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Abstract

Background: Prompt engineering, focusing on crafting effective prompts to large language models (LLMs), has garnered
attention for its capabilities at harnessing the potential of LLMs. This is even more crucial in the medical domain due to its
specialized terminology and language technicity. Clinical natural language processing applications must navigate complex
language and ensure privacy compliance. Prompt engineering offers a novel approach by designing tailored prompts to guide
models in exploiting clinically relevant information from complex medical texts. Despite its promise, the efficacy of prompt
engineering in the medical domain remainsto be fully explored.

Objective: The aim of the study is to review research efforts and technical approaches in prompt engineering for medical
applications as well as provide an overview of opportunities and challenges for clinical practice.

Methods: Databasesindexing the fields of medicine, computer science, and medical informaticswere queried in order to identify
relevant published papers. Since prompt engineering is an emerging field, preprint databases were also considered. Multiple data
were extracted, such asthe prompt paradigm, theinvolved LL Ms, the languages of the study, the domain of the topic, the baselines,
and several learning, design, and architecture strategies specific to prompt engineering. We include studies that apply prompt
engineering—based methods to the medical domain, published between 2022 and 2024, and covering multiple prompt paradigms
such as prompt learning (PL), prompt tuning (PT), and prompt design (PD).

Results: We included 114 recent prompt engineering studies. Among the 3 prompt paradigms, we have observed that PD isthe
most prevalent (78 papers). In 12 papers, PD, PL, and PT termswere used interchangeably. While ChatGPT isthe most commonly
used LLM, we have identified 7 studies using this LLM on a sensitive clinical data set. Chain-of-thought, present in 17 studies,
emerges as the most frequent PD technique. While PL and PT papers typically provide a baseline for evaluating prompt-based
approaches, 61% (48/78) of the PD studies do not report any nonprompt-related baseline. Finally, we individually examine each
of the key prompt engineering—specific information reported across papers and find that many studies neglect to explicitly mention
them, posing a challenge for advancing prompt engineering research.

Conclusions: In addition to reporting on trends and the scientific landscape of prompt engineering, we provide reporting
guidelines for future studies to help advance research in the medical field. We aso disclose tables and figures summarizing
medical prompt engineering papers available and hope that future contributions will leverage these existing works to better
advance the field.
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Introduction

In recent years, the development of large language models
(LLMs) such as GPT-3 has disrupted the field of natural
language processing (NLP). LLMs have demonstrated
capabilitiesin processing and generating human-like text, with
applications ranging from text generation and trandation to
guestion answering and summarization [1]. However, harnessing
thefull potential of LLMsrequires careful consideration of how
input prompts are formulated and optimized [2].

Input prompts denote a set of instructions provided to the LLM
to execute atask. Prompt engineering, aterm coined to describe
the strategic design and optimization of promptsfor LLMs, has
emerged as a crucial aspect of leveraging these models. By
crafting prompts that effectively convey tasks or queries,
researchers and practitioners can guide LLMs to improve the
accuracy and pertinence of responses. The literature defines
prompt engineering in various ways: it can be regarded as a
prompt structuring process that enhances the efficiency of an
LLM to achieve a specific objective [3] or as the mechanism
through which LLMs are programmed by prompts [4]. Prompt
engineering encompasses a plethora of techniques, often
separated into distinct categories such as output customization
and prompt improvement [4]. Existing prompt paradigms are
presented in more detail in the Methods section.

In the realm of medical NLP, significant advancements have
been made, such astherelease of LLMs specialized in medical
language and the availability of public medical data sets,
including in languages other than English [5]. The unique
intricacies of medical language, characterized by its
terminological  precision, context  sensitivity, and
domain-specific nuances, demand a dedicated focus and
exploration of NLP in health care research. Despite these
imperatives, to our knowledge, thereis currently no systematic
review analyzing prompt engineering applied to the medical
domain.

The aim of this scoping review is to shed light on prompt
engineering, as it is developed and used in the medical field,
by systematicaly analyzing the literature in the field.
Specifically, we examine the definitions, methodologies,
techniques, and outcomes of prompt engineering across various
NLP tasks. Methodological strengths, weaknesses, and
limitations of the current wave of experimentation are discussed.
Finally, we provide guidelines for comprehensive reporting of
prompt engineering—related studies to improve clarity and
facilitate further research in the field. We aspire to furnish
insights that will inform both researchers and users about the
pivotal role of prompt engineering in optimizing the efficacy

https://www.jmir.org/2024/1/e60501

of LLMs. By gaining a thorough understanding of the current
landscape of prompt engineering research, we can pinpoint areas
warranting further investigation and development, thereby
propelling the field of medical NLP forward.

Methods

Study Design

Our scoping review was conducted following the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) guidelines for
scoping reviews (available in Multimedia Appendix 1). In this
review, we use terminology to denote emerging technical
concepts that lack consensus definitions. We propose the
following definitions based on previous use in the literature:

« LLM: Object that models language and can be used to
generate text by receiving large-scale language modeling
pretraining (Luccioni and Rogers [6] define an arbitrary
threshold at 1 billion tokens of training data). An LLM can
be adapted to downstream tasks through transfer learning
approaches such asfine-tuning or prompt-based techniques.
Following the study of Thirunavukarasu et a [7] of models
for the medica field, we include Bidirectional Encoder
Representations From Transformers (BERT)—based and
GPT-based models in this definition, although Zhao et a
[8] place BERT modelsin a separate category.

«  Finetuning: Approach in which the weights of the
pretrained LLM are retrained on new samples. The
additional data can be labeled and designed to adapt the
LLM to anew downstream task.

«  Prompt design (PD) [1,2]: Manually building a prompt
(named manual prompt or hard prompt), tailored to guide
the LLM toward resolving the task by simply predicting
the most probable continuity of the prompt. The prompt is
usually a set of task-specific instructions, occasionally
featuring a few demonstrations of the task.

«  Prompt learning (PL) [3]: Manually building a prompt and
passing it to an LLM, trained via the masked language
modeling (ML M) objective, to predict masked tokens. The
prompt often features masked tokens, over whichthe LLM
makes predictions. Those are then projected as predictions
for anew downstream task. This approach is aso referred
to as prompt-based learning.

«  Prompt tuning (PT) [9]: ReferstotheLLM prompting where
part or all the prompt is atrainable vectorial representation
(known as continuous prompt or soft prompt) that is
optimized with respect to the annotated instances.

Figure 1 illustrates the 4 approaches described above.
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Figure 1. Illustration of traditional fine-tuning and the 3 prompt-based paradigms (the fire logo represents trainable parameters, and the flake logo

illustrates frozen parameters). LLM: large language model.
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Inclusion and Exclusion Criteria

Studies were included if they met the following criteria: focus
on prompt engineering, involvement of at least 1 LLM,
relevance to the medical field (biomedical or clinical), pertaining
to text-based generation (excluding vision-related prompts),
and not focusing on prompting for academic writing purposes.
Furthermore, as most of the first studies about prompt
engineering emerged in 2022 [2], we added the following
constraint: the publication date should be later than 2021.

Screening Process

Theinitial set of papers retrieved from the searches underwent
screening based on titles, abstracts, and keywords. The search
strategy isdescribed in Multimedia Appendix 2. Screening was
performed by 2 reviewers (JZ and MN), working in a
double-blind process. Interannotator agreement was cal cul ated,
with conflicts resolved through discussion.

Data Synthesis

We extracted information on prompt paradigms (PD, PL, and
PT), involved LLMs, data sets used, studied language, domain
(biomedical or clinical), medical subfield (if any), mentioned
prompt engineering techniques, computational complexity,

https://www.jmir.org/2024/1/e60501
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basdlines, relative performances, and key findings. Additionally,
we extracted journal information and noted instances of PD or
PL or PT terminology misuse. Details are available in
Multimedia Appendix 3. Finally, we compile a list of
recommendations based on the positive or negative trends we
identify from the selected papers.

Results

Screening Results

The systematic search across sources yielded 398 papers.
Following the removal of duplicates, 251 papers underwent
screening based on title, abstract, and keywords, leading to the
exclusion of 94 studies. During this first screening step, 33
conflicts were identified and resolved among the annotators,
resulting in an interannotator agreement of 86.8% (n=218).
Subsequently, 157 studies remained, and full-text copies were
retrieved and thoroughly screened. This process culminated in
the inclusion of atotal of 114 papers in this scoping review.
The detailed process of study selection is shown in Figure 2.
Among the selected papers, 13 are from clinical venues, 33 are
from medical informatics sources, 31 are from computer science
publications, and 4 are from other sources. Notably, 33 of them
are preprints.
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Figure2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for the review process.
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Prompt Paradigms and M edical Subfields

Table 1 depicts the number of papers identified within each
prompt paradigm a ong with their associated medical subfields.
Some papers may simultaneously involve severa (up to 2 in
this review) prompt paradigms. Notably, PD emerged as the
predominant category, with atotal of 78 papers. These papers
spanned across various medical fields, with a greater emphasis

https://www.jmir.org/2024/1/e60501
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on clinical (including specialties) rather than biomedical
disciplines. The screening yields 29 PL papersand 19 PT papers,
with both paradigms maintaining a balanced distribution
between biomedical and clinical domains. However, it is
noteworthy that unlike PL and PT, PD encompassed a much
broader spectrum of clinical specialties, with aparticular interest
in psychiatry.
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Table 1. Paper distribution by prompt category and medical subfield, with corresponding references.

Prompt paradigm and domain of the topic References
Prompt design (78)
Biomedical (17) [10-26]
Medical licensing examination (12) [27-38]
Clinical (general) (15) [39-53]
Psychiatry (10) [28,54-62]
Oncology (5) [63-67]
Cardiology (4) [68-71]
Ophthalmology (3) [72-74]
Neurology (3) [69,75,76]
Orthopedics (2) [77,78]
Clinical trids (2) [79,80]
Intensive care (2) [69,81]
Geriatrics (2) [75,76]
Radiology (2) [31,82]
Nuclear medicine (1) [29]
Hepatology (1) [83]
Endocrinology (1) [84]
Plastic surgery (1) [85]
Gastroenterology (1) [32]
Genetics (1) [86]
Nursing (1) [87]
Prompt learning (29)
Biomedical (13) [88-100]
Clinica (general) (15) [41,47,101-113]
Psychiatry (1) [114]
Prompt tuning (19)
Biomedical (9) [16,20,26,90,91,95,98,115,116]
Clinical (general) (6) [101,105,110,117-119]
Oncology (2) [120,121]
Psychiatry (1) [122]
Medical insurance (1) [123]

Terminology Use

In our review, the consistency of terminology use around prompt
engineering was investigated, particularly concerning its 3
paradigms: PD, PL, and PT. Acrossthe papers, we meticulously
tracked instances where the terminology was applied differently
to the definitions used in the literature and described in the
introduction. Notably, PL was used to refer to PD 4 times
[12,13,67,86] and PT once [119], while PT was used 5 times
to describe PL [88,96,97,99,114] and twice for PD [23,43].
Terminology inconsistencieswereidentified in only 12 studies.
Consequently, while there remains some degree of
inconsistency, a significant majority of 102 papers adhered to
the definitions identified as commonly used terminology.

https://www.jmir.org/2024/1/e60501
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L anguage of Study

Considering the latest developments in NLP research
encompassing languages beyond English [124], reporting the
language of study is crucial. Several papers do not explicitly
state the language of study. In some cases, the language can be
inferred from prompt illustrations or examples. In the least
informative cases, only the data set of the study is disclosed,
indirectly hinting at the language.

Table 2 illustrates the language distribution among the selected
papers, noting whether languages are explicitly mentioned,
implicitly inferred from prompt illustrations, or smply not stated
but implied from the used data set. The language used in 2
papers [60,68] remains unknown.
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Table 2. Frequency distribution of papers across various languages. The table also depicts the frequency distribution across venues for papers studying

English (N=114).

Language and type of venue Stated?, n (%) Inferred®, n (%) Not stated®, n (%) Total, n (%)
English

All 37(325) 48 (42.1) 11(9.6) 96 (84.2)

Medical informatics 16 (14) 9(7.9) 2(1.8) 27 (23.7)

Computer science 8(7) 18 (15.8) 1(0.9) 27 (23.7)

Preprint 9(7.9) 12 (10.5) 5 (4.4) 26 (22.8)

Clinical 1(0.9) 8(7) 3(2.6) 12 (10.5)

Other 3(2.6) 1(0.9) 0(0) 4(3.5)
Chinese

All 18 (15.8) 0(0) 0(0) 18 (15.8)
French

All 3(2.6) 0(0) 0(0) 3(2.6)
Dutch

All 3(2.6) 0(0) 0(0) 3(2.6)
Japanese

All 2(1.8) 0(0) 0(0) 2(1.8)
Portuguese

All 2(1.8) 0(0) 0(0) 2(1.8)
Italian

All 2(1.8) 0(0) 0(0) 2(1.8)
Spanish

All 2(1.8) 0(0) 0(0) 2(1.8)
Korean

All 0(0) 0(0) 1(0.9) 1(0.9)
Basque

All 1(0.9) 0(0) 0(0) 1(0.9)
German

All 1(0.9) 0(0) 0(0) 1(0.9)
Swedish

All 1(0.9) 0(0) 0(0) 1(0.9)
Polish

All 1(0.9) 0(0) 0(0) 1(0.9)
Vietnamese

All 1(0.9) 0(0) 0(0) 1(0.9)
Unknown

All 0(0) 0(0) 2(1.8) 2(1.8)

8gtated in the paper.
Binferred from prompt figures and examples.
CInferred from the data set.

Notably, English dominates with 84.2% (n=96) of the selected
papers, followed by Chinese at 15.7% (n=18). Then, the other
languages arerelatively rare, often appearing in studiesfeaturing
multiple languages. It is worth mentioning that languages

https://www.jmir.org/2024/1/e60501
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besidesEnglish areusually explicitly stated, with the exception
of a paper studying Korean [63]. In total, the language had to
be inferred from prompt figures and examplesin 48 papers, all
in English.

JMed Internet Res 2024 | vol. 26 | e60501 | p. 6
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Choiceof LLMs

Given the diverse array of LLMs available, spanning general
or medical, open-source or proprietary, and monolingual or
multilingual models, aongside various architectural
configurations (encoder, decoder, or both), our study investigates
LLM selection across prompt paradigms.

Figure 3 outlines prevalent LLMs categorized by prompt
paradigms, though it is not exhaustive and only includes
commonly encountered architectures. For example, while
encoder-decoder models are absent in PT in Figure 3, there are
afew instances where they are used [95,110].

Zaghir et d

ChatGPT’s popularity in PD is unsurprising, given its
accessibility. Models from Google, PaLM, and Bard
(subsequently rebranded Gemini), all falling under closed
models, are also prominent. Among open-sourceinstruct-based
LLMs, fewer are used, notably those based on LLaMA-2 with
7 occurrences.

In PL, encoder models, those following the BERT architecture,
dominate, covering both general and specialized variants. There
are occasional uses of decoder models like GPT-2 in PL-based
tasks[103,105]. PT involves all model types, with a preference
toward encoders. Further details on the models used are
available in Multimedia Appendix 3.

Figure 3. Involved large language models in the prompt engineering studies, covering al prompt paradigms. The number of studies that fit in a node

is shown in parentheses. BERT: Bidirectional Encoder Representations
Approach; T5: Text-to-Text Transfer Transformer.
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Topic Domain and NLP Task Trends

Figure 4 [16,20,26,41,47,88-123] illustrates the target tasks
used inthe PL and PT papers. PL-focused papers predominantly
address classification-based tasks such as text classification,
named entity recognition, and relation extraction, with text
classification being particularly prominent. Thisalignswith the
nature of PL, which centersaround an MLM objective. Among
other tasks, a study based on text generation [111] makes use
of PL to predict masked tokens from partial patient records,
aiming to generate synthetic electronic heath records.
Conversely, PT papers tend to exhibit a slightly broader range
of tasks.

Zaghir et d

Figure 5[10-87] presentsthe same analysisfor PD-based papers.
Unlike PL and PT, a prominent trend observed is that severa
studies focus on real-world board examinations. Notably, these
studies predominantly center around tasksinvolving answering
multiple-choice questions (MCQs). It is worth noting that
although MCQsmight be cast asaclassification task, in practice,
itiscast asageneration task using causal LLMs. Itisinteresting
to note that none of the selected PD papers propose the task of
entity linking, despite the clear opportunity of leveraging LLMS
in-context learning ability for medical entity linking.

Figure4. Overview of selected prompt learning and prompt tuning papers, showcasing natural language processing tasks alongside their topic domain
(it includes tasks, such as text simplification, where none of the selected papers specifically focused on these tasks). Numbers within square brackets

are reference citations.
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Figure 5. Overview of selected prompt design papers, showcasing natural language processing tasks alongside their topic domain. Numbers within

sguare brackets are reference citations.
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Prompt Engineering Techniques

We extensively investigated the used prompt techniques: among
PD papers, 49 studies used zero-shot prompting, 23 used
few-shot prompting, and 10 used one-shot prompting. Few shot
tends to outperform in MCQs, but its advantage over zero shot
isinconsistent in other NL P tasks. We propose acomprehensive
summary of the existing techniquesin Table 3.

As shown in Table 3, chain-of-thought (CoT) prompting [2]
stands as the most common technique, followed by the persona
pattern. In medical MCQs, various attempts with CoT can lead
to different reasoning pathways and answers. Hence, to improve
accuracy, 2 studies [19,20] used self-consistency, a method
involving using multiple CoT prompts and selecting the most
frequently occurring answer through voting.

https://www.jmir.org/2024/1/e60501

XSL-FO

RenderX

Flipped interaction was used for simulation tasks, such as
doctor-patient engagement [60] or to provide clinical training
to medical students[81]. Emotion enhancement was appliedin
mental health contexts [58,60], allowing the LLM to produce
emotional statements.

More innovative prompt engineering techniques include
k-nearest neighbor few-shot prompting [19] and
pseudoclassification prompting [78]. The former uses the
k-nearest neighbor algorithm to select the k-closest examples
in a large annotated data set based on the input before using
them in the prompt, and the latter presents to the LLMs all
possiblelabels, asking the model to respond with abinary output
for each provided label. Despite its potential, tree-of-thoughts
pattern use was limited, with only 1 instance found among the

papers[77].
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Table 3. Most recurrent prompt techniques found, with the corresponding description, template, and references.

Zaghir et d

Prompt techniques

Description

Prompt template examples

Count papers  References

Chain-of-thought
(CoT)

Persona (role-defin-
ing)

Ensemble prompting

Scene-defining

Prompt-chaining

Flipped interaction

Emotion enhance-
ment

Prompt refinement

Retrieval-augmented
generation

Self-consistency
(CoT ensembling)

Asking thelarge language model
(LLM) to provide the reasoning
before answering.

Assigning the LLM a particular
role to accomplish atask related
to that role.

Using multiple independent
prompts to answer the same
question. The final output is de-
cided by majority vote.

Simulating ascene related to the
addressed task.

Separating atask into multiple
subtasks, each resolved with a
prompt.

Making the LLM take the lead
(eg, asking questions) and the
user interacting with it passively.

Making the LLM more or less
expressing human-like emotions.

Using the LLM to refine the
prompt such as translating the
prompt or rephrasing it.

Combining an information re-
trieval component with agenera-
tive LLM. Snippets extracted
from documents are fed into the
system along with the input
prompt to generate an enriched
output.

Ensemble prompting each
prompt using CoT. Idedl if a
problem has many possible rea-
soning paths.

Basic CoT: “<Prompt>. Think
step by step.”

Another exampleof CoT: “Solve
this math problem. E.g.: You
have 3 apples and buy 2 more,
how many apples do you have?
Solution: Start with 3 apples.
Buy 2 more apples. Total apples
is3+2=>5. New problem: You
have 5 oranges and give avay 2,
how many oranges do you have
left?”

“Actas X (e.g. Act asaPhysi-
cian, Act asaPsychiatrist, etc).”

“Prompt1, Outputl, Prompt2,
Output2, [...], Promptk, Out-
putk” Fina output: Vote

“you are in a hospitd, in front
of apatient ..

“Prompt1->Outputl, Out-
put1+Prompt2 ->Output2, [...]
Outputk-1+Promptk-> Outputk”

“1 would like you to ask me
questions to achieve X. You
should ask questions until <con-
dition/goal> is met.”

“You can have emotional fluctu-
ations during the conversation.”

“Please translate in English /
rephrase this prompt: <P>."

“<List of relevant Snippets>
<Input Prompt>"

“CoT_Prl, Outputl, CoT_Pr2,
Output2, ..., CoT_Prk, Outputk”
Final output: Vote

17

10

[11,19,20,27,29,32,33,35,39,
51,58,67,75,77,82,83,85]

[32,49,55,56,59-61,82,84,85]

[19,20,39,52]

[18,49,61]

[37,80,84]

[60,81]

[58,60]

[37,48]

[18,54]

[19,20]

Emerging Trends

Figure 6 illustrates a chronological polar pie chart of selected
papers and their citation connections, identifying five highly
cited papers: (1) Agrawal et al [40] demonstrate GPT-3'sclinical
task performance, especialy in named entity recognition and
relation extraction through thorough PD. (2) Kung et al [36]
evaluate ChatGPT's (GPT-3.5) ability for the United States
Medical Licensing Examination, shortly after the public rel ease
of ChatGPT. (3) Singhal et al [20] introduce MultiMedQA and
HeathSearchQA benchmarks. The paper also presents

https://www.jmir.org/2024/1/e60501

instruction PT for domain alignment, a novel paradigm that
entails learning a soft prompt prior to the LLM general
instruction, which is usually written as a hard prompt. Using
this approach on FlanPaLM led to the development of
Med-PaLM, improving question answering over FlanPaLM.
(4) Nori et al [27] evaluate GPT-4 on the United States Medical
Licensing Examination and MultiMedQA, surpassing previous
state-of -the-art results, including GPT-3.5 and Med-PaLLM. (5)
Luo et a [26] release BioGPT, a fine-tuned variant of GPT-2
for biomedical tasks, achieving state-of-the-art results on 6
biomedical NLP tasks with suffix-based PT.
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Figure 6. A chronological chart showing the selected papers across the 3 prompt-based paradigms. Papers are classified by different colors according
to the venues in which they were published. Different shapes illustrate whether the LLM is fine-tuned, frozen, or both. Solid or striped color indicates
whether authors used a nonprompt baseline (including humans) for evaluation. Arrows connecting 2 papers denote direct citations. The nodes in the
border of PD, PL, or PT are studies proposing the 2 involved prompt engineering paradigms. Numbers within square brackets are reference citations.

LLM: large language model; PD: prompt design; PL: prompt learning; PT: prompt tuning.

Domain of the venue
1 Preprint

B Clinical

B Medical informatics
= Computer science
1 Other

LLM use
<T> Frozen

C) Fine-tuned

[ ] Both

Sy
T 7 Unclear

PD

Baseline
ol Absent
Ml Provided

Citations

(A]B] :
— [A] cited by [B]

PT

Trendsin PD

Asshownin Figure 6, the PD paradigm presents multiple trends:
all papers disseminated in clinical-based venues, and 27 of 33
(82%) of the encountered preprints adhere to this paradigm.
Furthermore, we observed asignificant focus on work involving
frozen LLMswithin the PD domain. Thistrend islikely dueto
the frequent use of ChatGPT in 74 instances, as depicted in
Figure 3, despite OpenAl offering fine-tuning capabilities for
themodel. It isworth mentioning that 46 of 78 (59%) PD papers

https://www.jmir.org/2024/1/e60501

RenderX

do not include any baseline, including human comparison. This
gap will be further explored in a subsequent section.

Trendsin PL and PT

Among PL and PT papers, computer science and medical
informatics are the most prevalent venues. Although PL has
drawn attention to the idea of adapting the MLM objective to
downstream tasks without needing to further update the LLM
weights, many studies still opt to fine-tune their LLMs, with a
nonnegligible amount of them evaluating in few-shot settings
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[89,92,93,112]. Unlike PD, PL and PT usually include a
baseline, with it often being atraditional fine-tuning version of
the evaluated model [92,93,95] to compare it against novel
prompt-based paradigms. These studies came to a common
conclusion, being that PL isapromising aternativeto traditional
fine-tuning in few-shot scenarios.

There are 2 ways for conducting PL: oneinvolvesfilling in the
blanks within a text, known as cloze prompts, while the other
consistsin predicting masked tokens at the end of the sequence,
referred to as prefix prompts. A distinct advantage of the latter
approach is its compatibility with autoregressive models, as
they exclusively predict the appended masks. Among the 29
PL papers, 21 (72%) of them propose cloze prompts, while 15
(52%) use prefix prompting. The involved NLP tasks are
well-distributed across these 2 prompt patterns. Another crucial
component of PL is the verbalizer. As PL revolves around
predicting masked tokens, classification-based tasks require
mapping manually selected relevant tokensto each class (manual
verbalizer). Alternatively, some studies propose asoft verbalizer,
akin to soft prompts, which automatically determines the most
relevant token embedding for each label through training. Of
the 29 PL papers selected, 16 (55%) studies explicitly mention
the use of amanual verbalizer, while 2 explored both verbalizers
to assess performance[101,110]. Only 1 exclusively used a soft
verbalizer [89]. Another study does not use any verbalizer, as
it focuses on generating synthetic data by filling the blanks
[111]. Notably, 8 (28%) studies did not report any mention
regarding the verbalizer methodol ogy.

Hard prompts, which arerelated to PD and PL, involve manually
crafted prompts. Regarding PT, optimal prompts are attainable
through soft prompting (ie, promptsthat are trained on atraining

Table 4. Basdline reports among prompt categories (N=114)2,

Zaghir et d

data set), yet, determining the appropriate soft prompt length
remains obscure. Intotal, 5 of 19 (26%) PT studiestried various
soft prompt lengths and reported their corresponding
performances[26,105,118,119,122]. Whilethereisno definitive
optimal prompt length, a trend emerges: optimal soft prompt
length typically exceeds 10 tokens. Surprisingly, 8 (42%) papers
omit reporting the soft prompt length. Regarding the placement
of soft promptsin relation to the input and the mask, consensus
islacking. A total of 5 (26%) papers prepend the soft prompt
at the input’s outset, while 4 (21%) append it as a suffix. One
paper uses both strategies in a single prompt template [95].
Someinnovative methodsinvolveinserting asingle soft prompt
for each entity that needsto beidentified in entity-linking tasks
or using token-wise soft prompts, where each token in the textual
input is accompanied by a distinct soft prompt. The position of
soft prompts remains unreported in 5 (26%) studies. Finally,
according to the 6 (32%) studies that used mixed prompts
[90,91,95,101,105,110] (a combination of hard and soft
prompts), it has consistently been reported that mixed prompts
lead to a better performance than hard prompts alone.

Baseline Comparison

Only 62 of the screened papers reported comparisons to
established baselines. These include traditional deep learning
approaches (eg, fine-tuning approach), classical machine
learning algorithms (eg, logistic regression), naive systems (eg,
majority class), or human annotation. The remaining papers
solely explored prompt-related solutions, without including
baseline comparisons. Tables 4-6 traces the presence of a
nonprompt baseline among different prompt categories (Table
4), papers sources (Table 5), and NLP tasks addressed (Table
6).

Prompt category No baseline, n (%) Higher, n (%) Similar, n (%) Lower, n (%) Total, n (%)
Prompt design 48 (42.1) 13 (11.4) 4(35) 13 (11.4) 78 (68.4)
Prompt learning 5(4.4) 19 (16.7) 3(2.6) 2(L8) 29 (25.4)
Prompt tuning 3(2.6) 11 (9.6) 2(1.8) 3(2.6) 19 (16.7)

8Higher or lower indicates that the performance of the proposed prompt-based approach is higher or lower than the baseline.

Table 5. Basdline reports among venues (N=114)2,

Type of venue No baseline, n (%) Higher, n (%) Similar, n (%) Lower, n (%) Total, n (%)
Medical informatics 13 (11.4) 16 (14) 2(1.8) 2(18) 33(28.9)
Computer science 7(6.2) 12 (10.5) 3(2.6) 9(7.9) 31(27.2)
Preprint 21 (18.4) 6(5.3) 1(0.9) 5 (4.4) 33(28.9)
Clinical 13 (11.4) 0(0) 0(0) 0(0) 13 (11.4)
Other 1(0.9) 2(18) 0(0) 1(0.9) 4(35)

8Higher or lower indicates that the performance of the proposed prompt-based approach is higher or lower than the baseline.
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Table 6. Baseline reports among addressed NLP? tasks (N=114)b.

Zaghir et d

NLP task No baseline, n (%) Higher, n (%) Similar, n (%) Lower, n (%) Total, n (%)
Text classification 13 (11.4) 18 (15.8) 4(35) 11 (9.6) 46 (40.4)
Question answering 13 (11.4) 3(2.6) 1(0.9) 2(1.8) 19 (16.7)
Relation extraction 3(2.6) 10(8.8) 0(0) 3(2.6) 16 (14)
Information extraction 10(8.8) 3(2.6) 0(0) 2(1.8) 15(13.2)
Multiple-choice question 10(8.8) 3(2.6) 1(0.9) 1(0.9 15(13.2)
Named entity recognition 4(3.5) 5(4.4) 1(0.9) 5(4.4) 15(13.2)
Text summarization 7(6.2) 3(2.6) 0(0) 1(0.9 11 (9.6)
Reasoning 5(4.4) 3(2.6) 0(0) 1(0.9) 9(7.9
Generation 5(4.4) 2(L8) 0(0) 1(0.9) 8(7)
Entity linking 0(0) 3(2.6) 0(0) 0(0) 3(2.6)
Coreference resolution 1(0.9) 1(0.9) 0(0) 1(0.9 3(2.6)
Decision support 2(1.8) 0(0) 0(0) 1(0.9 3(2.6)
Conversational 3(2.6) 0(0) 0(0) 0(0) 3(2.6)
Text simplification 1(0.9) 0(0) 0(0) 1(0.9) 2(18)

3NLP; natural language processing.

bHigher or lower indicates that the performance of the proposed prompt-based approach is higher or lower than the baseline.

Nonprompt-related baselines are often featured in studies
focused on PL and PT but not PD. Additionally, PL and PT
have atendency to perform better than their respective reported
baselines, PD tends to report less conclusive results. More
specifically, among the 22 papers using either PL or PT with
anidentical fine-tuned model asabaseline, 17 indicate superior
performance with the prompt-based approach, 3 observed
comparable performance, and 2 studies noted inferior
performance.

Significantly, papers from computer science venues tend to
include more state-of -the-art baselines than those from medical
informatics and clinical venues. Specificaly, al 13 papers
reviewed from clinical venues did not use any nonprompt
baselines. Furthermore, there appears to be no consistent link
between the type of NLP tasks and the omission of baselines,
indicating that the decision to include baselines is more
influenced by the evaluation methodology than by feasihility.

Prompt Optimization

Numerous studies in the literature highlight the few-shot
learning capabilities of LLMs, often referred to as “few-shot
prompting,” wherein they demonstrate proficiency in executing
taskswith minimal demonstrations provided, typically through
text prompts. However, it is crucia to acknowledge that the
annotation cost associated with such frameworks might extend
beyond the few annotated demonstrations within the prompt.
Many studies claiming to explore few-shot or zero-shot learning
through prompt engineering rely on extensive annotated
validation data sets to refine PD and formulation. This s, for
example, the case in the paper that popularized the term
“few-shot learning” [1]. Among the 45 analyzed papers
concentrating on few-shot or zero-shot learning, 5 explicitly
detail the optimization of prompt formulation using extensive
validation data sets. Conversely, 18 of these papers either do

https://www.jmir.org/2024/1/e60501

not engage in prompt optimization or test various prompts and
document all results. Notably, 22 papers present results using
only 1 prompt choice, without clarifying whether this choice
was made thanks to additional validation data sets.

Discussion

Summary of the Findings

This scoping review aimed to map the current landscape of
medical prompt engineering, identifying key themes, gaps, and
trends within the existing literature. The primary findings of
this study reveal a greater prevalence of PD over PL and PT,
with ChatGPT dominating the PD domain. Additionally, many
studies omit nonprompt-based baselines, do not specify the
language of study, or exhibit alack of consensusin PL (prefix
vs cloze prompt) and PT settings (soft prompt lengths and
positions). English is notably dominant asthe language of study.
These findings suggest that while the field is emerging, there
isapressing need for improved research practices.

Costs, Infrastructure, and LLMsin Clinical Settings

Prompt engineering techniques enable competitive performance
in scenarios with limited or no resources as well as in
environments with low-cost computing infrastructure. As
hospital dataand infrastructure are often found in this scenario,
these approaches hold great promiseintheclinical field. Figure
6 shows the absence of PL- and PT-related works in clinica
journals. Thistrend may stem from the widespread accessibility
of ChatGPT, favoring PD-focused investigations. Despite efforts
like OpenPrompt [125] to facilitate PL and PT works, the
programming barrier likely deters clinical practitioners.
Surprisingly, 7 papers use ChatGPT with sensitive clinical data.
Despitethe recent availability of ChatGPT Enterprisein GPT-4
for secure datahandling, it is apparent that most of these studies
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have not used thisfeature since they used GPT-3.5. Limited use
of local LLMs, especially LLaMA-based, suggests a heed for
their increased adoption in future clinical PD studies. The lack
of local LLMsmay be dueto clinicians’ limited computational
infrastructure.

Prompt Engineering Techniques Effectivenessin
M edical Research

In documented prompt engineering techniques, the effectiveness
of few-shot prompting compared to zero shot varies by task and
scenario. However, CoT shows superior reasoning performance,
compelling LLMs to present reasoning pathways and
consistently outperforming zero-shot and few-shot methods
across PD studies. Itsensembl e-based variant, self-consistency,
consistently outperforms CoT. Despite the persona pattern’'s
frequent use, thereisalack of ablation studies on itsimpact on
medical task performance, with only 1 paper reporting negligible
improvement [61]. Prompt engineering is an emerging field of
study that still needsto proveits efficacy. However, almost hal f
of the papers focused only on prompt engineering and failed to
report any nonprompt-rel ated baseline performance, despite the
availability of such baselines for the addressed NLP tasks. On
thewhole, theresults are far from being systematically in favor
of LLM-based methods, greatly attenuating the impression of
atechnological breakthrough that is generally commented on.
Selecting a baseline remains a necessary step toward
understanding the actual impact of prompt engineering.

Bender Rule

Regarding the languages, while Table 2 shows the dominance
of Englishin medical literature, many papers studying English
fail to explicitly mention the language of study. This oversight
is more prevalent in computer science and clinical venues,
whereas medical informatics exhibits a more favorable trend,
asvalidated by achi-squaretest yielding aP value of .02 (Table
S1 in Multimedia Appendix 2). Notably, languages such as
Chinese are consistently mentioned across the 18 selected

Zaghir et d

papers. However, the Bender rule, namely “always name the
language(s) you are working on,” seems to be well respected
for languages other than English. Thisfinding has aready been
documented for NL P research in general [126].

Fine-Tuning Versus Prompt-Based Approaches

Whiletraditional LLM fine-tuning remainsaviable method for
various NLP tasks, PL and PT are competitive alternatives to
fine-tuning, particularly in resource-constrained and low
computational scenarios. PL, leveraging predefined promptsto
guide model behavior, offers an efficient approach in low-to-no
resource environments. Conversely, PT emerges as a viable
solution in low computational scenarios, as it requires
substantially fewer trainabl e parameters compared to traditional
fine-tuning approaches. Since both prompt-based approaches
do not requirethe LL M to befurther trained, they arelessprone
to catastrophic forgetting [127].

Recommendationsfor FutureMedical Prompt—Based
Studies

For future research in prompt engineering, we propose severa
recommendations aimed at improving research quality,
reporting, and reproducibility. From this review, we identified
several trends such as the computational advantages or the lack
of evaluations on baselines with a lack of ablation studies to
evaluate the performance of the prompting strategies. Some
studies do not clearly mention the prompt engineering choices
they made. For instance, in PL, choices range from using cloze
to prefix prompting and from using manual to soft verbalizer.
Similarly, PT ischaracterized by configurations of soft prompts,
such asthe length and the positions. To clarify these distinctions
and enhance methodological transparency and reproducibility
in future research, we have developed reporting guidelines
available in Textbox 1. Adhering to these reporting guidelines
will contribute to advancing prompt engineering methodol ogies
and their practical applicationsin the medical field.

Textbox 1. Detailed reporting guidelines for future prompt engineering studies.

General reporting recommendations

service.

«  Thelanguage of the study used should be explicitly stated.

or through a vaidation data set.

challenges or benchmarks.

Specific to prompt learning and prompt tuning

hard or mixed prompts, as part of the ablation study.

«  For senditive data, local large language models (LLMs) should be preferred to the ones that use an application programming interface or aweb

o Themention of whether the LLM undergoes fine-tuning should be made explicit.

«  Theprompt optimization process and results should be documented to ensure transparency, whether it is through different tested manual prompts

«  Theterms*“few-shot,” “one-shot,” and “zero-shot” should not be used in settings where the prompts have been optimized on annotated examples.

«  Experiments should include baseline comparisons or at least mention existing results, particularly when data sets originate from previous medical

«  Concepts (such as prompt learning and prompt tuning) should be defined and used consistently with the consensus.

«  Inprompt learning experiments, the verbalizer used (soft and hard) should be explicitly specified, or a clear justification should be provided if
the verbalizer is omitted. Additionally, whether the prompt template follows the cloze or the prefix format should be mentioned.

«  Inprompt tuning experiments, authors should provide details on soft prompt positions, length, and any variations tested, such as incorporating

https://www.jmir.org/2024/1/e60501
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Limitations

A limitation was the large number of papers retrieved during
the initial search, which was addressed by limiting the search
scope to titles, abstracts, and keywords. Furthermore, since
some studies may perform prompt engineering techniques
without mentioning any of the 4 prompt-related expressions
used in the queries, they might be missed by our searches.

Conclusions

Medical prompt engineering isan emerging field with significant
potential for enhancing clinical applications, particularly in
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enhance the capabilities of LLMs in health care.

Jz isfinanced by the NCCR Evolving Language, a National Centre of Competence in Research, funded by the Swiss National

Science Foundation (grant #51NF40_180888).

Authors Contributions

JZ and MN performed the screening and data extraction of the papers and synthesized the findings. AN and X T supervised MN.
MB and CL supervised JZ. JZ and MN wrote the manuscript with support from MB, AN, XT, and CL. All authors contributed

to the analysis of the results. CL conceived the original idea.

Conflictsof Interest

CL isthe editor-in-chief of IMIR Medical Informatics. All other authors have no conflict of interest to declare.

Multimedia Appendix 1

PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) checklist.

[PDE File (Adobe PDF File), 515 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Search strategy and statistical anaysis.
[DOCX File, 20 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Reading notes and details of the reviewed papers.

[XLSX File (Microsoft Excel File), 52 KB-Multimedia Appendix 3]

References

1. BrownT, Mann B, Ryder N, Subbiah M, Kaplan JD, Dhariwal P, et al. Language models are few-shot learners. 2020.
Presented at: Advancesin Neural Information Processing Systems; December 6, 2020:1877-1901; Virtual. URL: https./
[papers.nips.cc/paper/2020/hash/1457c0d6bf ch4967418bfb8ac142f 64a-Abstract.html

2. KojimaT, GuSS, Reid M, Matsuo Y, Iwasawa Y. Large language models are zero-shot reasoners. 2022. Presented at:
Advancesin Neural Information Processing Systems; November 28, 2022:22199-22213; New Orleans. URL : https.//papers.
nips.cc/paper_files/paper/2022/hash/8bb0d291acd4acf 06ef 112099¢16f326-Abstract-Conference.html

3. LiuB YuanW, Fu J, Jiang Z, Hayashi H, Neubig G. Pre-train, prompt, and predict: a systematic survey of prompting
methods in natural language processing. ACM Comput Surv. Jan 16, 2023;55(9):1-35. [doi: 10.1145/3560815]

4.  WhiteJ, FuQ, Hays S, Sandborn M, OleaC, Gilbert H, et al. A prompt pattern catal og to enhance prompt engineering with
ChatGPT. ArXiv. Preprint posted online on February 21, 2023. [FREE Full text] [doi: 10.48550/arXiv.2302.11382]

5. Névéol A, DdianisH, Veupillai S, Savova G, Zweigenbaum P. Clinical natural language processing in languages other
than English: opportunities and challenges. J Biomed Semantics. 2018;9(1):12. [FREE Full text] [doi:

10.1186/s13326-018-0179-8] [Medline: 29602312

6.  Luccioni AS, Rogers A. Mind your language (model): fact-checking LLMs and their rolein NLP research and practice.

ArXiv. Preprint posted online on June 1, 2024. [doi: 10.48550/arXiv.2308.07120]
7. Thirunavukarasu AJ, Ting DSJ, Elangovan K, Gutierrez L, Tan TF, Ting DSW. Large language modelsin medicine. Nat
Med. 2023;29(8):1930-1940. [doi: 10.1038/s41591-023-02448-8] [Medline: 37460753]

https://www.jmir.org/2024/1/e60501

JMed Internet Res 2024 | vol. 26 | e60501 | p. 15
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v26i1e60501_app1.pdf&filename=c7468ebd4d7b538602b41a75d60b03bb.pdf
https://jmir.org/api/download?alt_name=jmir_v26i1e60501_app1.pdf&filename=c7468ebd4d7b538602b41a75d60b03bb.pdf
https://jmir.org/api/download?alt_name=jmir_v26i1e60501_app2.docx&filename=15ee3b9900844ca56489b7e8a8722253.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e60501_app2.docx&filename=15ee3b9900844ca56489b7e8a8722253.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e60501_app3.xlsx&filename=27d5efc27f61f272f6b16c2313bf46fa.xlsx
https://jmir.org/api/download?alt_name=jmir_v26i1e60501_app3.xlsx&filename=27d5efc27f61f272f6b16c2313bf46fa.xlsx
https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://papers.nips.cc/paper_files/paper/2022/hash/8bb0d291acd4acf06ef112099c16f326-Abstract-Conference.html
https://papers.nips.cc/paper_files/paper/2022/hash/8bb0d291acd4acf06ef112099c16f326-Abstract-Conference.html
http://dx.doi.org/10.1145/3560815
https://arxiv.org/abs/2302.11382v1
http://dx.doi.org/10.48550/arXiv.2302.11382
https://jbiomedsem.biomedcentral.com/articles/10.1186/s13326-018-0179-8
http://dx.doi.org/10.1186/s13326-018-0179-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29602312&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2308.07120
http://dx.doi.org/10.1038/s41591-023-02448-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37460753&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

8.

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Zhao WX, Zhou K, Li J, Tang T, Wang X, Hou Y, et a. A survey of large language models. ArXiv. Preprint posted online
on November 24, 2023. [FREE Full text] [doi: 10.48550/arXiv.2303.18223]

Lester B, Al-Rfou R, Constant N. The power of scalefor parameter-efficient prompt tuning. 2021. Presented at: Proceedings
of the 2021 Conference on Empirical Methods in Natural Language Processing; January 10, 2021:3045-3059; Online and
Punta Cana, Dominican Republic. [doi: 10.18653/v1/2021.emnlp-main.243]

Fries J, Weber L, Seelam N, Altay G, DattaD, Garda S, et a. BigBIO: aframework for data-centric biomedical natural
language processing. 2022. Presented at: Advancesin Neural Information Processing Systems; November 28,
2022:25792-25806; New Orleans. URL: https.//proceedings.neurips.cc/paper_files/paper/2022/hash/

ab83d2197eaf c4af dd41f5b8765555¢5-Abstract-Datasets and_Benchmarks.html

Weisenthal SJ. ChatGPT and post-test probability. ArXiv. Preprint posted online on July 20, 2024. [FREE Full text] [doi:
10.48550/arXiv.2311.12188]

Li L, Ning W. ProBioRE: aframework for biomedical causal relation extraction based on dual-head prompt and prototypical
network. 2023. Presented at: 2023 | EEE International Conference on Bioinformatics and Biomedicine (BIBM); December
5, 2023:2071-2074; Istanbul, Turkiye. URL: https://tinyurl.com/3n45uwdb

Li Z, Belkadi S, Micheletti N, Han L, Shardlow M, Nenadic G. Large language models and control mechanisms improve
text readability of biomedical abstracts. ArXiv. Preprint posted online on March 16, 2024. [FREE Full text] [doi:
10.48550/arXiv.2309.13202]

Li Q, Yang X, Wang H, Liu L, Wang Q, Wang J, et a. From beginner to expert: modeling medical knowledge into general
LLMs. ArXiv. Preprint posted online on January 7, 2024. [EREE Full text] [doi: 10.48550/arXiv.2312.01040]

Ateia S, Kruschwitz U. Is ChatGPT abiomedical expert? 2023. Presented at: Working Notes of the Conference and Labs
of the Evaluation Forum (CLEF 2023); September 18-21, 2023:73-90; Thessaloniki, Greece. URL : https://ceur-ws.org/
Vol-3497/paper-006. pdf

Belyaeva A, Cosentino J, Hormozdiari F, Eswaran K, Shetty S, Corrado G, et al. Multimoda LLMs for health grounded
in individual-specific data. 2023. Presented at: Machine Learning for Multimodal Healthcare Data; July 29, 2023:86-102;
Honolulu, Hawaii, United States. [doi: 10.1007/978-3-031-47679-2_7]

Chen Q, SunH, LiuH, Jang Y, Ran T, Jin X, et a. An extensive benchmark study on biomedical text generation and
mining with ChatGPT. Bioinformatics. 2023;39(9):btad557. [FREE Full text] [doi: 10.1093/bioinformatics/btad557]
[Medline: 37682111]

Molla D. Large language models and prompt engineering for biomedical query focused multi-document summarisation.
ArXiv. Preprint posted online on November 9, 2023. [FREE Full text] [doi: 10.48550/arXiv.2311.05169]

Nori H,Lee YT, Zhang S, Carignan D, Edgar R, Fusi N, et al. Can generalist foundation model s outcompete special -purpose
tuning? Case study in medicine. ArXiv. Preprint posted online on November 28, 2023. [FREE Full text] [doi:
10.48550/arXiv.2311.16452]

Singhal K, Azizi S, Tu T, Mahdavi SS, Wei J, Chung HW, et al. Large language models encode clinical knowledge. Nature.
2023;620(7972):172-180. [FREE Full text] [doi: 10.1038/s41586-023-06291-2] [Medline: 37438534]

Tian S, Jin Q, Yeganoval, La PT, Zhu Q, Chen X, et al. Opportunities and challenges for ChatGPT and large language
models in biomedicine and health. Brief Bioinform. 2023;25(1):bbad493. [FREE Full text] [doi: 10.1093/bib/bbad493]
[Medline: 38168838]

Lim S, SchmiélzleR. Artificia intelligence for health message generation: an empirical study using alarge language model
(LLM) and prompt engineering. Front Commun. 2023;8:1129082. [doi: 10.3389/fcomm.2023.1129082]

WuYH, LinYJ KaoHY.IKM_Lab at BioLaySumm Task 1: longformer-based prompt tuning for biomedical lay summary
generation. 2023. Presented at: The 22nd Workshop on Biomedical Natural Language Processing and BioNL P Shared
Tasks; July 13, 2023; Toronto, Canada. [doi: 10.18653/v1/2023.bionlp-1.64]

Zhang W, Chen C, Wang J, Liu J, Ruan T. A co-adaptive duality-aware framework for biomedical relation extraction.
Bioinformatics. 2023;39(5):btad301. [FREE Full text] [doi: 10.1093/bioinformatics/btad301] [Medline: 37220895]

Chen P, Wang J, Lin H, Zhao D, Yang Z. Few-shot biomedical named entity recognition via knowledge-guided instance
generation and prompt contrastive learning. Bioinformatics. 2023;39(8):btad496. [FREE Full text] [doi:
10.1093/bioinformatics/btad496] [Medline: 37549065]

LuoR, SunL, XiaY, QinT, Zhang S, Poon H, et al. BioGPT: generative pre-trained transformer for biomedical text
generation and mining. Brief Bioinform. 2022;23(6):bbac409. [doi: 10.1093/bib/bbac409] [Medline: 36156661]

Nori H, King N, McKinney SM, Carignan D, Horvitz E. Capabilities of GPT-4 on medical challenge problems. ArXiv.
Preprint posted online on April 12, 2023. [FREE Full text] [doi: 10.48550/arXiv.2303.13375]

Heinz MV, Bhattacharya S, Trudeau B, Quist R, Song SH, Lee CM, et al. Testing domain knowledge and risk of bias of a
large-scale general artificial intelligence model in mental health. Digit Health. 2023;9:20552076231170499. [EREE Full
text] [doi: 10.1177/20552076231170499] [Medline: 37101589]

Ting Y, Hsieh T, Wang Y, Kuo Y, Chen Y, Chan B, et al. Performance of ChatGPT incorporated chain-of-thought method
in bilingual nuclear medicine physician board examinations. Digit Health. 2024;10:20552076231224074. [FREE Full text]
[doi: 10.1177/20552076231224074] [Medline: 38188855]

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 16

(page number not for citation purposes)


https://arxiv.org/abs/2303.18223
http://dx.doi.org/10.48550/arXiv.2303.18223
http://dx.doi.org/10.18653/v1/2021.emnlp-main.243
https://proceedings.neurips.cc/paper_files/paper/2022/hash/a583d2197eafc4afdd41f5b8765555c5-Abstract-Datasets_and_Benchmarks.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/a583d2197eafc4afdd41f5b8765555c5-Abstract-Datasets_and_Benchmarks.html
http://arxiv.org/abs/2311.12188
http://dx.doi.org/10.48550/arXiv.2311.12188
https://tinyurl.com/3n45uwdb
http://arxiv.org/abs/2309.13202
http://dx.doi.org/10.48550/arXiv.2309.13202
http://arxiv.org/abs/2312.01040
http://dx.doi.org/10.48550/arXiv.2312.01040
https://ceur-ws.org/Vol-3497/paper-006.pdf
https://ceur-ws.org/Vol-3497/paper-006.pdf
http://dx.doi.org/10.1007/978-3-031-47679-2_7
https://europepmc.org/abstract/MED/37682111
http://dx.doi.org/10.1093/bioinformatics/btad557
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37682111&dopt=Abstract
http://arxiv.org/abs/2311.05169
http://dx.doi.org/10.48550/arXiv.2311.05169
https://arxiv.org/abs/2311.16452
http://dx.doi.org/10.48550/arXiv.2311.16452
https://europepmc.org/abstract/MED/37438534
http://dx.doi.org/10.1038/s41586-023-06291-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37438534&dopt=Abstract
https://europepmc.org/abstract/MED/38168838
http://dx.doi.org/10.1093/bib/bbad493
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38168838&dopt=Abstract
http://dx.doi.org/10.3389/fcomm.2023.1129082
http://dx.doi.org/10.18653/v1/2023.bionlp-1.64
https://europepmc.org/abstract/MED/37220895
http://dx.doi.org/10.1093/bioinformatics/btad301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37220895&dopt=Abstract
https://europepmc.org/abstract/MED/37549065
http://dx.doi.org/10.1093/bioinformatics/btad496
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37549065&dopt=Abstract
http://dx.doi.org/10.1093/bib/bbac409
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36156661&dopt=Abstract
http://arxiv.org/abs/2303.13375
http://dx.doi.org/10.48550/arXiv.2303.13375
https://journals.sagepub.com/doi/10.1177/20552076231170499?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://journals.sagepub.com/doi/10.1177/20552076231170499?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076231170499
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37101589&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/20552076231224074?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076231224074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38188855&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

CasolaS, LabrunaT, Lavelli A, Magnini B. Testing ChatGPT for stability and reasoning: a case study using Italian medical
specialty tests. 2023. Presented at: Proceedings of the 9th Italian Conference on Computational Linguistics; November
30-Decemeber 2, 2023; Venice, Italy. URL: https://ceur-ws.org/Vol -3596/paper13.pdf

Roemer G, Li A, Mahmood U, Dauer L, Bellamy M. Artificial intelligence model GPT4 narrowly fails simulated radiol ogical
protection exam. J Radiol Prot. 2024;44(1):013502. [doi: 10.1088/1361-6498/ad1fdf] [Medline: 38232401]

Ali S, Shahab O, Al Shabeeb R, Ladak F, Yang JO, Nadkarni G, et al. General purposelarge language models match human
performance on gastroenterology board exam self-assessments. MedRxi. Preprint posted online on September 25, 2023.
[FREE Full text] [doi: 10.1101/2023.09.21.23295918]

Patel D, Raut G, Zimlichman E, CheetiralaS, Nadkarni G, Glicksberg BS, et al. Thelimits of prompt engineering in medical
problem-solving: acomparative analysiswith ChatGPT on cal cul ation based USMLE medical questions. MedRxiv. Preprint
posted online on August 9, 2023. [FREE Full text] [doi: 10.1101/2023.08.06.23293710]

Sallam M, Al-Salahat K, Eid H, Egger J, Puladi B. Human versus artificial intelligence: ChatGPT-4 outperforming Bing,
Bard, ChatGPT-3.5, and humansin clinical chemistry multiple-choice questions. MedRxiv. Preprint posted online on
January 9, 2024. [FREE Full text] [doi: 10.1101/2024.01.08.24300995]

Savage T, Nayak A, Gallo R, Rangan E, Chen JH. Diagnostic reasoning prompts reveal the potential for large language
model interpretability in medicine. NPJ Digit Med. 2024;7(1):20. [FREE Full text] [doi: 10.1038/s41746-024-01010-1]
[Medline: 38267608]

Kung TH, Cheatham M, MedenillaA, SillosC, DeLeon L, Elepafio C, et a. Performance of ChatGPT on USMLE: potential
for Al-assisted medical education using large language models. PLOS Digit Health. 2023;2(2):e0000198. [FREE Full text]
[doi: 10.1371/journal .pdig.0000198] [Medline: 36812645]

Tanaka Y, Nakata T, AigaK, Etani T, Muramatsu R, Katagiri S, et al. Performance of generative pretrained transformer
on the national medical licensing examination in Japan. PLOS Digit Health. 2024;3(1):e0000433. [EREE Full text] [doi:
10.1371/journal.pdig.0000433] [Medline: 38261580]

Rosot M, Gasior JS, £ aba J, Korzeniewski K, Miyriczak M. Evaluation of the performance of GPT-3.5 and GPT-4 on the
Polish medical final examination. Sci Rep. 2023;13(1):20512. [FREE Full text] [doi: 10.1038/s41598-023-46995-7] [Medline:
37993519]

Sivarajkumar S, Kelley M, Samolyk-Mazzanti A, Visweswaran S, Wang Y. An empirical evaluation of prompting strategies
for large language models in zero-shot clinical natural language processing. ArXiv. Preprint posted online on September
14, 2023. [FREE Full text] [doi: 10.2196/55318]

Agrawa M, Hegselmann S, Lang H, Kim Y, Sontag D. Large language models are few-shot clinical information extractors.
2022. Presented at: Proceedings of the 2022 Conference on Empirical Methods in Natural Language Processing; May 25,
2022:1998-2022; Abu Dhabi. [doi: 10.18653/v1/2022.emnlp-main.130]

Dong B, Wang Z, Li Z,DuanZ, Xu J, Pan T, et al. Toward a stable and low-resource PLM-based medical diagnostic system
via prompt tuning and MoE structure. Sci Rep. 2023;13(1):12595. [FREE Full text] [doi: 10.1038/s41598-023-39543-2]
[Medline: 37537202]

Gutierrez KLT, Viacrusis PML. Bridging the gap or widening the divide: acall for capacity-building in artificial intelligence
for healthcare in the Philippines. IMUST. 2023;7(2):1325-1334. [doi: 10.35460/2546-1621.2023-0081]

Islam K S, Nipu AS, Madirgju P, Deshpande P. Autocompletion of chief complaintsin the electronic health records using
large language models. 2023. Presented at: 2023 | EEE International Conference on Big Data (BigData); December 15-18,
2023:4912-4921; Sorrento, Italy. URL: https://tinyurl.com/4ajdyddt [doi: 10.1109/bigdata59044.2023.10386778]

Meoni S, Ryffel T, DeLaClergerie E. Annotate French clinical datausing largelanguage model predictions. 2023. Presented
at: 2023 |EEE 11th International Conference on Healthcare Informatics (ICHI); June 26-29, 2023:550-557; Houston, TX,
United States. URL : https://tinyurl.com/yy2b9fe8 [doi: 10.1109/ichi57859.2023.00099]

Meoni S, DelaClergerie E, Ryffel T. Largelanguage models asinstructors: astudy on multilingual clinical entity extraction.
2023. Presented at: The 22nd Workshop on Biomedical Natural Language Processing and BioNL P Shared Tasks; July
2023:178-190; Toronto, Canada. URL : https://aclanthology.org/2023.bionlp-1.15/ [doi: 10.18653/v1/2023.bionlp-1.15]
Wang X, Yang Q. LingX at ROCLING 2023 MultiNER-health task: intelligent capture of Chinese medical named entities
by LLMs. 2023. Presented at: Proceedings of the 35th Conference on Computational Linguistics and Speech Processing
(ROCLING 2023); October 20-21, 2023; Taipei City, Taiwan. URL : https://aclanthol ogy.org/2023.rocling-1.44.pdf

Yang Y, Li X, Wang H, Guan Y, Jiang J. Modeling clinical thinking based on knowledge hypergraph attention network
and prompt learning for disease prediction. SSRN. Preprint posted online on June 30, 2023. [FREE Full text] [doi:
10.2139/ssrn.4496800]

Yao Z, Jaafar A, Wang B, Zhu Y, Yang Z, Yu H. Do physicians know how to prompt? The need for automatic prompt
optimization help in clinical note generation. ArXiv. Preprint posted online on July 5, 2024. [FREE Full text] [doi:
10.48550/arXiv.2311.09684]

van Zandvoort D, Wiersemal, Huibers T, van Dulmen S, Brinkkemper S. Enhancing summarization performance through
transformer-based prompt engineering in automated medical reporting. ArXiv. Preprint posted online on January 19, 2024.
[FREE Full text] [doi: 10.5220/0012422600003657]

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 17

(page number not for citation purposes)


https://ceur-ws.org/Vol-3596/paper13.pdf
http://dx.doi.org/10.1088/1361-6498/ad1fdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38232401&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2023.09.21.23295918v1
http://dx.doi.org/10.1101/2023.09.21.23295918
https://www.medrxiv.org/content/10.1101/2023.08.06.23293710v1
http://dx.doi.org/10.1101/2023.08.06.23293710
https://www.medrxiv.org/content/10.1101/2024.01.08.24300995v1
http://dx.doi.org/10.1101/2024.01.08.24300995
https://doi.org/10.1038/s41746-024-01010-1
http://dx.doi.org/10.1038/s41746-024-01010-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38267608&dopt=Abstract
https://europepmc.org/abstract/MED/36812645
http://dx.doi.org/10.1371/journal.pdig.0000198
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36812645&dopt=Abstract
https://europepmc.org/abstract/MED/38261580
http://dx.doi.org/10.1371/journal.pdig.0000433
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38261580&dopt=Abstract
https://doi.org/10.1038/s41598-023-46995-z
http://dx.doi.org/10.1038/s41598-023-46995-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37993519&dopt=Abstract
http://arxiv.org/abs/2309.08008
http://dx.doi.org/10.2196/55318
http://dx.doi.org/10.18653/v1/2022.emnlp-main.130
https://doi.org/10.1038/s41598-023-39543-2
http://dx.doi.org/10.1038/s41598-023-39543-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37537202&dopt=Abstract
http://dx.doi.org/10.35460/2546-1621.2023-0081
https://tinyurl.com/4ajdyddt
http://dx.doi.org/10.1109/bigdata59044.2023.10386778
https://tinyurl.com/yy2b9fe8
http://dx.doi.org/10.1109/ichi57859.2023.00099
https://aclanthology.org/2023.bionlp-1.15/
http://dx.doi.org/10.18653/v1/2023.bionlp-1.15
https://aclanthology.org/2023.rocling-1.44.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4496800
http://dx.doi.org/10.2139/ssrn.4496800
http://arxiv.org/abs/2311.09684
http://dx.doi.org/10.48550/arXiv.2311.09684
http://arxiv.org/abs/2311.13274
http://dx.doi.org/10.5220/0012422600003657
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

68.

69.

Zhang B, Mishra R, Teodoro D. DSADH at MEDIQA-Chat 2023: leveraging SVM and GPT-3 prompt engineering for
medical dialogue classification and summarization. 2023. Presented at: Proceedings of the 5th Clinical Natural Language
Processing Workshop; June 12, 2023:536-545; Toronto, Canada. [doi: 10.18653/v1/2023.clinicalnlp-1.57]

Zhu W, Wang X, Chen M, Tang B. Overview of the PromptCBLUE Shared Task in CHIP2023. ArXiv. Preprint posted
online on December 29, 2023. [FREE Full text] [doi: 10.48550/arXiv.2312.17522]

Caruccio L, Cirillo S, Polese G, Solimando G, Sundaramurthy S, Tortora G. Can ChatGPT provide intelligent diagnoses?
A comparative study between predictive models and ChatGPT to define a new medical diagnostic bot. Expert Syst Appl.
2024;235:121186. [doi: 10.1016/j.eswa.2023.121186]

LeeY, Chen C, Chen C, Lee C, Chen P, Wu C, et a. Unlocking the secrets behind advanced artificial intelligence language
models in deidentifying Chinese-English mixed clinical text: development and validation study. JMed Internet Res.
2024;26:e48443. [FREE Full text] [doi: 10.2196/48443] [Medline: 38271060]

Bhaumik R, Srivastava V, Jalali A, Ghosh S, Chandrasekaran R. Mindwatch: a smart cloud-based Al solution for suicide
ideation detection leveraging large language models. MedRxiv. Preprint posted online on September 26, 2023. [FREE Full
text] [doi: 10.1101/2023.09.25.23296062]

Heston TF. Safety of large language models in addressing depression. Cureus. 2023:15. [FREE Full text] [doi:
10.7759/cureus.50729]

Grabb D. The impact of prompt engineering in large language model performance: a psychiatric example. JMed Artif
Intell. 2023;6:20. [FREE Full text] [doi: 10.21037/jmai-23-71]

Santos WR, Paraboni 1. Prompt-based mental health screening from social mediatext. ArXiv. Preprint posted online on
May 11, 2024. [FREE Full text] [doi: 10.5753/brasnam.2024.1879]

Yang K, J S, Zhang T, Xie Q, Kuang Z, Ananiadou S. Towards interpretable mental health analysis with large language
models. 2023. Presented at: Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing;
January 16, 2023:6056-6077; Singapore. [doi: 10.18653/v1/2023.emnlp-main.370]

Xu X, Yao B, Dong Y, Gabriel S, YuH, Hendler J, et al. Mental-LLM: leveraging large language models for mental health
prediction via online text data. Proc ACM Interact Mob Wearable Ubiquitous Technol. 2024;8(1):1-32. [doi:
10.1145/3643540]

Chen S, Wu M, ZhuKQ, Lan K, Zhang Z, Cui L. LLM-empowered chatbots for psychiatrist and patient simulation:
application and evaluation. ArXiv. Preprint posted online on May 23, 2023. [FREE Full text] [doi:
10.48550/arXiv.2305.13614]

Qi H, Zhao Q, Li J, Song C, Zhai W, Dan L, et al. Supervised learning and large language model benchmarks on mental
health datasets: cognitive distortions and suicidal risks in Chinese social media. ResearchSquare. Preprint posted online on
November 02, 2023. [FREE Full text] [doi: 10.21203/rs.3.rs-3523508/v1]

Sambath V. Advancements of artificial intelligencein mental health applications?. A comparative analysis of ChatGPT
3.5 and ChatGPT 4. ResearchGate. Preprint posted online on December, 2023. [EREE Full text] [doi:
10.13140/RG.2.2.28713.36961]

Choi HS, Song JY, Shin KH, Chang JH, Jang B. Developing prompts from large language model for extracting clinical
information from pathology and ultrasound reportsin breast cancer. Radiat Oncol J. 2023;41(3):209-216. [FREE Full text]
[doi: 10.3857/r0j.2023.00633] [Medline: 37793630]

Lee DT, Vaid A, Menon KM, Freeman R, Matteson DS, Marin MP, et al. Development of a privacy preserving large
language model for automated data extraction from thyroid cancer pathology reports. MedRxiv. Preprint posted online on
November 8, 2023. [FREE Full text] [doi: 10.1101/2023.11.08.23298252]

Dennstadt F, Hastings J, Putora PM, Vu E, Fischer GF, Siiveg K, et al. Exploring capabilities of large language models
such as ChatGPT in radiation oncology. Adv Radiat Oncol. 2024;9(3):101400. [FREE Full text] [doi:
10.1016/j.adro.2023.101400] [Medline: 38304112]

Zhu S, Gilbert M, Ghanem Al, Siddiqui F, Thind K. Feasibility of using zero-shot learning in transformer-based natural
language processing algorithm for key information extraction from head and neck tumor board notes. Int J Radiat Oncol
Biol Phys. 2023;117(2):€500. [doi: 10.1016/j.ijrobp.2023.06.1743]

Zhao X, Zhang M, MaM, Su C, Wang M, Qiao X, et al. HW-TSC at SemEval-2023 task 7: exploring the natural language
inference capabilities of ChatGPT and pre-trained language model for clinical trial. 2023. Presented at: Proceedings of the
17th International Workshop on Semantic Evaluation (SemEval-2023); July 10, 2023:1603-1608; Toronto, Canada. [doi:
10.18653/v1/2023.semeval-1.221]

Nazary F, Deldjoo Y, Di Noia T. ChatGPT-HealthPrompt. Harnessing the power of XAl in prompt-based healthcare decision
support using ChatGPT. 2023. Presented at: Artificial Intelligence. ECAI 2023 International Workshops; September
30-October 4, 2023:382-397; Krakoéw, Poland. [doi: 10.1007/978-3-031-50396-2_22]

Wang B, Lai J, Cao H, JinF, Tang M, Yao C, et al. Enhancing real-world data extraction in clinical research: evaluating
the impact of the implementation of large language models in hospital setting. ResearchSquare. Preprint posted online on
November 29, 2023. [FREE Full text] [doi: 10.21203/rs.3.rs-3644810/v2]

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 18

(page number not for citation purposes)


http://dx.doi.org/10.18653/v1/2023.clinicalnlp-1.57
http://arxiv.org/abs/2312.17522
http://dx.doi.org/10.48550/arXiv.2312.17522
http://dx.doi.org/10.1016/j.eswa.2023.121186
https://www.jmir.org/2024//e48443/
http://dx.doi.org/10.2196/48443
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38271060&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2023.09.25.23296062v1
https://www.medrxiv.org/content/10.1101/2023.09.25.23296062v1
http://dx.doi.org/10.1101/2023.09.25.23296062
https://www.cureus.com/articles/213293-safety-of-large-language-models-in-addressing-depression.pdf
http://dx.doi.org/10.7759/cureus.50729
https://jmai.amegroups.org/article/view/8190/html
http://dx.doi.org/10.21037/jmai-23-71
http://arxiv.org/abs/2401.05912
http://dx.doi.org/10.5753/brasnam.2024.1879
http://dx.doi.org/10.18653/v1/2023.emnlp-main.370
http://dx.doi.org/10.1145/3643540
http://arxiv.org/abs/2305.13614
http://dx.doi.org/10.48550/arXiv.2305.13614
https://www.researchsquare.com/article/rs-3523508/latest
http://dx.doi.org/10.21203/rs.3.rs-3523508/v1
https://www.researchgate.net/publication/376517245_Advancements_of_Artificial_Intelligence_in_Mental_Health_Applications_A_Comparative_analysis_of_ChatGPT_35_and_ChatGPT_4
http://dx.doi.org/10.13140/RG.2.2.28713.36961
https://europepmc.org/abstract/MED/37793630
http://dx.doi.org/10.3857/roj.2023.00633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37793630&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2023.11.08.23298252v1
http://dx.doi.org/10.1101/2023.11.08.23298252
https://linkinghub.elsevier.com/retrieve/pii/S2452-1094(23)00228-2
http://dx.doi.org/10.1016/j.adro.2023.101400
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38304112&dopt=Abstract
http://dx.doi.org/10.1016/j.ijrobp.2023.06.1743
http://dx.doi.org/10.18653/v1/2023.semeval-1.221
http://dx.doi.org/10.1007/978-3-031-50396-2_22
https://doi.org/10.21203/rs.3.rs-3644810/v2
http://dx.doi.org/10.21203/rs.3.rs-3644810/v2
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

85.

86.

87.

88.

89.

90.

MishraV, Sarrgju A, Kalwani NM, Dexter JP. Evaluation of prompts to simplify cardiovascular disease information using
alarge language model. MedRxiv. Preprint posted online on November 9, 2023. [FREE Full text] [doi:
10.1101/2023.11.08.23298225]

Feng R, Brennan KA, Azizi Z, Goyal J, Pedron M, Chang HJ, et al. Optimizing ChatGPT to detect VT recurrence from
complex medical notes. Circulation. 2023;148(Supp! 1):A16401. [doi: 10.1161/circ.148.suppl_1.16401]

Chowdhury M, Lim E, Higham A, McKinnon R, VentouraN, He 'Y, et a. Can large language model s safely address patient
questions following cataract surgery? 2023. Presented at: Proceedings of the 5th Clinical Natural Language Processing
Workshop; June 10, 2023:131-137; Toronto, Canada. [doi: 10.18653/v1/2023.clinicalnlp-1.17]

Kleinig O, Gao C, Kovoor JG, Gupta AK, Bacchi S, Chan WO. How to use large language model s in ophthalmology: from
prompt engineering to protecting confidentiality. Eye (Lond). 2024;38(4):649-653. [FREE Full text] [doi:
10.1038/s41433-023-02772-w] [Medline: 37798360]

Arsenyan V, Bughdaryan S, Shaya F, Small K, Shahnazaryan D. Large language models for biomedical knowledge graph
construction: information extraction from EMR notes. ArXiv. Preprint posted online on December 9, 2023. [FREE Full
text] [doi: 10.48550/arXiv.2301.12473]

Kwon T, Ong KT, Kang D, Moon S, Lee JR, Hwang D, et a. Largelanguage modelsare clinical reasoners. reasoning-aware
diagnosis framework with prompt-generated rationales. 2024. Presented at: Proceedings of the Association for the
Advancement of Artificial Intelligence Conference on Artificial Intelligence; February 20, 2024:18417-18425; VVancouve.
[doi: 10.1609/aaai.v38i16.29802]

Wang C, Liu S, Li A, Liu J. Text dialogue analysis for primary screening of mild cognitive impairment: development and
validation study. JMed Internet Res. 2023;25:e51501. [FREE Full text] [doi: 10.2196/51501] [Medline: 38157230]

Li J, Wang L, Chen X, Deng X, Wen H, You M, et a. Are you asking GPT-4 medical questions properly?—Prompt
engineering in consistency and reliability with evidence-based guidelines for ChatGPT-4: a pilot study. ResearchSquare.
Posted online on October 3, 2023. 2023:1-20. [FREE Full text] [doi: 10.21203/rs.3.rs-3336823/v1]

Zaidat B, Lahoti YS, Yu A, Mohamed KS, Cho SK, Kim JS. Artificially intelligent billing in spine surgery: an analysis of
alargelanguage model. Global Spine J. 2023:21925682231224753. [FREE Full text] [doi: 10.1177/21925682231224753]
[Medline: 38147047]

Datta S, Lee K, Paek H, Manion FJ, Ofoegbu N, Du J, et al. AutoCriteria: a generalizable clinical trial eligibility criteria
extraction system powered by large language models. JAm Med Inform Assoc. 2024;31(2):375-385. [FREE Full text]
[doi: 10.1093/jamia/ocad218] [Medline: 37952206]

White R, Peng T, Sripitak P, Rosenberg Johansen A, Snyder M. CliniDigest: a case study in large language model based
large-scale summarization of clinical trial descriptions. 2023. Presented at: Proceedings of the 2023 ACM Conference on
Information Technology for Social Good; September 6-8, 2023; Lisbon, Portugal. [doi: 10.1145/3582515.3609559)]
Scherr R, Halaseh FF, Spina A, Andalib S, RiveraR. ChatGPT interactive medical simulationsfor early clinical education:
case study. IMIR Med Educ. 2023;9:e49877. [FREE Full text] [doi: 10.2196/49877] [Medline: 37948112]

Akinci D'Antonoli T, Stanzione A, Bluethgen C, Vernuccio F, Ugga L, Klontzas ME, et a. Large language modelsin
radiology: fundamentals, applications, ethical considerations, risks, and future directions. Diagn Interv Radiol.
2024;30(2):80-90. [FREE Full text] [doi: 10.4274/dir.2023.232417] [Medline: 37789676]

Wiest IC, Ferber D, Zhu J, van Treeck M, Meyer SK, Juglan SK, et al. From text to tables: alocal privacy preserving large
language model for structured information retrieval from medical documents. MedRxiv. Preprint posted online on December
8, 2023. [FREE Full text] [doi: 10.1101/2023.12.07.23299648]

Hamed E, Eid A, Alberry M. Exploring ChatGPT's potential in facilitating adaptation of clinical guidelines: a case study
of diabetic ketoacidosis guidelines. Cureus. 2023;15(5):€38784. [FREE Full text] [doi: 10.7759/cureus.38784] [Medline:
37303347]

Leypold T, Schifer B, Boos A, Beier JP. Can Al think like a plastic surgeon? Evaluating GPT-4's clinical judgment in
reconstructive procedures of the upper extremity. Plast Reconstr Surg Glob Open. 2023;11(12):e5471. [FREE Full text]
[doi: 10.1097/GOX.0000000000005471] [Medline: 38093728]

Yang J, Liu C, Deng W, Wu D, Weng C, Zhou Y, et al. Enhancing phenotype recognition in clinical notes using large
language models: PhenoBCBERT and PhenoGPT. Patterns (NY). 2024;5(1):100887. [FREE Full text] [doi:
10.1016/j.patter.2023.100887] [Medline: 38264716]

Xiong L, Zeng Q, Deng W, Luo W, Liu R. A novel approach to nursing clinical intelligent decision-making: integration
of large language models and local knowledge bases. ResearchSquare. Preprint posted online on December 8, 2023. [FREE
Full text] [doi: 10.21203/rs.3.rs-3756467/v1]

Zeng Q, Liu'Y, He P. A medical question classification approach based on prompt tuning and contrastive learning. 2023.
Presented at: The Thirty Fifth International Conference on Software Engineering and Knowledge Engineering (SEKE
2023); July 1-10, 2023:632-635; San Francisco, CA, United States. [doi: 10.18293/seke?2023-025]

Zhao D, Yang Y, Chen P, Meng J, Sun S, Wang J, et al. Biomedical document relation extraction with prompt learning
and KNN. J Biomed Inform. 2023;145:104459. [doi: 10.1016/j.jbi.2023.104459] [Medline: 37531999

ZhuT, QinY, Feng M, Chen Q, Hu B, Xiang Y. BioPRO: context-infused prompt learning for biomedical entity linking.
|IEEE/ACM Trans Audio Speech Lang Process. 2024;32(2023):374-385. [doi: 10.1109/taslp.2023.3331149]

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 19

(page number not for citation purposes)


https://www.medrxiv.org/content/10.1101/2023.11.08.23298225v1
http://dx.doi.org/10.1101/2023.11.08.23298225
http://dx.doi.org/10.1161/circ.148.suppl_1.16401
http://dx.doi.org/10.18653/v1/2023.clinicalnlp-1.17
https://europepmc.org/abstract/MED/37798360
http://dx.doi.org/10.1038/s41433-023-02772-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37798360&dopt=Abstract
https://arxiv.org/abs/2301.12473
https://arxiv.org/abs/2301.12473
http://dx.doi.org/10.48550/arXiv.2301.12473
http://dx.doi.org/10.1609/aaai.v38i16.29802
https://www.jmir.org/2023//e51501/
http://dx.doi.org/10.2196/51501
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38157230&dopt=Abstract
https://web.archive.org/web/20240307033415id_/https://assets.researchsquare.com/files/rs-3336823/v1/7c3c8e95-14ee-4a13-b7c0-0cc27487e651.pdf?c=1708503116
http://dx.doi.org/10.21203/rs.3.rs-3336823/v1
https://journals.sagepub.com/doi/abs/10.1177/21925682231224753?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/21925682231224753
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38147047&dopt=Abstract
https://europepmc.org/abstract/MED/37952206
http://dx.doi.org/10.1093/jamia/ocad218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37952206&dopt=Abstract
http://dx.doi.org/10.1145/3582515.3609559
https://mededu.jmir.org/2023//e49877/
http://dx.doi.org/10.2196/49877
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37948112&dopt=Abstract
https://europepmc.org/abstract/MED/37789676
http://dx.doi.org/10.4274/dir.2023.232417
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37789676&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2023.12.07.23299648v1
http://dx.doi.org/10.1101/2023.12.07.23299648
https://europepmc.org/abstract/MED/37303347
http://dx.doi.org/10.7759/cureus.38784
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37303347&dopt=Abstract
https://europepmc.org/abstract/MED/38093728
http://dx.doi.org/10.1097/GOX.0000000000005471
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38093728&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2666-3899(23)00288-X
http://dx.doi.org/10.1016/j.patter.2023.100887
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38264716&dopt=Abstract
https://assets-eu.researchsquare.com/files/rs-3756467/v1/264ae798-f8f8-4953-9351-9f4a4c2cf87b.pdf?c=1703192974
https://assets-eu.researchsquare.com/files/rs-3756467/v1/264ae798-f8f8-4953-9351-9f4a4c2cf87b.pdf?c=1703192974
http://dx.doi.org/10.21203/rs.3.rs-3756467/v1
http://dx.doi.org/10.18293/seke2023-025
http://dx.doi.org/10.1016/j.jbi.2023.104459
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37531999&dopt=Abstract
http://dx.doi.org/10.1109/taslp.2023.3331149
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

LiuC, Zhang S, Li C, Zhao H. CPK-Adapter: infusing medical knowledge into K-adapter with continuous prompt. 2023.
Presented at: 2023 8th International Conference on Intelligent Computing and Signal Processing (ICSP); April 21-23,
2023:1017-1023; Xi'an, China. [doi: 10.1109/icsp58490.2023.10248750]

Yeh HS, Lavergne T, Zweigenbaum P. Decorate the examples: a simple method of prompt design for biomedical relation
extraction. 2022. Presented at: Proceedings of the Thirteenth Language Resources and Evaluation Conference; August 13,
2024:3780-3787; Marseille, France. URL: https://aclanthology.org/2022.Irec-1.403

Su Z, Yu X, Chen P. EPTQA: a Chinese medical prompt learning method based on entity pair type question answering.
SSRN. 2023:24. [doi: 10.2139/ssrn.4563840]

XuH, Zhang J, Wang Z, Zhang S, Bhalerao M, Liu Y, et a. GraphPrompt: graph-based prompt templates for biomedical
synonym prediction. 2023. Presented at: Proceedings of the Association for the Advancement of Artificial Intelligence
Conference on Artificia Intelligence; February 7, 2023:10576-10584; Washington, DC, United States. [doi:

10.1609/aaai .v37i9.26256]

Chen T, Stefanidis A, Jiang Z, Su J. Improving biomedical claim detection using prompt learning approaches. 2023.
Presented at: 2023 | EEE 4th International Conference on Pattern Recognition and Machine Learning (PRML); August 4-6,
2023:369-376; Urumgi, China. [doi: 10.1109/prmi59573.2023.10348317]

XuZ, ChenY, Hu B. Improving biomedical entity linking with cross-entity interaction. 2023. Presented at: Proceedings
of the Association for the Advancement of Artificial Intelligence Conference on Artificia Intelligence; February 7,
2023:13869-13877; Washington. [doi: 10.1609/aaai.v37i11.26624]

Wang Y, Wang Y, Peng Z, Zhang F, Zhou L, Yang F. Medical text classification based on the discriminative pre-training
model and prompt-tuning. Digit Health. 2023;9:1-14. [FREE Full text] [doi: 10.1177/20552076231193213] [Medline:
37559830]

Tian X, Wang P, Mao S. Open-world biomedical knowledge probing and verification. 2023. Presented at: Proceedings of
The 12th International Joint Conference on Knowledge Graphs (1JCK G-23); December 8-9, 2023; Tokyo, Japan. URL:
https:.//ijckg2023.knowl edge-graph.j p/pages/proc/paper_3.pdf

LuK, Potash P, Lin X, SunY, Qian Z, Yuan Z, et al. Prompt discriminative language models for domain adaptation. 2023.
Presented at: Proceedings of the 5th Clinical Natural Language Processing Workshop; July 14, 2023:247-258; Toronto,
Canada. [doi: 10.18653/v1/2023.clinicalnlp-1.30]

Hu Y, Chen Y, Xu H. Towards more generalizable and accurate sentence classification in medical abstracts with less data.
JHealthc Inform Res. 2023;7(4):542-556. [doi: 10.1007/s41666-023-00141-6] [Medline: 37927376]

Taylor N, Zhang Y, Joyce DW, Gao Z, Kormilitzin A, Nevado-Holgado A. Clinical prompt learning with frozen language
models. |[EEE Trans Neural Netw Learn Syst. 2023:1-11. [doi: 10.1109/TNNL S.2023.3294633] [Medline: 37566498]
Landi I, AllevaE, Vaentine AA, Lepow LA, Charney AW. Clinical text deduplication practices for efficient pretraining
and improved clinical tasks. ArXiv. Preprint posted online on September 29, 2023. [EREE Full text] [doi:
10.48550/arXiv.2312.09469]

Sivarajkumar S, Wang Y. HealthPrompt: a zero-shot learning paradigm for clinical natural language processing. AMIA
Annu Symp Proc. 2022;2022:972-981. [FREE Full text] [Medline: 37128372]

Sivarajkumar S, Wang Y. Evaluation of healthprompt for zero-shot clinical text classification. 2023. Presented at: 2023
|EEE 11th International Conference on Healthcare Informatics (ICHI); June 26-29, 2023:492-494; Houston, TX, United
States. [doi: 10.1109/ichi57859.2023.00081]

ZhangL, LiuJ. Intent-aware prompt learning for medical question summarization. 2022. Presented at: 2022 | EEE International
Conference on Bioinformatics and Biomedicine (BIBM); December 6-8, 2022:672-679; Las Vegas, NV, United States.
[doi: 10.1109/bibm55620.2022.9995317]

AllevaE, Landi I, Shaw LJ, Bottinger E, Fuchs TJ, Ensari |. Keyword-optimized template insertion for clinical information
extraction via prompt-based learning. ArXiv. Preprint posted online on October 31, 2023. [EREE Full text] [doi:
10.48550/arXiv.2310.20089]

Cui Z, YuK, Yuan Z, Dong X, Luo W. Language inference-based learning for low-resource Chinese clinical named entity
recognition using language model. J Biomed Inform. 2024;149:104559. [doi: 10.1016/].jbi.2023.104559] [Medline:
38056702]

Ahmed A, Zeng X, Xi R, Hou M, Shah SA. MED-Prompt: anovel prompt engineering framework for medicine prediction
on free-text clinical notes. JKing Saud Univ Comput Inf Sci. 2024;36(2):1-17. [doi: 10.1016/j.jksuci.2024.101933]

LuY, LiuX,DuZ, Gao Y, Wang G. MedKPL: a heterogeneous knowledge enhanced prompt learning framework for
transferable diagnosis. J Biomed Inform. 2023;143:104417. [FREE Full text] [doi: 10.1016/j.jbi.2023.104417] [Medline:
37315832]

Cui Y, HanL, Nenadic G. MedTem2.0: prompt-based temporal classification of treatment eventsfrom discharge summaries.
2023. Presented at: Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 4:
Student Research Workshop); July 10-12, 2023:160-183; Toronto, Canada. [doi: 10.18653/v1/2023.acl-srw.27]

Wang Z, Sun J. PromptEHR: conditional electronic healthcare records generation with prompt learning. 2022. Presented
at: Proceedings of the 2022 Conference on Empirical Methodsin Natural Language Processing, Association for Computational
Linguistics, October 11, 2022:2873-2855; Abu Dhabi, United Arab Emirates. [doi: 10.18653/v1/2022.emnlp-main.185]

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 20

(page number not for citation purposes)


http://dx.doi.org/10.1109/icsp58490.2023.10248750
https://aclanthology.org/2022.lrec-1.403
http://dx.doi.org/10.2139/ssrn.4563840
http://dx.doi.org/10.1609/aaai.v37i9.26256
http://dx.doi.org/10.1109/prml59573.2023.10348317
http://dx.doi.org/10.1609/aaai.v37i11.26624
https://journals.sagepub.com/doi/10.1177/20552076231193213?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076231193213
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37559830&dopt=Abstract
https://ijckg2023.knowledge-graph.jp/pages/proc/paper_3.pdf
http://dx.doi.org/10.18653/v1/2023.clinicalnlp-1.30
http://dx.doi.org/10.1007/s41666-023-00141-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37927376&dopt=Abstract
http://dx.doi.org/10.1109/TNNLS.2023.3294633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37566498&dopt=Abstract
https://arxiv.org/abs/2312.09469
http://dx.doi.org/10.48550/arXiv.2312.09469
https://europepmc.org/abstract/MED/37128372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37128372&dopt=Abstract
http://dx.doi.org/10.1109/ichi57859.2023.00081
http://dx.doi.org/10.1109/bibm55620.2022.9995317
https://arxiv.org/abs/2310.20089
http://dx.doi.org/10.48550/arXiv.2310.20089
http://dx.doi.org/10.1016/j.jbi.2023.104559
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38056702&dopt=Abstract
http://dx.doi.org/10.1016/j.jksuci.2024.101933
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(23)00138-7
http://dx.doi.org/10.1016/j.jbi.2023.104417
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37315832&dopt=Abstract
http://dx.doi.org/10.18653/v1/2023.acl-srw.27
http://dx.doi.org/10.18653/v1/2022.emnlp-main.185
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

Wang S, Tang L, Majety A, Rousseau JF, Shih G, Ding Y, et al. Trustworthy assertion classification through prompting.
JBiomed Inform. 2022;132:104139. [FREE Full text] [doi: 10.1016/j.jbi.2022.104139] [Medline: 35811026]

Yao Z, Tsai J, LiuW, Levy DA, Druhl E, Reisman JI, et al. Automated identification of eviction status from electronic
health record notes. JAm Med Inform Assoc. 2023;30(8):1429-1437. [FREE Full text] [doi: 10.1093/jamia/ocad081]
[Medline: 37203429]

Kwon S, Wang X, Liu W, Druhl E, Sung ML, Reisman JI, et al. ODD: a benchmark dataset for the natural language
processing based opioid related aberrant behavior detection. 2024. Presented at: Proceedings of the 2024 Conference of
the North American Chapter of the Association for Computational Linguistics: Human Language Technologies; June 16,
2024:1-22; Mexico City. [doi: 10.18653/v1/2024.naacl-long.244]

Su J, Zhang J, Peng P, Wang H. EGDE: aframework for bridging the gap in medical zero-shot relation triplet extraction.
2023. Presented at: 2023 | EEE I nternational Conference on Bioinformaticsand Biomedicine (BIBM); December 5-8, 2023;
Istanbul, Turkiye. [doi: 10.1109/bibm58861.2023.10385666]

Li Q,Wang Y, You T, Lu Y. BioKnowPrompt: incorporating imprecise knowledge into prompt-tuning verbalizer with
biomedical text for relation extraction. Inf Sci. 2022;617:346-358. [doi: 10.1016/j.ins.2022.10.063]

Peng C, Yang X, Chen A, Yu Z, Smith KE, Costa AB, et a. Generative large |anguage models are all-purpose text analytics
engines: text-to-text learning is all your need. JAm Med Inform Assoc. Sep 01, 2024;31(9):1892-1903. [FREE Full text]
[doi: 10.1093/jamia/ocae078] [Medline: 38630580]

Peng C, Yang X, Smith KE, Yu Z, Chen A, Bian J, et al. Model tuning or prompt tuning? A study of large language models
for clinical concept and relation extraction. J Biomed Inform. 2024;153:104630. [FREE Full text] [doi:
10.1016/].jbi.2024.104630] [Medline: 38548007]

Duan J, LuF, Liu J. MVP: optimizing multi-view prompts for medical dialogue summarization. 2023. Presented at: 2023
|EEE International Conference on Bioinformatics and Biomedicine (BIBM); December 5-8, 2023; Istanbul, Turkiye. [doi:
10.1109/bibm58861.2023.10385916]

Rohanian O, Jauncey H, Nouriborji M, Kumar V, Gonalves BP, Kartsonaki C, et al. Using bottleneck adapters to identify
cancer in clinical notes under low-resource constraints. 2023. Presented at: The 22nd Workshop on Biomedical Natural
Language Processing and BioNL P Shared Tasks; July 23, 2023:6239-6278; Toronto, Canada. [doi:
10.18653/v1/2023.bionlp-1.5]

Elfrink A, Vagliano |, Abu-Hanna A, Calixto I. Soft-prompt tuning to predict lung cancer using primary care free-text
Dutch medical notes. In: Artificial Intelligence in Medicine. Cham. Springer Nature Switzerland; 2023:193-198.

Singh Rawat BP, Yu H. Parameter efficient transfer learning for suicide attempt and ideation detection. 2022. Presented
at: Proceedings of the 13th International Workshop on Health Text Mining and Information Analysis (LOUHI); September
7, 2022:108-115; Abu Dhabi, United Arab Emirates. [doi: 10.18653/v1/2022.1ouhi-1.13]

Xu S, Wan X, Hu S, Zhou M, Xu T, Wang H, et al. COSSUM : towards conversation-oriented structured summarization
for automatic medical insurance assessment. 2022. Presented at: Proceedings of the 28th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining; August 14-18, 2022:4248-4256; Washington, DC, United States. [doi:
10.1145/3534678.3539116)]

Shaitarova A, Zaghir J, Lavelli A, Krauthammer M, Rinaldi F. Exploring the latest highlights in medical natural language
processing across multiple languages: a survey. Yearb Med Inform. 2023;32(1):230-243. [FREE Full text] [doi:
10.1055/s-0043-1768726] [Medline: 38147865]

DingN, Hu S, Zhao W, Chen Y, Liu Z, Zheng HT, et a. OpenPrompt: an open-source framework for prompt-learning.
ArXiv. Preprint posted online on November 3, 2021. [FREE Full text] [doi: 10.48550/arXiv.2111.01998]

Ducel F, Fort K, Lejeune G, Lepage Y. Do we name the languages we study? The #BenderRulein LREC and ACL articles.
2022. Presented at: Proceedings of the Thirteenth Language Resources and Evaluation Conference; June 20-25, 2022:564-573;
Marseille, France. URL: https.//aclanthol ogy.org/2022.Irec-1.60

LuoY, Yang Z, Meng F, Li Y, Zhou J, Zhang Y. An empirical study of catastrophic forgetting in large language models
during continual fine-tuning. ArXiv. Preprint posted online on April 2, 2024. [EREE Full text] [doi:
10.48550/arXiv.2308.08747]

Abbreviations

BERT: Bidirectional Encoder Representations From Transformers
CoT: chain-of-thought

LLM: largelanguage model

MCQ: multiple-choice question

MLM: masked language modeling

NLP: natural language processing

PD: prompt design

PL: prompt learning

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 21

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(22)00153-8
http://dx.doi.org/10.1016/j.jbi.2022.104139
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35811026&dopt=Abstract
https://europepmc.org/abstract/MED/37203429
http://dx.doi.org/10.1093/jamia/ocad081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37203429&dopt=Abstract
http://dx.doi.org/10.18653/v1/2024.naacl-long.244
http://dx.doi.org/10.1109/bibm58861.2023.10385666
http://dx.doi.org/10.1016/j.ins.2022.10.063
https://academic.oup.com/jamia/advance-article-abstract/doi/10.1093/jamia/ocae078/7648661?redirectedFrom=fulltext
http://dx.doi.org/10.1093/jamia/ocae078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38630580&dopt=Abstract
https://europepmc.org/abstract/MED/38548007
http://dx.doi.org/10.1016/j.jbi.2024.104630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38548007&dopt=Abstract
http://dx.doi.org/10.1109/bibm58861.2023.10385916
http://dx.doi.org/10.18653/v1/2023.bionlp-1.5
http://dx.doi.org/10.18653/v1/2022.louhi-1.13
http://dx.doi.org/10.1145/3534678.3539116
http://www.thieme-connect.com/DOI/DOI?10.1055/s-0043-1768726
http://dx.doi.org/10.1055/s-0043-1768726
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38147865&dopt=Abstract
https://arxiv.org/abs/2111.01998
http://dx.doi.org/10.48550/arXiv.2111.01998
https://aclanthology.org/2022.lrec-1.60
https://arxiv.org/abs/2308.08747
http://dx.doi.org/10.48550/arXiv.2308.08747
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zaghir et &

PRISMA-ScR: Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping
Reviews
PT: prompt tuning

Edited by T de Azevedo Cardoso; submitted 14.05.24; peer-reviewed by B Bhasuran, D Hu, A Jain; comments to author 03.07.24;
revised version received 09.07.24; accepted 22.07.24; published 10.09.24

Please cite as:

Zaghir J, Naguib M, Bjelogrlic M, Névéol A, Tannier X, LovisC

Prompt Engineering Paradigms for Medical Applications: Scoping Review
J Med Internet Res 2024; 26:€60501

URL: https://www.jmir.org/2024/1/e60501

doi: 10.2196/60501

PMID: 39255030

©Jamil Zaghir, Marco Naguib, Mina Bjelogrlic, Aurélie Névéol, Xavier Tannier, Christian Lovis. Originaly published in the
Journal of Medical Internet Research (https://www.jmir.org), 10.09.2024. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original publication on
https://www.jmir.org/, as well as this copyright and license information must be included.

https://www.jmir.org/2024/1/e60501 JMed Internet Res 2024 | vol. 26 | e60501 | p. 22
(page number not for citation purposes)

RenderX


https://www.jmir.org/2024/1/e60501
http://dx.doi.org/10.2196/60501
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39255030&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

