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Large language models (LLMs) have recently garnered significant attention due to their re-
markable ability to assimilate vast amounts of information and effectively process natural lan-
guage. In healthcare, natural language constitutes a substantial portion of medical data, render-
ing LLMs highly promising for various healthcare applications. This study seeks to explore the
potential of LLMs in healthcare and clinical decision support (CDS), following PRISMA guide-
lines for reviews.

The analysis encompasses 44 LLMs, each influenced by several factors impacting their per-
formance. Notably, the datasets utilized for pretraining and fine-tuning processes play a crucial
role in determining the model’'s domain specificity. Furthermore, distinct model architectures are
tailored for specific tasks, while prompting strategies are frequently employed to refine and en-
hance the model’s performance.

LLMs exhibit considerable promise for a wide array of healthcare applications. For instance,
LLMs possess the potential to efficiently handle and analyse medical information, facilitate con-
textual understanding among clinicians and patients, as well as automating the documentation
of clinical notes and reports. Presently, however, their implementation within the field remains
limited.

Notable improvements have been witnessed in the performance of current healthcare-
oriented LLMs, with some achieving expert-level competence in medical question-answering
(MQA). However, these LLMs face prominent challenges, encompassing ethical concerns, is-
sues related to accountability, and a lack of appropriate regulations.

Nevertheless, this study reveals numerous promising applications in healthcare where LLMs
could significantly augment the efficiency, accessibility, and manageability of healthcare deliv-
ery. Addressing the challenges LLMs encounter is essential for their seamless integration into
practical healthcare applications. As a relatively new technology, the development of LLMs is
still in its early stages, but their potential is evident through this study. Consequently, fostering
collaboration among healthcare professionals, developers, regulators, and other stakeholders is
imperative to cultivate dependable LLMs that align with the demands of the healthcare sector.
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Suuret kielimallit ovat kerdnneet valtavasti huomiota lahiaikoina, silla ne ovat osoittautuneet
kyvykkaiksi ynmartdmaan ja prosessoimaan suuria maaria tietoa seka tuottamaan luonnollista
kieltd ihmisen kaltaisesti. Terveydenhuollossa luonnollisen kielen kayttdé on merkittavassa
roolissa ladketieteellisessa datassa, mika tekee suurista kielimalleista lupaavia teknologioita
terveydenhuollon sovelluksissa. Tama kirjallisuuskatsaus on toteutettu noudattaen PRISMA-
ohjeistusta ja sen tavoitteena on tutkia suurten kielimallien potentiaalia terveydenhuollossa seka
niiden kayttdéa kliinisessa paatdksenteossa.

Tassa tutkielmassa tarkastellaan 44:4a kielimallia, joiden suorituskykyyn vaikuttavat useat
tekijat. Mallin esikoulutusdata ja hienosaatddata maarittelevat sen soveltuvuuden tietylle
toimialueelle. Lisaksi erilaiset kielimallien arkkitehtuurit on suunniteltu erityisesti tiettyihin
tehtaviin, ja syotteiden jarjestelmallistd suunnittelua hydédynnetdan usein tavoiteltujen tulosten
saavuttamiseksi.

Suurilla kielimalleilla on useita kayttémahdollisuuksia terveydenhuollon sovelluksissa. Ne
voivat esimerkiksi tehokkaasti kasitellda ja analysoida laaketieteellistd tietoa, helpottaa
kliinikoiden ja potilaiden valistd informaation ymmartdmistd sekd automatisoida
ld8karinlausuntojen ja muiden dokumenttien laatimista. Toistaiseksi suuria kielimalleja on
kuitenkin hyédynnetty viela melko vahan kaytannén sovelluksissa terveydenhuollossa.

Viime vuosina suurten kielimallien suorituskyky on kehittynyt huomattavasti. Jotkut mallit
ovat jopa saavuttaneet asiantuntijoiden tason vastatessaan laaketieteellisiin kysymyksiin.
Kuitenkin nama mallit kohtaavat myds merkittdvia haasteita, kuten eettisida ongelmia,
vastuullisuuskysymyksia ja tarvittavien sdantelyjen puuttumista.

Tama tutkimus esittelee lukuisia lupaavia terveydenhuollon kayttokohteita suurille
kielimalleille, jotka voisivat olennaisesti parantaa terveydenhuollon tehokkuutta,
saavutettavuutta ja hallittavuutta. Jotta naitd kielimalleja voitaisiin laajasti hyddyntaa
terveydenhuollon sovelluksissa tulevaisuudessa, on tarkeaa kasitella niiden kohtaamia
haasteita. Vaikka suuret kielimallit ovat suhteellisen uusi teknologia ja niiden kehitys on
edelleen alkuvaiheessa, tama tutkimus osoittaa niiden lupaavat mahdollisuudet mullistaa
terveydenhuolto. Seuraavaksi terveydenhuollon ammattilaisten, mallien kehittgjien, virkamiesten
sekd muiden sidosryhmien tulisi tehda yhteisty6ta luotettavien mallien kehittdmiseksi, jotka
vastaavat alan vaatimuksia.

Avainsanat: suuri kielimalli, kliinisen paatéksenteon tuki, keskustelubotti, suorituskyky,
terveydenhuolto

Taman julkaisun alkuperaisyys on tarkastettu Turnitin OriginalityCheck —ohjelmalla.
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1. INTRODUCTION

LLMs have garnered significant attention recently due to their impressive performance
in various natural language understanding tasks (NLU), such as question-answering
(QA), machine translation, text summarization and sentiment analysis [1]. In the con-
text of healthcare delivery, LLMs have the potential to play a crucial role, facilitating in-
teractions between healthcare providers, researchers, and patients [2]. These models
have been described as the most remarkable achievements in the field of artificial intel-
ligence (Al), as they possess the capacity to absorb vast amounts of information and
interact in a manner resembling human communication [3]. Nevertheless, the extent of
LLMs’ performance in the healthcare domain remains uncertain — do they meet expec-
tations, or do they fall short of satisfying the specific needs and limitations of

healthcare?

For decades, the field of Al has experienced waves of heightened excitement, followed
by disappointments and setbacks, leading to slow progress. The transformer model ar-
chitecture, introduced by Google in 2017, served as a foundation for more advanced
LLMs capable of containing trillions of parameters [4]. Consequently, various LLMs
emerged such as the Generative Pretrained Transformers (GPT) series by OpenAl and
the Bidirectional Encoder Representative from Transformers (BERT) by Google. These
models, often referred to as foundation models, laid the groundwork for other LLM vari-
ants like ChatGPT and BioBERT. LLMs find prominent use in conversational Al, com-
monly referred to as “chatbots”. Notably, the release of ChatGPT chatbot in November
2022 marked a noteworthy turning point for LLMs, attracting over 100 million users ex-

ploring the capabilities of LLMs within two months of its launch [5].

In the context of healthcare, LLMs have exhibited potential in assisting clinicians with
administrative tasks, medical text summarization, data analysis, and optimizing CDS.
Additionally, LLM chatbots can serve as personalized assistants for patients, providing
health guidance and support. LLMs also offer translation capabilities for medical texts
and can be valuable in educational and examination contexts. However, there are no-
table concerns, including privacy issues, bias amplification, tendency to produce hallu-

cinations or false information, and ethical considerations. This thesis aims to address



both the advantages and challenges associated with the application of LLMs in

healthcare.

Given the rapid advancements in LLM technology over the past few years, this review
focuses on literature from 2020, primarily centred on the use of LLMs in CDS for
healthcare. This review first introduces the methodology employed, followed by ad-
dressing theoretical aspects. Subsequently, this study explores the current and poten-
tial applications of LLMs in CDS, reports the performance of existing models, discusses

prevailing challenges, and considers future prospects.

This study aims to thoroughly investigate the potential of LLMs in healthcare and CDS
systems. Through an examination of the current literature, this review endeavours to
determine whether LLMs can effectively overcome the challenges of implementation in
the healthcare domain. To achieve these objectives, this review analyses the suitability
of current LLMs, considering essential aspects such as performance, domain specifici-
ty, model architecture, and prompting strategies, and their corresponding influence on
model performance. By comprehensively analysing the current state and challenges
faced by LLMs in healthcare, this study seeks to discover their potential to revolutionize
healthcare practices in the future. Furthermore, the aim is to provide valuable insights
into the necessary actions that different stakeholders must undertake to facilitate the

practical utilization of LLMs.



2. METHODOLOGY

This literature review was conducted by following the Preferred Reporting ltems for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines [6]. The PRISMA analy-
sis facilitated the organization of the material by clustering the articles according to the
relevant keywords. The data were then categorized into mind maps centred around key

topics.

2.1 Search strategy and study selection

Adhering to the PRISMA methodology ensured transparent collection and systematic
evaluation of the selected reports for this review. The research questions were defined,

and the topic was narrowed down to establish the inclusion criteria.

Suitable reports were searched from databases including PubMed, Andor and Google
Scholar. The selected search terms comprised “large language model*, “disease™,
“diagnostic*”, “future”, “challenge*”, and “bias*”. The asterisk (*) symbol was used for
truncation, indicating that any characters could appear after the specified term. Boole-
an operators such as “AND” and “OR” were employed to combine the terms appropri-
ately. Specific parameters were set to narrow down the search results, focusing on

medical research and the publications started from 2020.

After identifying the records, a screening process was performed, and certain studies
were excluded based on predetermined criteria. The exclusion criteria encompassed
records, that fell outside the scope of the study. Additionally, records that extensively
discussed the operational principles of the large language model or provided a general-
ized coverage of covered artificial intelligence or natural language processing (NLP)
were excluded. Furthermore, records presenting the usage of ChatGPT in medical ap-

plications without further deliberation were eliminated.

From the aforementioned databases, 66 records were identified, of which six duplicates
were removed. The abstracts and conclusions of these records were observed, result-
ing in the exclusion of nine reports. Furthermore, citation search 51 records were iden-
tified via citation searching and three from websites, which resulted in total of 109 re-
ports for full-text screening. After evaluating the full-texts, 46 reports were rejected,

mainly due to content repetition with other included literature. Finally, 70 reports met



the eligibility criteria for the final review. Figure 1 illustrates the record selection process
in the form of a PRISMA flowchart.

) 1
' Identification of studies via databases and registers ‘[ Identification of studies via other methods ‘
c
2 Records identified Records identified
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Figure 1: PRISMA flowchart. [6]

2.2 Data extraction and analysis

The material was arranged by grouping the articles based on the keywords, facilitating
a systematic approach that provided insight into the available information on each top-
ic. Keywords were identified manually from each article and for each keyword, the
sources in which the keyword was used were documented. Using this method, the ex-
tracted information was recorded, and the clustered material proved advantageous for
analysis, as it facilitated the identification of articles relevant to the research objectives.
Additionally, full-article screening revealed recurring topics, around which mind maps
were constructed to further analyse the studies. This technique aided in visualizing the

relationships between similar findings.

The Zotero software was employed to store and organize the collected records [7]. This
tool automatically identified some keywords from each article, thus establishing a basis
for keyword clustering. As the research progressed, notes were appended to Zotero,
thereby augmenting the methodical organization of the articles. Furthermore, the capa-
bility to relocate excluded articles to a trash folder without irreversible deletion provided
a practical solution. Notably, Zotero generated accurate citations for the sources, offer-

ing a time-saving advantage in the citation management process.



3. THEORETICAL BACKGROUND

The term artificial intelligence refers to computer systems that aim to achieve the capa-
bility of learning, reasoning, and problem-solving in a way similar to that of humans [8].
When combined with vast amounts of data and powerful computing resources, ma-
chine learning (ML) comes into play. ML, a subfield of Al, functions without the need for
explicit programming. The principle involves using training data as input to identify pat-
terns and train a predictive model. Once trained, the model can make predictions by
analysing new, unseen data, continuously improving its performance. [8] ML can be
classified into supervised learning, unsupervised learning, and reinforcement learning

[9]

Deep learning utilizes algorithms that operate at multiple layers of abstraction to identi-
fy complex patterns from input data. These layers progressively transform raw data into
novel and more abstract presentations. The advantage of these non-linear operations
lies in their ability to learn highly intricate functions, and these algorithms may be su-
pervised or unsupervised. [8,10,11] Recurrent neural network (RNN), convolutional
neural network (CNN), and deep reinforcement learning are deep learning architec-
tures and algorithms that play significant roles in NLP [9,12]. NLP focuses on analysing
and representing human languages for tasks such as speech recognition, machine
translation, text generation, QA, and information extraction [8]. Figure 2 illustrates the

relationships of the presented concepts.
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Figure 2: The intersections of Al, ML, NLP, DL, and LLMs

Transformer models, the most recent architecture models in NLP, are typically trained
using self-supervised learning and fine-tuning [12]. In self-supervised learning, the
model first learns about the specific medical field without explicit labels. The model lev-
erages vast amounts of unlabelled data to learn complex structures and features. Fol-
lowing this preliminary training, the models are further trained on a smaller labelled da-
taset specific to the medical domains. This fine-tuning process enables the model to
connect its preliminary knowledge with the explicitly labelled dataset, enhancing its

ability to solve its primary task. [13]

Figure 3 presents different training approaches for LLMs. The first row demonstrates
pretraining of domain-specific language models from scratch, solely focusing on the
clinical domain dataset. The second row showcases models trained using Domain-
Adaptive Pretraining (DAPT), where a general-domain model is further pretrained with
clinical domain’s dataset. The third row depicts fine-tuning a general model’s founda-
tion, while the fourth row represents a general-purpose model. In-context learning can
be applied to all models, involving guiding the model with various prompting strategies,
as discussed in Section 3.2, to enhance their adaptability and performance in specific
tasks. [14]
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Figure 3: Training Approaches for LLMs, edited from Lehman et al. [14]

3.1 Large language models in healthcare

In recent years, there has been a tremendous growth in the development of LLMs, with
continuous updates and improvements to existing models. Moreover, new variations of
models such as GPT and BERT are being specifically developed to cater to specific
requirements and demands. For instance, domain-specific LLMs like BioGPT and
PubMedBERT have been developed to address the unique needs of the biomedical
field and its applications. To adapt the model for the healthcare domain, it can be either

pretrained using clinical domain data or fine-tuned from a general model.

LLMs can be classified into three distinct architectures: encoder-only, decoder-only,
and encoder-decoder models, each differing in how they handle information between
input and output. Encoder-only LLMs process and represent the input data by encoding
the text into continuous vector representations, capturing contextual information in the
process. In contrast, decoder-only models generate output based on the given context.
They do this without explicitly encoding the input, often by predicting the next token in a
sequence. Encoder-decoder models combine these approaches, first encoding the in-
put data and then decoding it to generate output. [15] The original transformer model
[4], which serves as the basis for subsequent LLMs, employed an encoder-decoder ar-

chitecture.

Decoder-only models are typically used for text generation tasks, while encoder-only
models find applications in classification, sentiment analysis, named entity recognition
(NER), and other downstream tasks. Encoder-decoder models are employed in tasks
where output is generated from the input, such as text translation and summarization.
[13]



LLMs can be trained using large general datasets from diverse domains to provide a
broad understanding of various subjects. Alternatively, they can be trained using do-
main-specific data, such as healthcare data, to offer more precise information. If a
model is initially trained with general data and subsequently fine-tuned with domain-
specific data, it is considered a general domain model. In this study, the model is clas-
sified as a specific domain model, if it is trained specifically for healthcare purposes

without general domain data, as illustrated in the first row in figure 3.

This study focuses on LLMs developed by companies and institutions. Companies like
Google, OpenAl, Microsoft, DeepMind, Meta Al, NVIDIA, Healx, and ZoomRx, as well
as institutions such as Stanford University, Massachusetts Institute of Technology, Uni-
versity of Florida, National Centre for Biotechnology Information, MosaicML, Allen Insti-
tute for Al, King’s College London, and University College London, have contributed to

the development of these LLMs.

Figure 4 illustrates the current healthcare LLMs reviewed in this literature study. The
figure provides a timeline of LLM releases and the corresponding publishers. Encoder-
only models are represented in green, decoder-only models in red, and encoder-
decoder models in blue. General domain models and specific domain models trained
are differentiated using lighter and darker colour, respectively. Additionally, the logos of
companies are explicitly displayed in the figure, while models developed by institutions

are represented by a unified icon.
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In total, there are 15 domain-specific models and 29 general domain models among
the 44 models analysed in this study. 19 models have been developed by institutions,
with Stanford University and Massachusetts Institute of Technology contributing 5
models from each. Google, OpenAl, DeepMind, and Microsoft being the most promi-

nent contributors among the models developed by companies.

Figure 4 demonstrates that the release of OpenAl’'s GPT-3.5 model in March 2022 trig-
gered a wave of model publications from other companies and institutes, some of
which utilized the GPT-3.5 as a foundation. Recently, decoder-only models, have a ma-
jor role compared to other model types. This can be attributed to their architecture,
which allows them to efficiently capture long-range dependencies and learn contextual

representations [15].

3.2 Prompting strategies

Prompting strategies are frequently employed to enhance and refine the performance
of models without any fine-tuning or updates. Given the considerable cost associated
with fine-tuning LLMs and the remarkable success of in-context learning, these strate-
gies are widely adopted. In the standard prompting technique, a concise prompt is pro-
vided to the model to achieve the desired output. To further guide the model towards
improved performance, more systematic prompting methods are employed. Utilizing
defined prompting strategies, such as few-shot, zero-shot, chain-of-thought (CoT), self-
consistency (SC), ensemble refinement (ER), self-questioning (SQ), allows for reliable

performance comparison. [1,2,23]

In zero-shot prompting, the model is expected to perform without exposure to any la-
belled dataset. Conversely, in few-shot prompting, the model is given a few examples
of input-output pairs for adaption. CoT involves providing a step-by-step explanation

towards the final answer, guiding the model through logical reasoning. [1,23]

Wang et al. introduced a strategy inspired by human-like reasoning, called self-
questioning prompting. SQ aims to deepen the model’'s comprehension of the desired
concepts by posing multiple targeted questions about the task. These questions are
designed to cover different aspects of the key elements, thereby enhancing the model’s

ability to provide improved answers. [1]

In tasks that involve complex deductions, there may be multiple paths to arrive at the
same answer. Therefore, it is beneficial to elicit multiple outputs from the model and se-
lect the final answer based on the majority vote. This prompting strategy is known as

self-consistency. [2]
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Singhal et al. devised the ER strategy, which combines the characteristics of CoT and
SC. Firstly, the model is provided with CoT prompt and a question resulting in the gen-
eration of multiple reasoning paths towards various answers. Secondly, the model is
prompted to produce a refined explanation and answer based on the generations from
the previous step, the original prompt, and question. The second stage of ER, which
can be interpreted as SC, is typically repeated multiple times, and the final answer is

determined through a majority vote. [23]

3.3 Definition of performance

Considerable research has been done to evaluate the performance of current LLMs
and compare different models. Performance assessment often relies on standardized
benchmark datasets that encompass various forms of MQA [2]. Furthermore, biomedi-
cal benchmarks are used in medical licensing examinations [45]. Benchmarks involve a
range of question types, including both long, narrative answers and shorter, multiple-
choice questions. Each dataset focuses on distinct aspects of medical knowledge, such
as medical exams, medical research, or consumer health. Benchmarks can be further
divided into closed domain or open domain datasets. In closed domain datasets, an-
swers are restricted to a predetermined set of sources, while open domain datasets

have no such limitations. [2]

For example, the MedQA dataset contains multiple-choice questions sourced from the
US medical licencing exam (USMLE), and MedMCQA dataset is collected from Indian
medical school entrance exams (AIIMS and NEET-PG) [2,46]. PubMedQA focuses on
multiple-choice questions derived from biomedical scientific literature. On the other
hand, MedicationQA provides long-form answers that cater to general medical
knowledge sought by consumers. [2] Another dataset, MedSTS, comprises sentence
pairs annotated from clinical notes and can be utilized for evaluating the semantic tex-

tual similarity of two texts [12].

Using benchmark datasets, the performance of LLMs can be evaluated on diverse clin-
ical language understanding tasks. In addition to straightforward QA, and semantic tex-
tual similarity (STS) task, a natural language inference (NLI) task intends to verify
whether a conclusion can be inferred from text in question [12]. Relation extraction
(RE) involves jointing and classifying the relationships and entities from text. If the in-
tention is to classify the document into predefined categories, the task is called docu-
ment classification. [20] Alternatively, if classification is performed according to prede-

termined entities, an NER task is in question [1].
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4. LARGE LANGUAGE MODEL APPLICATIONS
IN HEALTHCARE AND DISEASE DIAGNOS-
TICS

LLMs possess advanced capabilities in processing and generating natural language,
rendering them highly suitable for a wide range of healthcare applications. These appli-
cations encompass the handling and analysis of medical information, as well as the fa-
cilitation of contextual understanding for healthcare professionals and patients. This
chapter delves into the utilization of LLMs in healthcare, exploring various potential use

cases and existing applications in the field.

4.1 Potential use cases

Electronic health records (EHRs) and electronic medical records (EMRs) are both re-
positories of medical information pertaining to patients. EMRs are typically confined to
a specific healthcare organization, whereas EHRs cover information related to encoun-
ters with multiple components of the healthcare system throughout a person’s life, and
can possibly be shared and accessed by multiple healthcare organisations [47]. For the
sake of simplicity, this section employs the term EHR to encompass scenarios applica-
ble to both EHRs and EMRs.

4.1.1 Clinical workflow
Medical information is expanding rapidly, posing various opportunities but also signifi-

cant challenges for healthcare professionals. The retrieval process needs to be credi-
ble, relevant, accessible, fast, and user-friendly. EHRs contain extensive medical in-
formation about patients, including structured and unstructured data elements such as
medical history, medications, diagnoses, and test results. [45,48] LLMs have the poten-
tial to assist healthcare professionals in managing medical literature, interpreting pa-

tient records, and developing personalized treatment plans [1].

Preventive care and overall health maintenance are crucial in disease prevention.
Smartphone applications and wearable technology (wearables) offer solutions for pro-
moting people's health. LLMs can analyse personal health data from these modern

applications. Moreover, integrating chatbots with these applications can provide health
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guidance. For example, a chatbot can provide medication information including poten-
tial interactions with other substances and possible side-effects. Additionally, chatbots
can serve as virtual assistants for evaluating the need for care, managing health in-

formation, scheduling appointments, or providing pre-operative instructions. [49]

Efficient medical triaging of patients requires fast reasoning and ability to determine
the severity and urgency of their conditions [49]. LLMs, capable of managing data from
multiple sources, can utilize patient pre-test odds, diagnostic likelihood ratios, and

EHRs to guide triage decisions and improve efficiency [50].

Clinicians often need to review a patient’s medical history before an appointment. LLMs
can summarize patients’ EHRs, saving clinicians time by extracting meaningful infor-
mation such as symptoms, diagnoses, treatments, imaging reports, and lab results
from the record. Clinicians can also pose specific questions to LLMs, leveraging the in-
formation within EHRs. [49,51] SNOMED CT is the world’'s most extensive clinical ter-
minology, which determines the global standards for clinical terminology [52]. Patient
records can be inputted into standardised ontology based LLMs, such as foresight
GPT, to generate probabilistic forecasts [45]. Additionally, LLMs can summarize rele-
vant, patient-specific information from scientific research and medical papers to quickly

identify key findings and insights for clinical decisions [53,54].

A CDS optimizes clinical decision-making by providing information and recommenda-
tions to physicians, patients, and other stakeholders [51,55]. The adoption of EHR has
increased the use of CDS to enhance healthcare services and patient outcomes, since
CDS can provide for example treatment planning and diagnosis suggestions from
EHRs [55]. Integrating LLMs to CDS infrastructure can improve the accuracy and effi-
ciency of the systems [50]. Certified EHRs require rule-based and data-driven CDS
alerts that provide task- and patient-specific recommendations, improving clinical quali-
ty and addressing disparities. These alerts include potential drug interactions, allergies,
or other considerations that should be considered in decision-making. However, clini-
cians often experience alert fatigue due to the constant influx of alerts, resulting high
rate of ignored or cancelled alerts. LLMs can improve CDS logic and optimize CDS

alerts to mitigate these challenges. [55]

With more accessible imaging technologies and aging population, medical imaging vol-
umes are predicted to increase [50]. LLMs hold potential for integration with computer-
aided diagnosis (CAD) systems in medical imaging. By combining the medical
knowledge and logical reasoning of LLMs with the vision understanding capabilities of

CAD systems, the interpretability of results can be enhanced for clinicians and patients.
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For example, medical images can be processed by CAD models, and the output can
be translated into natural language. LLMs can summarize these results and facilitate
discussions on symptoms, diagnosis, and treatment. However, LLMs currently face
challenges in understanding visual information, limiting their support in clinical decision-
making. The proposed strategy of Wang et al. for utilizing LLMs in CAD in Medical Im-
aging is illustrated in the Figure 5. [56]

A 0.238
Input: medical exam image T 0.086 Prompt text ~
and chief complaint text —_— —
g Classifier .923 e N “...have been provided and
é'ie_’ |, Network A’s diagnosis show 35% Df_the left lower
: prediction: pneumonia. lobe to be infected, )
t—Network B’s segmentation “’”5““‘""““"‘”" diagnosis
result: 35% of lung is a of pneumonia...
B inflected.
. . Large
Lesion What medicine should I take?
Sﬂgmntnr_. Network C generated a + Language —
oo { Model
. . report:™ ... airspace 3
ST CEE @R consolidation is noted (e.g., Jcotfi) (i) (EEETEEY
Cobean, within the left lower ChatGPT) ””:‘,‘E‘,’"f i ";‘??"e",‘“;"
loss of appetite A antibiotics, while vira
and myalgias ’ iz coljcel'ﬂ)l'ng fe pneumonia is treated with
= “... airspace PEELE R R antiviral medications. Pain
consolidation is A .
d relievers and cough medicines
Trainable $ Report noted within the Refine the report based on results can also ba used to relieve
Generator left lower lobe from Network A and Network B symptoms
2 Frozen & Online concerning for ) )

pneumonia. ..”

Figure 5: LLM utilization in CAD in Medical Imaging [56]

Documentation consumes a significant amount of physicians’ and nurses’ time [57].
Clinical notes include various elements such as summaries of admissions, medical his-
tory, consultation notes, and examination findings [58]. LLMs can generate draft docu-
ments for medical professionals to review and edit [59]. By leveraging LLMs for paper-
work, clinicians can focus their attention on providing patient care [60]. LLMs specifical-
ly trained for certain field, such as radiology, can aid in creating report templates for
specialists [27]. Furthermore, specific models can be trained to generate summaries di-

rectly from medical dialogues [61].

Clinical notes are typically written in highly technical language containing jargon, which
can be challenging for patients to understand as they are traditionally not meant for pa-
tients. LLMs can simplify clinical documents into patient-friendly language, significantly
improving the accessibility of medical information. [54,60] Additionally, LLMs can trans-
late medical documents into a patient’s native language, utilizing appropriate medical

terminology, further enhancing availability and comprehension [62].

Chatbots can be implemented in follow-up and postoperative care to respond to pa-
tients’ concerns in a timely manner. Chatbots can instantly provide educational in-
formation or care instructions tailored to the patient's needs. [49,63] Furthermore,
these applications can offer emotional and psychological support, allowing patients to
discuss personal difficulties without judgement. The ability to provide remote support

from home can be highly valuable for numerous patients. [63]



15

Wearables play a convenient role in remote patient monitoring. The devices can be
incorporated into health coaching programs to prevent or improve chronic conditions
such as obesity or cancer. [63] As previously discussed, LLMs can analyse data from
wearable devices, providing results to the patient or to healthcare professionals for in-
tervention in potential setbacks [49]. Wearables can also include LLM-generated medi-
cation reminders to ensure patients receive the correct medication at the appropriate
time and dosage [53]. Integrating these remote patient care systems with chatbots can

harness the advantages of both approaches [63].

4.1.2 Other possibilities

LLMs have a great potential for use in education of healthcare students, patients, and
clinicians [53,57,64]. In the context of learning, LLMs can generate mnemonics, expla-
nations of concepts, and medical exams or questions to aid learners [64]. Moreover,
LLMs can generate patient education materials to explain disease-specific concepts in
a patient-friendly manner [53]. Additionally, LLMs can assist clinicians in efficient medi-
cal information searching, leveraging their powerful search engine capabilities [65].
These education materials can be translated into the recipient’s preferred language by

LLMs to ensure comprehensibility [66].

LLMs can also support the process of writing medical reports for physicians [64].
Medical reports are composed of the patient’s clinical notes, which include background
information, medical history, physical examination, specimens, treatments, and sug-
gested opinions. These reports serve as a means of communication between physician
and legal system, often required for criminal or civil transactions involving entities such
as the police, government tribunals, insurance companies, lawyers, or patients them-
selves. [67] In social media posts on platforms like TikTok [68] and Twitter [69], Dr Cliff
Stermer, a rheumatologist, showcased the capability of ChatGPT to draft a letter ad-
dressed to an insurance provider. The demonstration involved the drafting of a com-
prehensive letter that included references and was centred around a patient with sys-
temic sclerosis who required approval for echocardiogram. These posts garnered con-
siderable attention, generating widespread views, and sparking discussions around the

topic.

For examination purposes, LLMs can enhance clinical trial matching and clinical trial
enrichment processes through their abilities in clinical information extraction and clini-
cal reasoning. [57,70]. LLMs can improve compatibility between the EHRs and eligibil-
ity criteria by identifying relevant ontologies and terminologies and selecting appropri-

ate patients for trials [71]. Furthermore, LLMs can be utilized to identify patterns from
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research data, and generate charts based on them [53,72]. LLMs can also assist re-
searchers in creating examination documents and translating articles and studies [53].

Several studies have explored the use of LLMs in speech-related applications. Amini
et al. and Agbavor et al. conducted studies demonstrating the potential of LLMs in early
detection of Alzheimer’s disease and related dementias. Speech analysis can be a val-
uable predictor of cognitive impairments associated with Alzheimer’s disease. Both
studies employed similar approaches, utilizing speech-to-text conversion for voice re-
cordings, and employing LLMs to detect cognitive impairments from generated text.
[73,74] LLMs can also be utilized in other neurogenerative conditions that cause
speech impairments. Willet et al. presented a study on decoding brain signals and at-
tempted handwriting movements into real-time translated text, where LLMs were ap-
plied to autocorrect errors in the generated output. [75] Figure 6 illustrates some of the
potential use cases of LLMs. [76]
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Figure 6: Potential use cases of LLMs. Adapted from Meské and Topol [76].
Created with BioRender.com

4.2 Current applications

To assist physicians with their documentation tasks, Nabla Copilot, a GPT-3 based
digital assistant accessed as a Chrome extension, proves beneficial [77]. Copilot tran-

scribes and repurposes information from patient encounters into prescriptions, refer-
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rals, follow-up appointment letters, and consultation summaries. The clinical notes can
be edited and further updated in patients’ EMRs. The application provides a reliable
tool to accurately capture every word from encounters, allowing physicians to shift their

focus to the consultation with the patient. [77,78]

Nuance, a leading provider of clinical speech recognition products for healthcare pro-
viders, is widely used in the U.S. with a significant market share among radiologists
and other physicians [79]. In March 2023, Nuance introduced Dragon Ambient eXperi-
ence (DAX) Express, their latest documentation product, which leverages the revolu-
tionary capabilities of the GPT-4 model to enhance their previous market-leading DAX
model. The integration of the generative Al model automates the drafting of clinical

notes, saving valuable time for clinicians. [80]

Doximity, in collaboration with ChatGPT, has developed a beta version called
DocsGPT on their digital platform to assist physicians with administrative tasks. This
product has been fine-tuned in collaboration with doctors to ensure accurate adaptation
to the healthcare field. DocsGPT allows for the drafting and faxing pre-authorization
and appeal letters to insurers digitally. As previously mentioned, LLMs cannot generate
documents without doctors’ review, so the product prompts the user to ensure accura-
cy before submission. Doximity’s future goal is to further develop DocsGPT for com-

mercialization and broaden its functionalities. [81]

One of the fastest-growing health service provider Babylon Health combines LLM in
their Al-driven primary care chat service. LLM is used to assist healthcare provider, for
example asking by questions about the patient’'s symptoms and delivering personalized

medical advice. [82]

MedMatch Network serves as a platform for facilitating patient referral management
and secure information exchange, connecting physicians, other service providers, and
patients through over 1.7 million profiles. It integrates EHR systems, automates ap-
pointment scheduling, and provides updates and alerts to both providers and patients.
MedMatch Network utilizes ChatGPT to offer a chatbot for MQA to assist patients. [83]

The managed chatbot service ChatBeacon offers emotional assistance and support,
particularly for individuals with mental health problems. It aims to empower individuals
by providing self-care exercises and crisis support. The chatbot operates 24/7 and de-
livers individually tailored responses, making it valuable for those in need of non-

judgemental support. [84]

Livewello and Amazfit incorporate chatbot features in their respective applications [85].

Livewello is a genome data-analysis tool that incorporates GeneChat, enabling users to
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ask questions about their genetic data or their personal health record [86]. Amazfit
manufactures health management wearables that offer LLM-powered chat for personal

coaching [87].

Ferma is a chatbot specifically designed to answer life science questions. It utilizes
ChatGPT along with specific pharma and clinical datasets for question-answering.
What sets Ferma apart is that it provides step-by-step reasoning and used sources for
the user. [39]

Bionic Health has incorporated GPT-4 capabilities into their preventative care platform,
which aims to connect patients to physicians and optimize their health between in-
person appointments. The GPT-4 based model analyses data points from patient’s di-
agnostic data to provide personalized solutions. By automating physicians’ tasks, LLM
enhance the platform’s efficiency and accuracy, providing decision support for physi-
cians. [88]

Be My Eyes Virtual Volunteer is a digital virtual assistant tool designed for individuals
who are blind or have low vision. Powered by GPT-4, this application leverages ad-
vanced image-to-text functionality to assist users in their daily activities. By capturing
images of their surroundings and posing questions, the Virtual Volunteer utilizes the in-
tegrated GPT-4 model to gain a deeper contextual understanding and effectively func-

tion as a conversational agent, simulating human interaction. [89]

Epic Systems’ EHR software has a vast user base, with over 305 million patients’ EHR
worldwide [90]. Apotti, the Finnish electronic health and social data record, also em-
ploys Epic for its operations [90,91]. Epic utilizes GPT-3 and GPT-4 models for draft-

ing message responses to patients and for data analysis purposes [90].

Dot Compliance provides electronic quality management system (eQMS) solutions
for medical device and pharmaceutical organizations. Their latest eQMS product, QMS
Xpress, incorporates a ChatGPT-powered platform that offers corrective and preven-
tive suggestions for quality managers. It monitors and analyses all processes conduct-
ed in the eQMS, ensuring that no quality issues go unnoticed. This technology im-
proves overall quality and efficiency while reducing costly regulatory penalties, recalls,

and reputational damage. [92]

Kahun’s pre-consultation tool integrates an evidence-based clinical reasoning tool
with ChatGPT. The pre-consultation interview is utilized by using ChatGPT’s engines,
forming the basis for the subsequent clinical assessment. [93] Kahun also automatical-
ly integrates with the patient's EHR, connecting the original sources to the clinical rea-

soning path and recommending related workup for physicians. The tool offers trustwor-
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thy, patient-tailored clinical assessment to optimize physician time, along with a user-

oriented interface made possible by ChatGPT integration. [94]

4.3 Performance of current models

This section aims to delve into the performance and potential of LLMs in healthcare
applications, while also discussing their accuracy rates, effectiveness, and benchmark
scores. The objective is to examine the variations and distinctions among different
LLMs addressed in this study.

4.3.1 Diagnostics and triage
In a study of Levine et al., GPT-3’s diagnostic and triage performances were com-

pared with those of lay Internet users and primary care physicians. Using 48 validated
case vignettes for common and severe illnesses, the results indicated that GPT-3 per-
formed significantly better than lay individuals but fell short of the performance exhibit-
ed by physicians. [95] These findings suggest that while GPT-3 is not comparable to
physicians on its own, it may have potential in assisting lay individuals with health-

related tasks.

Agbavor et al. utilized GPT-3 to assist in the early diagnosis of dementia using speech
data. The GPT-3 model generated text embeddings of transcribed speech, capturing
the semantic meaning and providing a viable approach to predicting dementia from
spontaneous speech. Their study demonstrated the potential utility of GPT-3 in detect-

ing dementia and interpreting a patient’s cognitive abilities [74].

4.3.2 Radiology

Wagner et al. conducted an evaluation of the performance of ChatGPT-3 in radiologi-
cal QA. In their study, ChatGPT-3 provided correct answers to only two-thirds of the
questions. Additionally, they discovered that the answers provided by ChatGPT-3 often
lacked proper references or contained insufficient information to address the questions

adequately [96].

Rao and her colleagues evaluated ChatGPT-3.5 in CDS for radiology. They evaluated
the capability of ChatGPT-3.5 to identify appropriate imaging services for breast pain
and breast cancer screening. They found that the accuracy varied by one-third, reach-
ing approximately 90 % accuracy in breast cancer screening and under 60 % for breast
pain. They also observed significant differences in accuracy based on the employed
prompting strategies. [50] Similarly, Bhayana et al. explored ChatGPT-3.5’s perfor-

mance in radiology using a dataset of 150 multiple-choice questions, resembling the
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Canadian Royal College and American Board of Radiology examinations without imag-
es. They discovered that ChatGPT-3.5 performed better in questions requiring lower-
order understanding compared to those requiring higher-order thinking, particularly
struggling with questions involving description of imaging findings, calculation, classifi-
cation, and concept application. Overall, it answered 69 % of questions correctly, near-
ly passing the radiology board-style examination without radiology-specific pretraining,

suggesting exciting potential for LLMs in radiology. [65]

Jeblick and co-authors and Lyu et al. utilized ChatGPT-3.5 to simplify radiology re-
ports. Jeblick et al. simplified 45 reports, which were evaluated by 15 radiologists who
generally deemed them factually correct, though some statements were incorrect or
lacked key information [97]. In Lyu et al.’s study, radiologists evaluated 138 simplified
screening reports generated by ChatGPT-3.5. The model received an average score of
4.268 on a five-point system, with a minimal incorrectness and missing information.
However, the suggestions in the reports tended to be more general than specific. The
study also investigated the impact of different prompts on performance, revealing op-
portunities for notable improvements. Additionally, they compared ChatGPT-3.5’s per-
formance with that of GPT-4 in the same task, and GPT-4 generated reports were
evaluated as significantly higher quality, achieving 96.8 % accuracy with the optimized
prompt. These results illustrate the potential of LLMs for report simplification but em-

phasize the need for physician involvement and fine-tuning of the used model. [66]

CheXbert is an LLM designed for automated radiology report labelling. It is fine-
tuned from BERT using existing radiology report labellers and expert annotations aug-
mented with backtranslation. CheXbert has demonstrated superior performance to pre-
vious models trained solely on radiologist labels or only on existing report labellers,
nearly matching the performance of board-certified radiologists. [35] CXR-BERT is a
radiology-specific text encoder trained from scratch, exhibiting improved performance
in radiology NLI tasks, surpassing PubMedBERT, ClinicalBERT, and the score of the
radiology NLI benchmark [27].

4.3.3 Benchmarks

Zhong and his team conducted a comprehensive comparison between ChatGPT-3 and
fine-tuned BERT models. Using the GLUE benchmark, they found that ChatGPT-3 per-
formed better in inference tasks due to its reasoning ability, while BERT models outper-
formed ChatGPT-3 in NLU tasks such as paraphrase and similarity. In sentiment anal-
ysis and QA, both models performed equally. The study also highlighted the significant

performance improvement when utilizing advanced prompting strategies with
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ChatGPT-3. [98] Additionally, Tang et al. showed that ChatGPT-3 underperformed
compared to fine-tuned BERT models. They proposed a training paradigm to improve
the performance of LLMs, but even with the improvement, it did not surpass the per-
formance of BERT models. [40] Similarly, Gutiérrez et al. reported similar results, with
the GPT-3 model failing to surpass fine-tuned BERT models [99].

Liévin et al. demonstrated that various LLMs, including GPT-3.5, U-PaLM, PubMed-
BERT, BioLinkBERT, BioGPT, BioMedLM (PubMedGPT), and Galatica achieved com-
parable performance to humans in MedQA, MedMCQA, and PubMedQA benchmarks.
They also highlighted the significant improvement in model performance when using
CoT in MQA. [46] In comparison, Au Yeung et al. showed that ForesightGPT outper-
formed ChatGPT-3.5 in diagnosing form clinical histories, offering more transparent
output and specific suggestions [45]. Additionally, Thirunavukarasu et al. found that the
performance of ChatGPT-3.5 fell below the average passing mark on the Applied
Knowledge Test of general practitioners in the UK, indicating the need for further de-

velopment [100].

According to Wang et al. GPT-4 outperformed Bard and GPT-3.5 in tasks such as NLI,
NER, and STS. In RE, both GPT-4 and Bard performed comparably, surpassing the
performance of GPT-3.5 depending on the dataset [1]. Additionally, GPT-4 demon-
strated superior performance to GPT-3.5 in a multiple-choice MQA benchmark, includ-
ing 30 % higher score on MedQA [54]. Wang et al. also introduced the SQ prompting
technique, which outperformed standard and CoT prompting techniques, suggesting its

utilization to maximize the effectiveness of LLMs in the healthcare domain [1].

Domain-specific LLMs, such as BioBERT, PubMedBERT, and BioGPT demonstrated
superior performance compared to LLMs not trained with medical data, such as Open-
Al's GPT models and Google Al's BERT models [54]. For instance, BioBERT, fine-
tuned on biomedical text mining tasks like NER, RE, MQA, outperformed BERT in
these tasks [17]. Similarly, BioGPT achieved performance comparable to BioBERT
and other pre-trained biomedical LLMs, including PubMedBERT, BioLinkBERT, in
three end-to-end RE benchmarks, and PubMedQA. [20]

GatorTron outperforms BioBERT, ClinicalBERT and BioMegaTron on three bench-
mark datasets. Yang et al. explored the impact of scaling up the number of parameters
and training data size in GatorTron models. The largest GatorTron model, with 8.9 mil-
lion parameters, achieved the best performance across NER, RE, NLI, and MQA tasks.
The medium-sized model performed slightly better in STS tasks. Increasing the training

data size also resulted in improved performance in most tasks, except for MQA. The
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main challenge for GatorTron is to identify key information from longer paragraphs.
These findings suggest the applicability of GatorTron models in medical Al systems

due to their observed performance. [12]

Flan-PaLM achieves 67.6 % accuracy on the MedQA benchmark, and it exhibits
slightly superior performance in the MedMCQA dataset compared to Galatica, as well
as comparable performance in PubMedQA alongside BioGPT and PubMedGPT. Fur-
thermore, Flan-PaLM outperforms PalLM, Copher, Chinchilla, and Galatica, in the
MMLU dataset. [2] However, it falls short compared to GPT-4 in multiple-choice MQA
benchmark with four datasets [54]. Singhal et al. corroborate these finding on different
model size variants, aligning with the conclusions drawn by Yang et al. Additionally,
Signhal et al. introduce Med-PaLM, which incorporates instruction prompt tuning based
on Flan-PaLM [2].

Med-PaLM emerges as the first model to surpass the passing score on the MedQA da-
taset. The enhanced version, Med-PaLM-2, achieves a 19 % higher score than the
previous state-of-the-art (SOTA). Furthermore, Med-PaLM achieves SOTA results in
several other MQA benchmarks. Singhal et al. assess the performance of Med-PaLM-
2 on long-form questions and find that the model’'s answers are preferred over those
provided by physicians in eight of nine axes, including factuality and reasoning capabil-
ity. When comparing Med-PaLM-2 to Med-PaLM, it is evident that Med-PaLM-2 per-
forms significantly better across various axes, including lower risk of harm. Moreover,
when compared to other LLMs in multiple-choice benchmarks, Med-PaLM-2 achieves
the best results. Singhal et al.’s comprehensive study provides compelling evidence of
Med-PalLM-2’s superior SOTA performance in both multiple-choice and long-form MQA
tasks. [23]

Several studies utilized the MedQA benchmark dataset, obtained from USMLE, to as-
sess the performance of LLMs. Figure 7 presents the accuracy of specific LLMs, ex-
pressed as percentages, within the MedQA benchmark. Additionally, the graph incor-
porates markers denoting the respective parameters of each model, providing a visual

representation of their sizes.
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Figure 7: Accuracy (%) of various LLMs in the MedQA dataset containing mul-
tiple-choice questions from the US medical licencing exam. The respective num-
bers of parameters of each model are given in parentheses. [2,23]

The figure 7 reveals a clear upward trend over the past couple of years, indicating im-
provements in the model performance in USMLE accuracy. It can also be inferred that
the size of the model is not directly proportional to its performance. For instance, Bio-
MedLM outperformed the similarly sized GPT-Neo by 17 %. Additionally, Galatica per-
formed approximately 3 % worse than DRAGON, despite being 300 times larger than
DRAGON. Moreover, the two models with the highest accuracies, GPT-4 (86.1 %) and
Med-PaLM-2 (86.5 %), differ in size, with GPT-4 being over 3 times larger than Med-
PaLM-2.

4.3.4 Others

Chintagunta and co-workers employed GPT-3 as the foundation of an algorithm for
generating synthetic training data for medical dialogue summarization models. By
combining medical knowledge with an ensemble of GPT-3 models, the algorithm gen-
erated synthetic labels that, when used alongside human-labelled data, produced high
quality training data for summarization models. In comparison to models solely reliant
on human-labelled data, the models trained using this proposed method exhibited en-
hanced precision and coherence in their summaries. Notably, the algorithm can effec-
tively address privacy concerns by utilizing a limited and predetermined dataset. Given
the algorithm’s accuracy and privacy considerations, it holds practical potential for

training medical dialogue summarization models. [61]
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Ayers and colleagues conducted a study in which healthcare professionals compared
the responses of physicians and ChatGPT-3.5 chatbot to patient’'s questions. The
study found that the chatbot’s responses were preferred over those of physicians. This
is not surprising given the chatbot’s ability to generate high-quality, empathetic text
compared to busy physicians who aim to minimize the time spent on administrative
work. [101]

Liu and her team employed ChatGPT-3.5 to generate suggestions for improving CDS
alert logic. CDS experts evaluated these suggestions, and the results indicated that
ChatGPT-3.5 could complement traditional CDS optimization, analyse alert logic, and
be integrated into the alert development stage. [55] Furthermore, Rao et al. compared
standardized clinical vignettes for CDS and found that ChatGPT-3.5 performs better

when provided with more clinical information [102].

Yan and co-workers proposed an LLM based approach for patient-trial matching,
employing ChatGPT-4 to generate augmented data while preserving the semantic co-
herence of the original trial’s eligibility criteria. They also utilized BERT as a text en-
coder for patient and eligibility criteria embeddings. The study demonstrated the effec-
tiveness of LLMs adapted to patient-trial matching, resulting in an average improve-

ment of 7.32 % in performance and 12.12 % in generalizability. [71]

InstructGPT was found to perform reasonably well in assisting physicians in determin-
ing patient eligibility for clinical trials. To further enhance its performance, Hamer et al.
involved a physician to supervise the process, resulting in a 90 % reduction in workload

during the pre-screening. [70]

Antikainen et al. evaluated the potential of BERT and XLNet in predicting mortality in
cardiac patients using EHR data. Both models yielded similar results, with XLNet cap-
turing more positive cases, but BERT achieving higher positive predictive value. Over-
all, both models achieved approximately 76 % accuracy, suggesting their potential in-

tegration into EHR systems in clinical practice. [103]

Lehman et al. conducted a study comparing the performance of Clinical-T5-Base,
Clinical-T5-Base-Cktp, and Clinical-T5-Large, which are relatively small (ranging
from 220 M to 770 M parameters), with larger models like GPT-3 (which has 175 B pa-
rameters). Their investigation revealed that these clinical domain models exhibit great-
er parameter efficiency compared to their larger counterparts. Furthermore, they ob-
served that pretraining these models from scratch on clinical data positively impacts
their overall performance. Additionally, all proposed domain-specific encoder-decoder

models, including SciFive [42], demonstrate superior performance when compared to
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their general domain counterparts. However, it is worth noting that these encoder-
decoder models are not compatible with other encoder-only or decoder-only models in
biomedical NLP tasks [14]

Figure 8 illustrates various LLMs along with their corresponding training data and the
public availability status of each model. The training data is categorized into clinical, bi-
omedical, and other scientific texts. The MIMIC-III dataset comprises approximately
two million medical notes from the ICU of the Beth Israel Deaconess Medical Centre
between the years 2001 and 2012 [104]. Notably, training with MIMIC-III poses gaps in
completeness due to the outdated information. Additionally, the figure presents the
evaluation tasks and the benefits for which each model was assessed in its original re-
search. This comprehensive figure effectively consolidates the discussed evaluation

tasks and highlights the specific tasks for which each model can be utilized.
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Upon examining Figure 8, it becomes evident that most of the models are trained solely
on PubMed abstracts and/or full-text articles, either independently or in combination
with other datasets. Among the models trained using clinical text, a significant portion
utilized the MIMIC-I1l dataset. Additionally, it is noteworthy that nearly all models can be
accessed publicly from online repositories such as HuggingFace. However, it is essen-
tial to highlight that while GatorTron has showcased exceptional performance, its ac-
cessibility to the public remains limited due to its training on private EMR datasets.
Similarly, Med-Palm, another model exhibiting superior performance, has not disclosed

the model’s weights nor the underlying code for the public access. [105]
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5. CHALLENGES OF LARGE LANGUAGE MOD-
ELS IN HEALTHCARE AND DISEASE DIAG-
NOSTICS

Despite the significant advancements and promising potential of LLMs in the
healthcare field, the integration of these applications into actual medical practice re-
mains limited. To responsibly and safely develop LLMs into the practical applications, it
is essential to consider the ethical, technical, and cultural aspects [57]. The guiding
principles for addressing ethical issues in the responsible integration of Al with medi-
cine come from the World Health Organization [106]. This chapter will discuss the chal-
lenges and limitations of current LLMs when employing them in healthcare to supple-

ment human expertise and how to mitigate them.

One major concern is the secondary use of medical data, such as EHRs or medical re-
ports, as training data of LLMs or as input data in LLMs, which raises privacy concerns
[54]. Medical data may not be publicly available due to regulations or the patient’s pri-
vacy concerns [61]. Patients are often uncertain about the secondary usage of their
personal information, fearing inappropriate usage, stigmatization, or discrimination.
Since medical data is highly sensitive and private, privacy concerns can affect the phy-
sician-patient relationship, inhibiting the sharing of necessary clinical information. [63]
Even if the medical data is de-identified before the secondary usage, the risk of re-
identifying patients from text data concerns both policymakers and the public, resulting
in limited sharing of medical data outside of the clinical environment [107]. Additionally,
utilizing medical papers in LLMs’ development without obtaining explicit consent raises

privacy challenges [57].

The functions of LLMs are highly opaque, leading to transparency issues for both de-
velopers and users. The underlying logic between the prompt and output often remains
obscure, consequently reducing the reliability of LLM’s deductions. [63] However, de-
velopers have the responsibility to promote transparency by openly sharing their meth-
odologies, data sources, and potential biases. This practice is essential to enhance the

understanding of the LLMs among users and regulators. [108]

Moreover, most LLMs lack proper referencing for their generated content. Even when

references are provided, they may not accurately represent the output due to the influ-
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ence of noisy training data [54]. For instance, Galatica was known to produce made-up
references in its responses, leading to a rapid loss of trust in the model's credibility.
Similarly, ChatGPT may generate references that only appear plausible but lack actual
authenticity [51]. This poses a significant threat as spreading misinformation as truth
can lead to permanent contamination of knowledge bases [57]. Additionally, LLMs can
inadvertently engage in plagiarism as they might copy phrases from other documents
without providing appropriate references, potentially leading to intellectual property and

credibility issues [62].

LLMs, especially those trained for general domains, are meant to generate content that
appears factual rather than producing strictly factual content [90]. The accountability
of these models is limited to the used training data, as most models do not have ac-
cess to the internet. Given that general domain LLMs are not specifically trained with
clinical databases, questions may arise regarding the accuracy of medical facts. Addi-
tionally, the lack of common sense, variation of semantic expressions, and complexity
of proper background information make LLMs prone to errors [63]. The strategies used
by LLMs to improve the diversity of outputs can increase the occurrence of factual er-
rors [54]. Furthermore, the lack of transparency regarding the training data used in
some models, including ChatGPT’s, makes it challenging to evaluate the originality of
the data [96].

One major issue with LLMs is their tendency to amplify human bias. Biases can be re-
flected in LLMs directly from the training data collection and preparation. Biases can al-
so emerge from the algorithm’s design if it gives higher priority to certain data points.
Unexpected biases may arise from the model’s architecture, resulting from the interac-
tion between parameters and biased training data. Moreover, if the training process in-
volves human feedback, the subjective viewpoints of individuals providing feedback
can unintentionally influence the model's behaviour, potentially leading to biased out-
comes. Furthermore, the biases of LLMs are exacerbated by the policies set forth by

their developers, affecting the values and decisions made by the models. [72,108]

These biases within LLMs are particularly concerning, especially in the healthcare field,
as they can lead to inaccurate predictions, erroneous recommendations, misdiagnosis,
and unequal access to care. Additionally, biases can amplify stereotypes, exacerbate
disparities, and perpetuate inequalities within subpopulations, favouring certain individ-
uals based on attributes such as gender, race, ethnicity, ideology, politics or other fac-
tors. [72,108]
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LLMs tend to be more proficient in English due to the abundance of English content on
the internet, leading to linguistic biases. In clinical settings, local languages are often
used, demanding equal performance of LLMs in all languages. Additionally, the models
may lack understanding of historical or current issues due to training on specific data
periods. Biases embedded in base models, such as BERT or GPT are carried over to

variant models based on them, which expands the issue [109].

Despite the improved performance of fine-tuned large architecture models such as Ga-
torTron or Med-PalLM, they remain vulnerable to biases [110]. Collaboration between
developers, clinicians, and users is required to mitigate and address biases [108].
Some models, like ChatGPT, prioritize data accessibility and availability over bias miti-
gation. Eliminating bias from models is complicated since they have already learned
from biased data. Even when a model is tested for bias, such as Med-PaLM, constant

auditing is required due to its probabilistic nature. [57]

To use LLMs as reliable and accountable tools, end-users, such as clinicians or pa-
tients, must be educated about the capabilities, limitations, and risks of LLMs. Users
should not rely on them as omniscient tools and must be critical in their interactions.
[57] Proper training of users is essential to prompt the model accurately and avoid hal-
lucination, where the model generates factually incorrect output [45]. Generated con-
tent should be marked as Al-generated to avoid misinterpretation in clinical decision-
making. Another potential concern related to hallucination is that the developers of
LLMs may not assume full responsibility for the generated outputs, which can lead to
uncertainties regarding accountability for poor outcomes. [57] Support for users on
managing hallucinations and biases is crucial, and collaboration between manufactur-

ers and users is key to success [108].

Regulations play a vital role in ensuring the safe, ethical, and effective development of
these new Al-based tools. Due to their adaptive nature, the algorithms change continu-
ously. In addition to the dynamic behaviour, the models’ scale and complexity sets
them apart from any previous deep learning methods. The U.S. Food and Drug Admin-
istration’s FDA have started regulating software as a medical device, specifically to ad-
dress Al and ML technologies throughout their lifespan. FDA has not yet solved the
regulation for algorithms, that are adaptive and utilizes self-supervised learning, such
as LLMs. [76] The American Medical Association addresses appropriate integration of
Al into healthcare through the Augmented Intelligence in Health Care policy [63]. The
European Union’s General Data Protection Regulation GDPR applies to LLMs that pro-
cess personal data within or from EU, ensuring privacy protection [111]. Findata, an act

on the secondary use of health and social data, aims for secure processing of individu-
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als’ personal data in Finland [112]. In Europe, LLMs intended for medical purposes
may be classified as medical devices, and must adhere to the European Union Medical
Device Regulation MDR, indicated by the CE marking [113]. Additionally, the Health In-
surance Portability and Accountability Act HIPAA aims to protect individuals’ privacy
and security in healthcare [114]. Regular audits of data privacy and security policies

and regulations are necessary to ensure the responsible utilization of LLMs [57].

The categorization and regulatory oversight of LLMs intended for medical purposes
pose intricate challenges, necessitating the establishment of a distinct regulatory cate-
gory. Continuous monitoring and updates are imperative to keep pace with the rapid
advancement in these models. Furthermore, integrating LLMs into certified medical
technologies raises questions about their regulatory control. Despite the encountered
difficulties, effective implementation of regulations can significantly alleviate safety, pri-

vacy, bias, and ethical concerns. [76]

Developing high-quality LLM systems in healthcare applications requires employing
numerous highly skilled clinical experts to ensure model accuracy. However, this re-
sults in remarkable labour costs, which are often underestimated, leading to poor
working conditions. [57] The cost of LLMs depends on the training procedure. While
training from scratch incurs a high one-time cost, it reduces the cost of fine-tuning and
running inference. On the other hand, models trained using general domain models as
a foundation do not require pretraining costs, but may lead to more expensive infer-
ence and fine-tuning costs due to their larger size and technical expertise and infra-
structure requirements. [14] Additionally, training large architecture models consumes
large compute-power resources, contributing to a large carbon footprint, making sus-

tainability an important consideration in the training process [57].

Reinforcement Learning with Human Feedback (RLHF) has improved the safety and
faithfulness of LLMs, but it raises cost concerns. Further research is needed to develop
RLHF as a more cost-effective and resource-efficient method. An automatic method to

evaluate the factual correctness of LLMs effectively would address this issue. [54]

Another noteworthy challenge in the integration of LLMs into healthcare practice is the
inherent conservatism observed within the healthcare system in general. Legacy sys-
tems continue to be extensively utilized due to healthcare practitioners’ inherent wari-
ness towards embracing novel technologies and demands regarding backwards com-
patibility with earlier investments. Experienced clinicians may exhibit resistance in de-
viating from established practices, preferring to adhere to traditional approaches rather

than adopting the next generation of technology. Moreover, the challenges currently
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faced by LLMs act as deterrents for healthcare practitioners. Additionally, there are ap-
prehensions regarding the potential unforeseen complications arising from the interac-

tion between Al systems and humans [115].

To serve as reliable and accountable tools, LLM systems should be developed trans-
parently, defining values and purposes, and ensuring adherence to the defined frame-
work. Proper curation of training data, representing diverse insights, backgrounds, and
histories, is crucial to minimize biases. Developing LLMs is a continuous process that
involves active participation from developers, regulators, users, and other stakeholders

to constantly evaluate, refine, and improve the models. [57,108]
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6. DISCUSSION

Originally, this study aimed to evaluate the performance of current LLMs in medical
practice. However, due to LLMs being a relatively new technology and rarely used in
practice yet, most of the current literature focuses on evaluating these models against
standardized benchmark datasets to assess their performance in clinical language un-
derstanding tasks. Consequently, only a few studies have explored the practical usage
of LLMs. Nevertheless, this literature review effectively demonstrates the current poten-
tial for LLM utilization in healthcare and comprehensively examines the prevailing chal-

lenges and potential solutions.

The assessment of the value of LLMs presents a complex undertaking. On one hand,
general domain language models face limitations in effectively capturing medical
knowledge due to the scarcity of biomedical data in their training. Conversely, domain-
specific LLMs suffer from the restricted diversity of available biomedical training data,
primarily because biomedical texts are not publicly accessible due to privacy concerns.
Consequently, domain-specific models, solely trained on biomedical data, and fine-

tuned general models both have limitations. [54]

Notwithstanding the challenges in data availability for domain-specific models, they are
considered more parameter-efficient compared to general models. Even the integration
of ICL fails to elevate the performance of general models to the level of specialized
models. [39] Parameter-efficient models not only mitigate training expenses but also
expedite the training process. Thus, further development of highly specialized models
is imperative to cater to the precise demands of healthcare. Addressing privacy con-
cerns and elevating LLMs’ performance to new heights necessitates the establishment

of proper regulations.

The development of these specialized models requires a profound understanding of
model architectures. Traditionally, the choice of architecture has been driven by the
target task. For instance, encoder-only models have been employed for tasks requiring
text comprehension or information extraction, while decoder-only models have been
utilized in text generation, translation, and QA. Encoder-decoder models have found
application in tasks where capturing relationships between the input and output is criti-
cal, such as text summarization. This study showed that although encoder-decoder

models are designed for these tasks, they have not been widely developed or used.
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Future research could investigate why these models have lagged encoder-only and
decoder-only models. Furthermore, this study has indicated that these models can ex-
hibit impressive performance not only in their designated tasks but also in other tasks,
as evidenced by GPT models excelling in text classification, sentiment analysis, and

summarization.

The prompting strategies should also be employed in the future to guide and refine the
behaviour for optimized performance of LLMs. It has been demonstrated that employ-
ing prompting strategies considerable enhances model performance, yet the strategy
and the prompting quality can affect the effectiveness. For example, the SQP intro-
duced by Wang et al. and the ER proposed by Singhal et al. demonstrated improved
performance compared to standard and CoT strategies in healthcare settings [1,23].
Prospective research could potentially contribute to the advancement of novel and

more efficient prompting strategies.

Despite GPT models being widely acclaimed for their adaptability in various NLU tasks,
encoder models, such as fine-tuned BERT variants, exhibit significant value in specific
NLU tasks like RE and NER, where they outperform decoder models. Both GPT mod-
els and fine-tuned BERT did show promising potential in radiology applications. Nota-
bly, the study conducted by Lyu et al. highlighted the eminent performance of GPT-4
with an optimized prompt, achieving an impressive 96.8 % accuracy, despite not being
specifically trained for radiology [66]. In addition to the remarkable performance of
GPT-4 and Med-PaLM-2, GatorTron has exhibited notable potential as well. The ad-
vancements in LLMs are moving in the right direction; however, current research high-
lights a lack of proper referencing, which poses challenges to the transparent supervi-
sion of these models. Addressing these concerns would further enhance the utility of

current models in practical applications.

Currently, LLMs confront numerous challenges, and it is noteworthy that there are no
specific regulatory guidelines addressing them. Nevertheless, millions of individuals,
including doctors and patients rely on LLMs daily. Moreover, the tokenization process,
which plays a key role in how LLMs handle NLP, remains unregulated in the healthcare
domain. [116] Apart from privacy protection, regulations could also help address vari-
ous ethical concerns. Therefore, regulators should create a new regulatory category
tailored to LLMs, given their distinctive nature from other medical technologies. Wise
development of regulations is essential to accommodate the continuous evolution of
these extensive and dynamic models, which have the potential to revolutionize our so-
ciety. Regulators should also offer guidance to healthcare organizations, institutions,

and companies on responsible LLM deployment. [76]
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In fact, the active involvement of all stakeholders is necessary for the development of
LLMs that effectively serve the demanding healthcare domain. Researchers should de-
vise solutions to overcome the current challenges, including accuracy improvements,
reduction of hallucinations, addressing bias and ethical considerations, and ensuring
patient data privacy and safety. For instance, further research could be dedicated to
developing more effective debiasing methods, which have not yet succeeded in mitigat-
ing biases [36]. Companies should boldly experiment with LLMs and innovate to inte-
grate them into their products. Trial and error are crucial for the successful adoption of
LLMs in healthcare applications. However, regulations should guide this process to en-
sure reliable LLM operation and to maintain human control throughout the application’s
lifecycle. Clinicians and patients should collaborate with researchers and developers in
the model development process, as they are the primary end-users. Additionally, in the
implementation of the LLM applications, the end-users should be educated for the

proper, effective, and safe usage.

Most LLMs are trained using datasets limited to specific time periods. However, new
diseases, treatments, and practices are continually being discovered, making LLMs
employed in healthcare vulnerable to performance gaps if their training data becomes
outdated. Therefore, clinical LLMs should undergo constant updates with current medi-
cal data, and applications utilizing these models should always be kept up-to-date to
match the latest information. Regulations could also govern this perspective by restrict-

ing the use of LLMs trained on outdated data in healthcare applications.

The current healthcare system faces diverse challenges, including financial constraints,
managing increasing volumes of medical data, accessibility and equity concerns, and a
raising need for healthcare services. LLMs have the potential to mitigate these chal-
lenges by optimizing healthcare operations, automating administrative tasks to reduce
costs, processing, and analysing healthcare data rapidly to increase efficiency, and al-
lowing healthcare professionals to focus on their core tasks. LLMs can also improve
access to healthcare by enabling remote medical care and enhancing patient-clinician
engagement. Moreover, education capabilities and the CDS can elevate the quality of
care. Applications likely to be employed for documentation purposes are anticipated to
be the first to see practical implementation due to their ability to effectively address cur-
rent healthcare challenges. Their associated risks are also minimal, as they do not

generate novel information.

Physicians possess significant leverage to advocate for and influence political, eco-

nomic, and social decisions. However, due to limited time and lack of advocacy train-
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ing, physicians often fail to utilize this influence effectively. LLMs could play a role in

this aspect by drafting tailored and appropriate communications to lawmakers. [51]

Apart from improving LLMs’ performance in their current tasks, they are likely to ac-
quire entirely new capabilities. For example, the latest release of OpenAl, GPT-4, can
process images alongside text, potentially offering unforeseen solutions for healthcare
through image analysis. In the future, LLMs may be able to analyse sound and video
formats, further expanding their versatile and comprehensive capabilities. Moreover,
novel and innovative solutions using LLMs in less automation-prone healthcare appli-

cations are expected to emerge [116].
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7. CONCLUSIONS

The objective of this study was to explore the potential and challenges of LLMs in
healthcare and CDS applications. It was evident from the findings that developing
healthcare domain-specific LLMs is imperative to meet the unique demands of the field.
The performance evaluation demonstrated the substantial capacity of LLMs to enhance
the effectiveness and accessibility of healthcare. Furthermore, the model architecture
and prompting strategies were identified as critical factors impacting the suitability of
LLMs. These aspects should be carefully considered during the development of

healthcare LLMs to ensure their reliability and accuracy.

Notwithstanding the significant progress made in LLMs, their widespread adoption into
medical practice faces impediments posed by a range of challenges. These challenges
encompass privacy concerns, transparency issues, accountability problems, potential
hallucinations, and bias amplification. Moreover, the absence of tailored regulations for
LLMs contributes remarkably to these issues. The implementation of specific regulatory
guidelines tailored to LLMs would certainly ameliorate the current challenges, enhanc-

ing the accountability, ethics, and safety of LLMs in healthcare applications.

Although LLMs are currently scarcely used in medical practice, this study has demon-
strated their promising potential to revolutionize the field in the future. While notable
obstacles remain, the ongoing development of LLMs shows promise, and the current
hype surrounding them suggests continuous improvement. To address all aspects
comprehensively, the involvement of various stakeholders, including healthcare profes-
sionals, regulators, institutions, companies, and patients, is essential during the devel-

opment process.

LLMs have the capacity to significantly enhance the efficiency of healthcare profes-
sionals by automating administrative tasks and analysing healthcare data. Additionally,
they hold promise in optimizing CDS systems, thereby increasing the accuracy and
speed of decision-making processes. For patients, LLM-powers chatbots can serve as
virtual assistants, providing health guidance and enhancing healthcare accessibility.
Embracing LLMs in these applications would be invaluable in managing vast volumes

of medical data and meeting the growing demand for healthcare services.
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This study has successfully illustrated the current state of healthcare LLMs and their
potential for future development to address current challenges and facilitate their utili-
zation in medical practice. Future research efforts could focus on advancing LLMs to
improve performance while considering the factors identified in this study to influence
their effectiveness. Additionally, solutions should be sought to address the challenges
unveiled in this study. Given the rapid evolution of LLMs and the challenges identified,
the subsequent years will determine whether their utilization in healthcare remains
merely a subject of hype or ultimately leads to a revolutionary transformation of

healthcare technology.
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