allowing them to understand the context and com-
plexities of language. While traditional NLP techniques often
relied on rule-based systems that required extensive feature
engineering and domain-specific knowledge, LLMs can per-
form complex language tasks with minimal human interven-
tion. Therefore, LLMs can generate coherent and
contextually relevant text based on this input they receive. In
this regard, LLMs can answer questions, summarize text,
translate and generate code, showing versatility across vari-
ous domains. In the context of healthcare, this has many use
cases, from analysing medical literature to assisting in clinical
decision-making and patient communication. LLMs offer a
promising tool for enhancing both research and clini-
cal practice.

To create a comprehensive summary of the state-of-the-art
in NLP and LLMs in rheumatology, we performed an exten-
sive electronic search in Medline, Embase and arXiv for
English-language sources from inception to May 2024. We
employed a range of free-text terms including, but not limited
to: ‘Large language models’, ‘Natural language processing’,
‘LLM’, ‘NLP’, ‘NLP AND electronic health records’,
‘ChatGPT’, ‘LLMs in healthcare’, ‘Artificial intelligence
AND Rheumatology’, ‘LLM AND rheumatology’, ‘NLP
AND Rheumatology’, ‘ChatGPT AND rheumatology’. The
references obtained were systematically managed using
Mendeley to ensure efficient organization and retrieval.
Furthermore, we conducted a manual search by examining
the references cited in the included studies and technical com-
puter science books. Priority was given to seminal references
or those published within the last 2 years.

What are large language models?
Technical definition

LLMs are language models built upon the transformer’s ar-
chitecture (i.e. neural networks with millions of parameters),
pre-trained on enormous collections of unlabelled data (usu-
ally coming from the web), and following self-supervised
learning approaches; that exhibit remarkable performance on
all sorts of natural language tasks.

Understanding the definition

To fully understand what a LLMs is, different concepts
should be introduced:

a) What is a language model? Language models are models
that assign probabilities to upcoming words or sequence
of words from neighbouring words. Specifically, a lan-
guage model estimates how likely different words or
sequences of words are to occur. In simpler terms,

language models are capable of predicting the next word
based on the previous ones.

What is a transformer? Transformers are deep neural
network models (i.e. artificial neural networks that con-
tain a deep stack of hidden layers) made up of stacks of
transformer blocks (i.e. multilayer networks) that map
sequences of input vectors to sequences of output vectors
of the same length [20]. The aim of these layers is to
build increasingly complex and context-enriched inter-
pretations of the meanings of input words [21].
Eventually, a representation for every word that incor-
porates context-specific information (i.e. surrounding
words) is generated. To create these contextualized rep-
resentations, transformers rely on self-attention mecha-
nisms which capture the dependencies between the
words in a sentence. In this scenario, attention is under-
stood as a neural network layer whose ultimate goal is
to learn long-range global features, deciding which com-
ponents of the input sequence contribute the most to the
output, assigning a different amount of weight to each
element in a sequence. This architecture has gained rele-
vance and has surpassed others (e.g. recurrent neural
networks), due to several factors such as the mitigation
of vanishing and exploding gradients issues (i.e. gra-
dients become extremely small or large, halting the train-
ing or causing unstable training) by removing recurrent
connections [22]. Moreover, the training is achieved
with fewer steps, parallelization is easier, and longer-
range patterns are better captured. In LLMs, self-
attention is limited to causal attention (i.e. only previous
words are considered), and the transformer architecture,
normally, only comprises the decoder [23], from the en-
coder—decoder module (i.e. focusing solely on generating
output based on the input and previously generated con-
text, without needing to encode the input into a separate
intermediate representation). The text is generated in an
autoregressive manner (i.e. decoding from left to right).
How are transformers taught to be LLMs? A transformer
is trained in two steps. Pretraining is the initial phase of
training the transformer model before it undergoes further
fine-tuning. During pretraining, the model learns the gen-
eral structure of a language (i.e. language patterns, vocabu-
lary usage and so on) by exposing it to vast amount of
textual unannotated data (i.e. usually millions of tokens,
where a token is a word or parts of words, depending on
the tokenizer), commonly retrieved from the web, in an
unsupervised manner. More specifically, self-supervised
learning is applied. With this approach, for each time step
t, the algorithm asks the model to forecast the subsequent
word, this is the model learns to predict some parts of the
input data from other parts of the same data, without re-
quiring any human-labeled data. Thanks to pretraining,
the model learns to generalize. On the other hand, fine-
tuning is the task of further training the model to perform
downstream tasks with labelled data. This is, once the
model has learned the language, it is trained to perform
specific tasks with specific data of the desired application.
Thanks to fine-tuning the model learns how to perform
specific tasks, such as question-answering or named entity
recognition. Other adaptations to train the LLMs, in addi-
tion to fine-tuning, exist such as Reinforcement Learning
from Human Feedback [24] or Retrieval-Augmented
Generation [25].



d) What is the relationship between Generative Al and
LLMs? Generative Al is a broad category of Al systems
designed to generate new content (e.g. text, images, music,
video), based on their training data. LLMs are a subset of
generative Al focused specifically on understanding and
generating human-like text. Essentially, LLMs are a type of
generative Al that specializes in text generation and natural
language tasks. When LLMs can accept more than one
type of input and generate outputs that are not limited to
the type of data entered, they are called large multimodal
models (LMMs) [26].

Other relevant concepts

e) What is ChatGPT? ChatGPT is a neural conversational
agent (i.e. chatbot), design by OpenAI [27], that mimics
the informal human-human conversations, which is
designed to maintain longer and more unstructured
conversations than a typical conventional dialogue sys-
tem. It can be seen as a specific implementation of a
LLM trained with lots of dialogue data.

f) Why do chatbots based on LLMs produce different out-
puts even though the input is similar? Because the gen-
eration of the next word is not based on the most likely
word given the context (i.e. greedy decoding), which
would produce generic and deterministic texts, but on
sampling methods. With sampling methods, words are
randomly chosen considering their probabilities in such
a way that words with higher probabilities have higher
chances to be selected. In LLMs, the probability of each
word is conditioned on previous choices.

g)What is a prompt? A prompt is an instruction or input
given to a LLM that guides its output. It serves multiple
purposes, including enforcing rules, automating processes,
ensuring the quality and quantity of the generated con-
tent, and customizing interactions with the model [28,
29]. This concept is behind the prompt engineering notion
(i.e. crafting of precise, task-specific instructions in natural
language, intended to program or guide LLMs to achieve
a specific goal or output). Recommendations, guides and
good principles for prompt engineering have been pub-
lished elsewhere [30-33]. In rheumatology, the relevance
of prompt engineering has been highlighted in [34].

h) What are the current challenges of LLMs? LLMs present

a myriad of challenges [35]. However, hallucinations are

particular problematic [36]. Hallucinations are com-

monly defined as information produced by LLMs that
might seem accurate but is actually misleading. This can
be a significant issue because they sometimes include
partially accurate data, leading users to mistakenly be-
lieve that all the information provided by the model is
accurate, resulting in misunderstandings or the propaga-
tion of misinformation. Nowadays, mitigation strategies

are being developed [37].

What types of data are used for fine-tuning LLMs?

Instruction data is commonly used for fine-tuning LLMs

(i.e. instruction fine-tuning). Briefly, instruction data is a

collection of data specifically designed for training and

testing models that perform tasks related to understand-
ing and generating human-readable instructions. These
datasets often include pairs of input—output examples
where the input is a set of instructions in natural lan-
guage or a structured format, and the output is the
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desired action or outcome corresponding to those
instructions. When training LLMs, fine-tuning with
instructions involves training the model by showcasing
examples that illustrate its desired responses to particu-
lar instructions. In medicine, some general-purpose in-
struction and question-answering datasets have been
built, such as MedAlign [38], MedInstruct-52k [39] or
MedMCQA [40]. Comprehensive lists of public data-
sets for training LLMs are regularly updated in GitHub
[41]. More than 400 datasets for training these models
have recently been explored in [42].

Classification of LLMs

Table 1 provides a classification of LLMs, outlining their
characteristics across several dimensions to support the main
objective of understanding the diversity and specificity of
LLMs in various applications. LLMs are based on the num-
ber of parameters, indicating the complexity, ranging from
billions to trillions of variables. LLMs can be classified into
proprietary public (freely available general-purpose models),
proprietary private (domain-specific models using private
data), and open source. Additionally, LLMs can be catego-
rized by modality (unimodal like ChatGPT 3.5, trained on
text only, and multimodal like ChatGPT 4, integrating text,
images, and audio), domain-specificity (general-purpose ver-
sus domain-specific models) and language capabilities (mono-
lingual primarily in English versus multilingual models like
ChatGPT). These classifications enhance the understanding
of LLMs’ capabilities and accessibility, essential for deploy-
ing them effectively across varied applications.

GPT-4 Omni

GPT-4 Omni is the latest LLM developed by OpenAl, GPT-4
Omni (GPT-40), that was presented during the writing of this
manuscript. GPT-40 is a multimodal model capable of proc-
essing and reasoning across audio, image, video and text
inputs in real time, all with minimal latency. According to
developers, this model can respond to audio inputs with a
similar response time comparable to that of humans. This
creates a spectrum of opportunities in medicine, and also in
rheumatology, in the following domains:

* Medical  transcription:  traditional  transcription
approaches may encounter difficulties with the complexi-
ties of medical terminology, resulting in inaccuracies and
inefficiencies. Moreover, the transcription is usually con-
ducted in plain text. However, with LMMs new capabili-
ties could be unlocked such as structuring the data in
tabular format during the transcription or to conduct
real-time translations.

* Enhancing accessibility for visually impaired patients
and low-literacy patients: patients with visual impair-
ments, such as uveitis patients could be benefitiated of
educational materials about their disease in audio for-
mat [59]. Similarly, models capable of generating au-
dio and maintaining conversations could enhance
health equity by closing the education gap in under-
resourced areas where access to written materials may
be limited.

* Triage and citation: although prior iterations of LLMs
have not shown consistent results across studies when
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Table 1. Classification criteria of LLMs

Criteria Description

Number of parameters
from billions to trillions of variab
and generation capabilities.

Availability/accessibility Proprietary public

Proprietary private

Open source

Modality Unimodal
Multimodal

Domain-specificity General-purpose

Domain-specific

Language Monolingual

Multilingual

Number of variables in the neural network. This correlates with the LLMs complexity. Modern models range

les. LLMs with more parameters generally offer advanced understanding

LLM:s freely available to the public. These LLMs are usually general-pur-
pose models (e.g. ChatGPT 3.5, Google Gemini Pro [43], Claude 3
Sonnet [44]).

LLM:s not accessible to the public, usually trained using private data, and
designed to excel in specific objectives. These models are often domain-
specific, after having undergone a fine-tuning process. Model such as
Med-PalLM 2 [45] or AMIE [46], could be considerate private LLMs.

This category may also encompass models that are geographically re-
stricted due to regulatory and legal considerations; or general-purpose
models available to the public but behind a paywall (e.g. ChatGPT 4,
Google Gemini Ultra or Claude 3 Opus).

According to some authors, LLMs adhering to The Open Source Definition
[47] are considered open source models. However, other authors relax
this definition to include in this category models such as LLaMA [48].
Although efforts are being made, it is not common to find LLMs with the
training code, the training data, intermediate checkpoints, technical
reports, and the final model weights available [49]. Falcon [50], LLaMA
or Vicuna [51] are some examples of models considered open-sourced by
the community.

LLM:s trained on a single data modality, such as text (e.g. ChatGPT 3.5,
LLaMA 2).

LLM:s able to process and integrate multiple types of data such as text,
images, and audio (e.g. ChatGPT 4, Claude 3 Sonnet) [52].

Models intended to handle a wide variety of topics and tasks, without a par-
ticular specialization. They are suitable for most users in their daily activi-
ties. Most of today’s proprietary LLMs are general-purpose.

Models that attempt to solve specific tasks (e.g. patients” questions).
Domain-specific models may not necessarily be trained exclusively with
data from their specialized domain. Instead, they can start as general-pur-
pose models and later undergo fine-tuning with domain-specific data. In
[53], a survey of LLMs in medicine is provided. Some examples of health-
care LLMs are Hippo [54], BioMistral [55] or MEDITRON [56]. In [57],
a leaderboard of open medical LLMs is shown.

Models designed to understand, generate, and interact with text in a single
specific language. However, the performance of LLMs on different lan-
guages may vary, since the bulk of conversational training data is primar-
ily in English, most LLMs are developed to be monolingual [58].

Models designed to understand, generate, and interact with text in multiple
languages. These models are trained on vast amounts of text data from a
wide range of languages (e.g. ChatGPT, Claude, Gemini). Currently, sev-
eral national agencies are working on creating models that support co-of-
ficial languages within the same country.

using textual data from the emergency departments (EDs)
to classify clinical acuity [60, 61], newer models such as
GPT-40 could prove beneficial in outpatient settings. To
begin with, already followed patients could seek advice
about new concerns or symptoms during non-working
hours. An LLM could evaluate the clinical risk and send
an alert to the physician or schedule an appointment, in
addition to providing clinical advice in a more immediate
way than by sending messages in textual format.
Nonetheless, validation of these models is yet to be shown
in clinical studies.

Application of NLP/LLMs in rheumatology

As it has been discussed, NLP allows to interpret and analyse
free text [62]. This capability is enhanced using LLMs, which

employ NLP for specific tasks such as text generation.
Rheumatology is a discipline confronted with a wide array of
disorders that display substantial variation in clinical mani-
festations, which makes Al, and particularly the analysis of
free text through these technologies, very promising [63].
NLP facilitates the analysis of electronic health records
(EHRs), covering hundreds to millions of clinical notes, for
various purposes including identifying diseases and assessing
disease characteristics. Besides, it can help in question an-
swering and knowledge management, serving as a potential
useful tool for supporting clinical decision-making (Fig. 1).

Disease identification

In the domain of disease diagnosis and classification across
rheumatic diseases, numerous studies highlight the efficacy of
NLP to extract this information of EHRs. For instance, dif-
ferent algorithms have demonstrated the utility of in
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Figure 1. Applications of natural language processing in rheumatology

identifying axial spondyloarthritis (axSpA) or psoriatic ar-
thritis (PsA), achieving a good sensitivity and specificity [64,
65]. Recent research has effectively utilized an Al tool incor-
porating NLP to detect ANCA-associated vasculitis, report-
ing sensitivity rates between 96.3% and 98.0% [66]. This
growing body of evidence supports the adoption of NLP tech-
nologies in identifying rheumatic diseases.

EHRs clinical features extraction

Several studies extend beyond disease identification to extract
other clinical information from EHRs. For example, an NLP
pipeline was utilized within the Rheumatology Informatics
System for Effectiveness (RISE) registry to extract data from
free-text outpatient rheumatology notes [67]. This approach
demonstrated NLP’s capacity for analysing extensive clinical
data, retrieving RA outcomes from over 34 million notes
with a sensitivity of 95%, an Fl-score of 91% and a PPV of
87%. The RA-WILD study effectively identified the clinical
characteristics of patients with RA with interstitial lung dis-
ease (RA-ILD) from a dataset exceeding 64 million EHRs,
achieving a precision of over 0.7 for most of the assessed vari-
ables [68]. This research showed that RA-ILD patients exhib-
ited greater vulnerability, with higher comorbidity and
inflammatory burden compared with RA patients with-
out ILD.

Certain studies have concentrated on specific components
reported on the EHRs. The SpAINET study targeted the as-
sessment of disease activity, revealing that only approxi-
mately one-third of axSpA and one-sixth of PsA patients
underwent disease activity assessments [17]. England et al.
[69] developed an NLP tool to extract Forced Vital Capacity
from EHRs, demonstrating a high correlation (r = 0.94) with
values from pulmonary function tests. Lin et al. [70] applied
NLP to identify methotrexate-induced liver toxicity in
patients with RA, achieving a PPV of 0.76.

Another study focused on improving the detection of gout
flares in the ED, using both rule-based and advanced NLP
algorithms [71]. This research demonstrated that analysing
chief complaints alone could effectively identify gout flares
with high accuracy, potentially enhancing gout flare
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management by enabling prompt identification and referral
during ED visits. These advancements further exemplify
NLP’s transformative impact on rheumatology and pa-
tient management.

Knowledge management

A recent study compared the performance of GPT-4, Claude
(versions 1.3 and 2), and Bard in rheumatology-specific
trivia, highlighting their varying capabilities and the potential
impacts of their features on medical practice [72]. GPT-4 and
Claude 2 demonstrated superior performance, correctly an-
swering 81% of the questions. Another study evaluated the
effectiveness of GPT-4 in the context of rheumatology educa-
tion, specifically their ability to answer questions from the
Spanish MIR medical training exams, on their accuracy and
clinical reasoning. GPT-4 showed and impressive accuracy of
93.71% and clinical reasoning of 4.7 on a 5-point Likert
scale [73]. Additionally, a recent study assessed ChatGPT-4’s
diagnostic accuracy for inflammatory rheumatic diseases
(IRDs), comparing it to rheumatologists in a controlled data-
set [74]. ChatGPT-4 identified the correct top diagnosis in
35% of cases versus 39% for rheumatologists and placed the
correct diagnosis within the top three 60% of the time, com-
pared with 55% for rheumatologists. ChatGPT-4 excelled in
IRD-positive cases, listing the correct top diagnosis in 71%
of cases versus 62% for rheumatologists and within the top
three 86% of the time versus 74%. These findings suggest
that NLP has the potential to augment the diagnostic process
in rheumatology, potentially serving as a clinical decision
support tool.

Creating rheumatology-specific LLMs. Does it
make sense?

An important question that requires careful consideration is
whether it is necessary to develop domain-specific LLMs for
each medical specialty, or whether it would be more advanta-
geous to train a comprehensive model encompassing the en-
tire healthcare sector, such as Google is doing with Med-
PalLM. By focusing on a narrower domain, these models
could potentially achieve higher accuracy. However, omitting
the global medical knowledge and the physiological interac-
tions between the different specialties/systems could limit the
models’ understanding and ability to provide holistic patient
care. The answer to the question posed is not a simple one.
This trade-off should be further explored, by training and
comparing specific-specialty-domain LLMs, and the answer
will probably depend on the use case.

As of now, there are not publicly available LLM specifi-
cally designed for rheumatology, contrary to what has been
observed in other domains such as oncology. In a recent
study, the authors collected more than 180k oncology-related
conversations from 13 doctor—patient platforms [75]. This
was done by filtering dialog data collected from different on-
line medical platforms, using oncology-related keywords.
Afterwards, researchers conducted multiple rounds of fine-
tuning on LLaMA, an open-source LLM developed by Meta,
using the refined dialogue data. Hyperparameter selection
and model validation phases were conducted to ensure opti-
mal performance and accuracy of the model. Both the model,
the data used for training it, and the best hyperparameters
were made public.
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The first challenge in developing domain-specific models
lies in obtaining a sufficient quantity of accessible, high-
quality data from the relevant domain. To the best of our
knowledge, this kind of data in rheumatology is scarce or
non-existent. Additionally, this web data may be subject to
copyright protections, rendering it unusable for commercial
purposes. Recent efforts are being made to solve this. For in-
stance, as it has recently done by building the first linguistic
corpus, RheumalLpack, in the field of musculoskeletal dis-
eases that could be used for training LLMs [76]. However,
this corpus lacks instruction data, so this information should
be recovered from somewhere else. For instance, e-consults
could be a valuable data source for generating specific train-
ing data for LLMs. Centres that have been conducting e-con-
sultations and which are authorized to use such data, would
be positioned with a greater competitive advantage to de-
velop the first rheumatology-LLM [77, 78]. It appears inevi-
table that this type of data will be utilized to train specialized
models for specific medical specialties in the upcoming years.

Current challenges, ethical dilemmas and how
to not misuse LLMs

The rise of LLMs has sparked several ethical challenges and
considerations [79]. The speed at which LLMs have been
adopted has not been matched by efforts to establish ethical
guidelines or principles for their proper use. According to the
Stanford Al Index Report 2024, one of the top 10 takeaways
is that robust and standardized evaluations for LLM respon-
sibility are seriously lacking [80]. One of the most recent
attempts has been made by the WHO, which earlier this year
published its guidance on large multi-modal models (LMMs)
[26]. This guidance, which is closely related to a previous one
[81] and which is complemented by different related publica-
tions [82-84], highlights the necessity of international efforts
and collective development of international rules for the
proper governance of LLMs. The report even discusses the
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possibility of regulating LLMs with the same stringent crite-
ria used for nuclear weapons.

The European Union’s position on general-purpose Al
models, such as LLMs is reflected in the EU AI Act, the
world’s first major legislation on Al which will enter into
force in 2026 [85]. Under this legislation, models that possess
high-impact capabilities and present a great ‘systemic risk’
are classified into a more stringent regulatory category. On
the other hand, The Executive Order on Al promoted in the
USA pursues to create the necessary guidelines to safely ex-
ploit ADl’s potential while reducing its associated risks. As a
first step, the National Institute of Standards and Technology
(NIST) has published four preliminary documents aimed at
enhancing the safety, security, and reliability of Al systems.
For instance, NIST AI 600-1 details 12 risks and actions for
mitigation risks specific to Generative Al such as dangerous
recommendations or bias.

The medical and research community holds mixed views
regarding the use of LLMs. On the one hand, some research-
ers encourage the use of LLMs. As an example, the New
England Journal of Medicine Al published an editorial article
in which they encouraged the use of LLMs: We believe that
the use of LLM tools can help scientists enhance the quality
of their scientific work and democratize both the creation
and consumption of scientific knowledge [86]. On the other
hand, some researchers express concerns about the implica-
tions of LLMs in the medical field, arguing that these technol-
ogies pose a threat to the profession [87], and that this kind
of technology is not ready for clinical use [88]. In an effort to
adapt to the new reality, driven by LLMs, most scientific
journals and publishers have developed AI policies where
authors are forced to provide details of any Al used in the
manuscript elaboration. This has complemented by the emer-
gence of new reporting guidelines such as CANGARU [89],
CHEER [90], CHART [91] or the update of previous ones,
such as MI-CLAIM [92]. These efforts have been partly
driven by the rising usage of terms and expressions that, until

Delving into
Realm
Revolutionize

2010 2012 2014 2016
Year

2018 2020 2022 2024

Figure 2. Appearance of common words used by ChatGPT in PubMed abstracts or titles



recently, were uncommon in the scientific literature and are
now widely recognized as hallmarks of ChatGPT: delve, le-
verage, dive, deep, harness, foster, captivate, revolutionize or
realm [93]. An example of this increase in the use of some
terms is shown in Fig. 2. Moreover, in some high-profile
cases, the unethical use of these models, where their used was
undeclared, fraudulent, or dishonest (e.g. appearance of
‘Regenerate response’ or ‘As an Al language model, I ...” sen-
tences; fake images [94], or fake references) has contributed
to the retraction of scientific articles [95]. This misuse in aca-
demia has recently become a topic of discussion and is likely
to pose additional challenges in the coming years [96, 97].

There are not currently recommendations or points to con-
sider on the ethical use of LLMs in rheumatology. However,
as the field continues to evolve, it is to be expected that agree-
ment will be reached on its use. According to Gartner’s 2023
Hype Cycle for Artificial Intelligence, Generative Al is in the
peak of inflated expectations with the plateau of productivity
to be reached in 5-10years [98]. As this technology matures
and reaches widespread adoption, it will be essential to evalu-
ate its impact on clinical practice in rheumatology and re-
analyse the ethical challenges.

The potential of LLMs in rheumatology is vast, offering
multiple benefits and posing significant challenges. These
models can revolutionize research by summarizing a great
amount of medical literature and generating hypotheses for
further investigation. LLMs also hold promise for advancing
diagnostic processes by rapidly analysing complex clinical
data and improving patient interactions through more accu-
rate and personalized communication. However, their inte-
gration into research and clinical practice must overcome
hurdles such as ensuring data privacy, addressing ethical con-
cerns related to transparency, and managing the risk of gener-
ating misleading or inaccurate information. Implementing
continuous evaluations and creating recommendations will
be vital in maximizing the benefits of LLMs while addressing
potential risks in rheumatology.
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