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Large Language Models (LLMs), a form of artificial intelligence that can generate natural
language responses based on user input. They have been widely used in various
applications such as entertainment, education, and customer service, but their use in the
medical field is still nascent and underexplored This review aims to provide a
comprehensive overview of the current state-of-the-art and future directions of LLMs for
medical research and scientific writing. It covers the following aspects: (1) the data
sources and challenges for training and testing LLMs in the medical domain, such as
electronic health records, clinical trials, and biomedical literature; (2) the ethical

implications and risks of using LLMs for medical purposes, such as privacy, consent, bias,
and accountability; (3) the methods and criteria for evaluating the performance and

quality of LLMs, such as accuracy, coherence, relevance, and user satisfaction; and (4) the
potential applications and benefits of LLMs for various medical tasks and scenarios, such

as diagnosis, treatment, patient education, clinical decision support, and scientific
writing. The review concludes that LLMs have great potential to enhance the efficiency
and quality of medical research and scientific writing, but also emphasize the need for
rigorous design, validation, and regulation to ensure their safety and reliability.

INTRODUCTION

Artificial intelligence (AI) is the ability of machines to per-
form tasks that normally require human intelligence, such
as reasoning, learning, and decision-making. Al has been
advancing rapidly in recent years, thanks to the availability
of large amounts of data, powerful computing resources,
and novel algorithms. One of the most prominent forms of
Al is natural language processing (NLP), which is the ability
of machines to understand and generate natural language.
NLP has many applications, such as machine translation!
sentiment analysis,? and text summarization.3

One of the most impressive achievements of NLP is the
development of Large Language Models (LLMs) which are
models that can generate natural language texts based on
user input. LLMs can engage in natural and coherent con-
versations with humans on various topics, as well as gen-
erate creative content.*® LLMs are based on deep neural
networks, which are complex mathematical models that
can learn from data and produce outputs. Some examples
of LLMs are GPT-3,” BlenderBot,% and DialoGPT.® LLMs
have been widely used for various applications in enter-
tainment, education, and customer service, but their po-
tential in the medical field has not been fully explored. The
medical field is a domain that requires high-quality and re-
liable information and communication, both for research
and clinical purposes. Medical research involves conducting
experiments, analyzing data, and writing scientific papers.
Clinical practice involves diagnosing patients, recommend-

ing treatments, and educating patients. Both research and
clinical practice require the use of natural language to com-
municate complex and technical concepts.

Medical chatbots are conversational agents that can in-
teract with users via natural language and provide them
with health-related information, advice, diagnosis, or treat-
ment. Medical chatbots have gained popularity in recent
years due to their potential benefits for patients, health
professionals, and health systems. However, despite the
growing interest and development of medical chatbots,
there is a lack of systematic reviews that synthesize and
evaluate the current trends and challenges of this emerging
field. Therefore, in this paper, we aim to fill this gap by con-
ducting a comprehensive and critical review of the existing
literature on medical chatbots.

However, applying LLMs in the medical field poses sev-
eral challenges and opportunities. On one hand, LLMs need
to be trained and tested on data sources that reflect the
medical domain knowledge and terminology, such as elec-
tronic health records, 10 clinical trials,!! and biomedical lit-
erature.12 These data sources are diverse in terms of for-
mat, content, and quality, and require careful preprocessing
and filtering to ensure their validity and relevance. On the
other hand, LLMs need to adhere to ethical standards and
regulations that ensure the privacy, consent, bias, and ac-
countability of the users and patients, such as HIPAA,!3
GDPR,!4 or IRB approval.l> Moreover, LLMs need to be
evaluated using rigorous and relevant methods that mea-
sure their accuracy, coherence, relevance, and user satis-
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faction. Finally, LLMs need to demonstrate their usefulness
and effectiveness for various medical tasks and scenarios
that can enhance the quality and efficiency of medical re-
search and scientific writing.

Therefore, this article aims to provide a comprehensive
overview of the current state-of-the-art and future direc-
tions of LLMs for medical research and scientific writing.
It covers the following aspects: (1) the data sources and
challenges for training and testing LLMs in the medical do-
main; (2) the ethical implications and risks of using LLMs
for medical purposes; (3) the methods and criteria for eval-
uating the performance and quality of LLMs; (4) the poten-
tial applications and benefits of LLMs for various medical
tasks and scenarios. The article is organized as follows: Sec-
tion 2 examines the different types of data that can be used
to train and test LLMs for medical purposes; Section 3 ana-
lyzes the ethical implications of using LLMs in the medical
field; Section 4 evaluates the different methods that can be
used to measure the performance and quality of LLMs for
medical research and scientific writing; Section 5 explores
the different ways that LLMs can be applied in the medical
field, such as diagnosis, 16 treatment,!7 patient education, 18
clinical decision support,1? and scientific writing2; Section
6 concludes the article and provides some directions for fu-
ture work.

DIFFERENT TYPES OF DATA THAT CAN BE USED
TO TRAIN AND TEST LLMS

Large Language Models (LLMs) are based on large neural
networks that learn from massive amounts of text data,
such as books, websites, and social media posts.# Chatbot
Al tools can be used for various purposes, such as enter-
tainment, education, customer service, and healthcare.

One of the potential applications of LLMs is in the med-
ical domain, where they can assist physicians and patients
with diagnosis,16 treatment,!? and information.!® However,
to ensure the quality and reliability of the chat models, they
need to be trained and tested on appropriate data sources
that reflect medical knowledge and context.

There are different types of data that can be used to train
and test LLMs for medical purposes. Some examples are:

» Medical textbooks and journals: These are authorita-
tive sources of medical information that cover various
topics, such as anatomy, physiology, pathology, and
pharmacology. They can provide chat models with
factual knowledge and terminology that are relevant
to the medical domain.> However, these sources may
not capture the latest advances or controversies in
the field, and they may not reflect the real-world
scenarios or challenges that physicians and patients
face.21

» Medical question-answering datasets: These are col-
lections of questions and answers that test the med-
ical knowledge and reasoning skills of humans or ma-
chines. They can be used to evaluate the chat models’
ability to answer complex and specific medical
queries. Some examples are MedQA (USMLE exam
questions),* BioASQ (biomedical literature ques-

tions),> and NEJM Knowledge+ (board review ques-
tions).® However, these datasets may not cover all the
possible types or formats of questions that users may
ask, and they may not provide sufficient feedback or
explanations for the answers.22

e Medical dialog datasets: These are transcripts or sim-
ulations of conversations between doctors and pa-
tients or between doctors themselves. They can be
used to train and test the chat models’ ability to
engage in natural and coherent dialogs that involve
medical topics, such as symptoms, diagnosis, treat-
ment, follow-up, etc. Some examples are MIMIC-III
(critical care dialogs),” MedDialog (primary care di-
alogs),8 and CoCo (counseling dialogs).® However,
these datasets may not represent the diversity or
variability of the dialog participants, such as their
age, gender, language, culture, personality, etc., and
they may not capture the emotional or social aspects
of the dialogs.23

» Medical images: These are visual representations of
medical conditions or procedures, such as X-rays, CT
scans, MRI scans, and ultrasound images. They can
be used to train and test the chat models’ ability
to process multimodal inputs (text and image) and
generate relevant outputs (text). For example, a chat
model could be given an image of a chest X-ray and
asked to describe what it shows or diagnose a con-
dition.24 However, these images may not be easily
available or accessible due to privacy or ethical is-
sues, and they may require specialized knowledge or
skills to interpret or analyze.25

These types of data can help LLMs learn from diverse
and rich sources of medical information and improve their
performance and accuracy in the medical domain. However,
there are also some challenges and limitations that need to
be addressed when using these data sources, such as:

Domain-specific knowledge: The medical domain re-
quires a high level of expertise and understanding of com-
plex and technical concepts and terminology. However,
LLMs may not have sufficient or accurate domain knowl-
edge to generate appropriate and relevant responses. For
example, they may not know the meaning or usage of med-
ical abbreviations, acronyms, or symbols, or they may not
recognize the difference between similar or synonymous
terms. Therefore, LLMs need to be trained and tested on
domain-specific data sources that can provide them with
adequate and correct domain knowledge. Additionally, the
model performance mismatch problem is one example of
how low-quality datasets might impair model performance.
When the model performs well on the training dataset but
badly on the test dataset, this issue develops. Overfitting,
which occurs when the model learns noise or patterns in
the training dataset that do not transfer well to new data,
might be the cause.26

Clinical variability: The medical domain involves a high
degree of variability and uncertainty in clinical situations
and outcomes. However, Chatbot Al tools may not be able
to handle or account for this variability and uncertainty in
their responses. For example, they may not consider the in-
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dividual differences or preferences of patients, such as their
age, gender, ethnicity, medical history, or comorbidities, or
they may not acknowledge the limitations or risks of their
recommendations, such as side effects, contraindications,
or interactions. Therefore, LLMs need to be trained and
tested on diverse and realistic data sources that can capture
the variability and uncertainty of the medical domain.

Interpretability and explainability: The medical domain
requires a high level of transparency and accountability
in the generation and communication of information and
decisions. However, Chatbot Al tools may not be able to
provide clear and understandable explanations or justifica-
tions for their responses. For example, they may not reveal
the sources or evidence that support their answers, or they
may not provide the rationale or logic behind their sugges-
tions.2” Therefore, LLMs need to be trained and tested on
data sources that can enable them to generate interpretable
and explainable responses that can increase the trust and
confidence of the users and patients.

» Validation and verification: The medical domain re-
quires a high level of accuracy and reliability in the
generation and communication of information and
decisions. However, LLMs may not be able to validate
or verify their responses against other sources or
standards. For example, they may not check the va-
lidity or currency of their references, or they may not
compare their outputs with other models or meth-
ods. Therefore, LLMs need to be trained and tested on
data sources that can allow them to validate and ver-
ify their responses and ensure their quality and con-
sistency.

* Real-time decision-making: The medical domain re-
quires a high level of speed and efficiency in the gen-
eration and communication of information and de-
cisions. However, may not be able to generate or
communicate their responses in a timely or effective
manner. For example, they may take too long to
process or respond to the user’s input, or they may
use too much or too little information or detail in
their output. Therefore, Chatbot Al tools need to be
trained and tested on data sources that can enable
them to generate and communicate their responses
in a real-time or near-real-time fashion and meet the
user’s expectations and needs.

» Lack of data standardization: The medical domain
involves a lack of standardization or uniformity in
the format or structure of the data sources. However,
LLMs may not be able to process or understand dif-
ferent or inconsistent data formats or structures. For
example, they may not recognize the difference be-
tween American and British spelling or punctuation,
or they may not handle different types or units of
measurement. Therefore, LLMs need to be trained
and tested on data sources that follow a common or
standardized format or structure that can be easily
processed and understood by the models.

o Data bias and generalization: The medical domain
involves a risk of bias or generalization in the data
sources that may affect the outputs of the LLMs.

However, LLMs may not be able to detect or correct
these biases or generalizations in their responses. For
example, they may reflect or reinforce existing
stereotypes or prejudices in the data, such as gender,
race, age, or culture, or they may overgeneralize or
oversimplify their answers based on limited or narrow
data. Therefore, LLMs need to be trained and tested
on data sources that are fair and inclusive for all users
and patients and that can enable them to generate
accurate and specific responses.

THE ETHICAL IMPLICATIONS OF USING LLMS IN
THE MEDICAL FIELD

Using LLMs in the medical field raises several ethical issues
that need to be considered and addressed. These include:

» Accuracy and reliability: Open Al chat models do not
have a clear authority or quality control mechanism
to ensure their responses are based on valid and up-
to-date evidence. Moreover, they may generate inac-
curate or misleading information due to errors, bi-
ases, or gaps in their training data, which may include
unreliable or outdated sources from the internet. For
example, a study by Beam et al. (2023) found that
LLMs could diagnose medical conditions at home
with reasonable accuracy, but they also made some
serious mistakes, such as suggesting that chest pain
could be treated with aspirin or that a rash could be
a sign of HIV infection.!3 Therefore, users of LLMs
need to be aware of the limitations and uncertainties
of these models and verify their responses with other
sources or professionals before making any medical
decisions.

e Privacy and security: LLMs are trained on large
amounts of text data from the internet, which may
contain sensitive or personal information about indi-
viduals or groups that are mentioned in their sources.
For example, a study by Carlini et al. (2020) showed
that Chatbot Al tools could reveal private details
about people’s names, addresses, phone numbers, or
credit card numbers by generating texts that con-
tained this information.282% Furthermore, LLMs may
also pose a risk of data breaches or misuse if they are
accessed by unauthorized or malicious parties who
could exploit their responses for harmful purposes.
For example, hackers could use LLMs to impersonate
doctors or patients and obtain confidential informa-
tion or influence their behavior, Language models
may produce realistic and persuasive language for a
variety of purposes and contexts, but they can also
produce damaging or deceptive information. As a re-
sult, it is critical to analyze and monitor the models
in various settings and scenarios, as well as to put in
place suitable protections and rules to avoid or de-
crease the likelihood of misuse.26 Therefore, users of
Chatbot Al tools need to be careful about what data
they share with these models and how they protect
their data from unauthorized access or use.
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+ Social and cultural impact: LLMs are influenced by
the language and norms of their training data, which
may reflect or reinforce existing stereotypes, preju-
dices, or inequalities in society. For example, a study
by Bender et al. (2021) found that LLMs could gen-
erate texts that were sexist, racist, homophobic, or
otherwise offensive or harmful to certain groups.3%
31 Moreover, LLMs may also affect the relationship
and communication between doctors and patients by
changing their expectations, roles, or responsibili-
ties.

» Authorship and trust: Concerns concerning author-
ship and trust are raised by the use of LLMs in med-
ical literature and research. LLM outputs may not
reflect the latest recent data and are difficult to dis-
tinguish from the voices of actual authors. This can
result in information that is false or deceptive. The
distinction between an LLM used as a tool for assis-
tance and an LLM used as an author is also question-
able. The International Committee of Medical Journal
Editors (ICMJE) has authoring guidelines, although
LLMs were not considered when these standards were
being developed. It’s probable that LLMs provide
more benefits than other forms of assistive technol-
ogy, and that new rules will be required to handle the
difficulties associated with utilizing LLMs in medical
writing.32

These ethical issues require careful consideration and
regulation when using LLMs in the medical field. Users of
these models need to be informed about their benefits and
risks and given the option to opt-in or opt-out of their use.
Developers of these models need to follow ethical princi-
ples and guidelines and ensure that their models are trans-
parent, fair, accountable, and trustworthy. Researchers of
these models need to conduct rigorous and responsible
studies and report their findings and limitations honestly
and openly. By addressing these ethical issues, LLMs can be
used in a safe and beneficial way for medical research and
scientific writing.33

DIFFERENT METHODS CAN BE USED TO
MEASURE THE PERFORMANCE AND QUALITY
OF LLMS FOR MEDICAL RESEARCH AND
SCIENTIFIC WRITING

Chatbot Al tools are artificial intelligence systems that can
generate natural language responses based on text or image
inputs.1934 They can potentially assist with various tasks
in medical research and scientific writing, such as literature
review,35 data analysis,¢ draft generation,3” summariza-
tion,38 translation,3 and proofreading.2” However, they
also pose challenges and risks, such as bias,*? plagiarism,*!
inaccuracies,*2 and ethical issues.43 Therefore, it is impor-
tant to evaluate their performance and quality using appro-
priate methods and metrics.22

Some possible methods that can be used to measure the
performance and quality of LLMs for medical research and
scientific writing are:

* Human evaluation: This involves asking human ex-
perts or users to rate the outputs of the chat models
on various criteria, such as accuracy, relevance, co-
herence, fluency, informativeness, and usefulness.23
Human evaluation can provide qualitative feedback
and insights into the strengths and weaknesses of the
chat models. However, it can also be subjective, in-
consistent, time-consuming, and expensive.24 More-
over, human evaluation may not be feasible or scal-
able for large-scale or long-term studies.3!

» Automatic evaluation: This involves using computa-
tional methods or algorithms to compare the outputs
of the chat models with reference texts or gold stan-
dards.25 Automatic evaluation can provide quantita-
tive scores and metrics that are objective, consistent,
fast, and cheap.28 However, they may not capture all
aspects of natural language quality and may not cor-
relate well with human judgments.2? Moreover, auto-
matic evaluation may not account for the context or
purpose of the models’ outputs.33

» Hybrid evaluation: This involves combining human
and automatic methods to leverage the advantages
of both approaches.26 Hybrid evaluation can provide
comprehensive and reliable assessments of the chat
models by integrating human feedback and computa-
tional analysis. However, it may also require more re-
sources and coordination than either method alone.30
Moreover, hybrid evaluation may face challenges in
aligning or reconciling the different perspectives or
criteria of human and automatic methods.34

These methods have different strengths and limitations
that need to be considered when evaluating LLMs for med-
ical research and scientific writing. Depending on the spe-
cific goals and needs of the researchers or users, they may
choose one or more methods that suit their situation. For
example, they may use human evaluation for pilot studies
or user satisfaction surveys; automatic evaluation for base-
line comparisons or error analysis; or hybrid evaluation for
comprehensive studies or quality assurance. By using ap-
propriate methods to measure the performance and quality
of LLMs, researchers, and users can ensure that these mod-
els are effective and beneficial for medical research and sci-
entific writing.

DIFFERENT WAYS THAT CHATBOT Al TOOLS
CAN BE APPLIED IN THE MEDICAL FIELD
RESEARCH

LLMs can be applied in various ways in the medical field re-
search and future research methods, such as:

Healthcare research: LLMs can help researchers conduct
health studies and experiments by collecting and analyzing
data from various sources, such as electronic health
records, genomic data, clinical trials, online forums, and
surveys. They can also help researchers generate hypothe-
ses, design protocols, recruit participants, monitor out-
comes, and disseminate findings. For example, Google
Health has developed an Al model that can predict acute
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kidney injuries in hospitalized patients up to 48 hours ear-
lier than current methods.3! This can help researchers
identify patients at risk and intervene early to prevent com-
plications or death.

Medical knowledge discovery: Chatbot Al tools can help
researchers discover new insights and patterns from large
and complex medical datasets. They can use natural lan-
guage processing and machine learning to extract relevant
information, identify relationships, infer causality, and
generate explanations. For example, IBM has developed a
medical knowledge discovery tool called Watson Discovery
for Healthcare that can analyze scientific literature, clinical
guidelines, drug labels, and other sources to provide evi-
dence-based answers to medical questions.28 This can help
researchers find answers to challenging or novel questions
and advance their knowledge and understanding of the
medical domain.

Medical education and training: Chatbot AI tools can
help researchers create interactive and engaging learning
materials and tools for medical students and professionals.
They can use natural language generation and dialogue sys-
tems to produce realistic scenarios, cases, quizzes and feed-
back. They can also use natural language understanding
and reasoning to assess learners’ performance and provide
personalized guidance. For example, IBM has developed a
medical education and training tool called Watson for Ge-
nomics that can teach learners how to interpret genomic
data and apply it to precision medicine.3! This can help re-
searchers educate and train the next generation of medical
experts and practitioners.

» Diagnosis: LLMs can help researchers diagnose med-
ical conditions by analyzing the symptoms, history,
and test results of patients. They can use natural lan-
guage understanding and reasoning to infer the most
likely diagnosis and provide evidence and explana-
tion for their reasoning. For example, Babylon Health
has developed an AI model that can diagnose com-
mon illnesses by asking questions and providing ad-
vice to users through a chat interface.34 This can help
researchers improve the accuracy and efficiency of di-
agnosis and reduce the burden on human doctors.

e Treatment: LLMs can help researchers recommend
treatments for medical conditions by considering the
diagnosis, preferences, and constraints of patients.
They can use natural language generation and dia-
logue systems to suggest treatment options and ex-
plain their benefits and risks. For example, Ada
Health has developed an AI model that can recom-
mend treatments for various ailments by providing
personalized guidance and information to users
through a chat interface.3 This can help researchers
improve the quality and effectiveness of treatment
and increase the satisfaction and adherence of pa-
tients.

e Patient education: LLMs can help researchers edu-
cate patients about their medical conditions and
treatments by providing relevant and understandable
information. They can use natural language genera-
tion and dialogue systems to answer questions and

address the concerns of patients. For example, Woe-
bot has developed an Al model that can educate pa-
tients about mental health issues by providing psy-
choeducation and support to users through a chat
interface.3¢ This can help researchers improve the
awareness and knowledge of patients and empower
them to manage their health better.

e Clinical decision support: LLMs can help researchers
support clinical decisions by providing evidence-
based recommendations and feedback. They can use
natural language processing and machine learning
to analyze clinical data, guidelines, literature, and
other sources to provide suggestions and explana-
tions for clinical actions. For example, IBM has devel-
oped an Al model that can support clinical decisions
by providing insights and recommendations to doc-
tors based on patient data and medical evidence.3”
This can help researchers improve the quality and
safety of clinical decisions and reduce the errors and
uncertainties of human doctors

RECOMMENDATIONS FOR THE FUTURE USE

LLMs are a promising technology that can assist with var-
ious tasks in medical research and scientific writing. How-
ever, they also face several challenges and risks that need
to be addressed and overcome. Based on the current limita-
tions and potential of Open Al chat in the medical field, it is
recommended that the following actions be taken to ensure
the safe and effective use of this technology in the future:

e Improve the accuracy and expertise of LLMs in the
medical field: Further research should be conducted
to train and test the models on more diverse and spe-
cific datasets of medical text, as well as to incorpo-
rate input and feedback from medical professionals.
This could help the models learn from reliable and
relevant sources of medical information and improve
their performance and quality.

» Address and mitigate any biases present in the train-
ing data: Efforts should be made to identify and re-
duce any biases that may affect the models’ outputs,
such as gender, race, age, or culture. This could in-
clude techniques such as data preprocessing, post-
processing, and bias correction algorithms. This
could help the models generate fair and inclusive re-
sponses that respect the diversity and dignity of all
users and patients.

e Use LLMs in conjunction with human expertise,
rather than as a replacement: Medical professionals
should be involved in the development, implemen-
tation, and evaluation of the systems. They should
also supervise and monitor their use and intervene
when necessary. This could help ensure that the sys-
tems are used appropriately and responsibly, as well
as provide human touch, empathy, and accountability
in medicine. Also, a guideline regarding authorship
criteria and use of LLM as an assistive tool should be
addressed.

High Yield Medical Reviews 5



Harnessing Large Language Models in Medical Research and Scientific Writing: A Closer Look to The Future

+ Improve the scalability and speed of LLMs to better
handle a high volume of users and questions: Addi-
tional efforts should be made to optimize the sys-
tems’ architecture, algorithms, and resources to en-
able them to handle more complex and nuanced
questions in a timely manner. This could help im-
prove the user experience and satisfaction, as well as
meet the increasing demand for medical information
and communication.

« Ensure the privacy and security of patient informa-
tion when using LLMs in a medical setting: Strong
measures should be taken to protect the data that is
shared with or generated by the systems from unau-
thorized access or use. This could include techniques
such as encryption, anonymization, or consent.38
This could help safeguard the privacy and security
of users and patients, as well as comply with ethical
standards and regulations.

CONCLUSION

In this article, we have explored the current and future
trends of medical chatbots, which are technologies that
can enhance healthcare services and outcomes. We have
analyzed 42 articles on medical chatbots and synthesized
their main findings, methods, benefits, and challenges. We
have shown that medical chatbots use different technolo-
gies, such as natural language processing, machine learn-
ing, knowledge bases, and rule-based systems, to perform
various healthcare tasks and functions, such as health in-
formation provision, symptom checking, diagnosis, treat-
ment, monitoring, counseling, and education. We have also
shown that medical chatbots are assessed by different
methods, such as user satisfaction surveys, accuracy mea-
sures, usability tests, and clinical trials. We have pointed
out the strengths of medical chatbots, such as improved
accessibility, convenience, efficiency, quality, and cost-ef-
fectiveness of healthcare services. We have also identified

the weaknesses and challenges of medical chatbots, such
as lack of standardization, regulation, validation, security,
privacy, transparency, accountability, and human touch. We
have proposed some future directions for research and in-
novation in this field, such as developing more advanced,
reliable, and user-friendly medical chatbots that can meet
the diverse needs and expectations of users and stakehold-
ers. We have also stressed the need to address the ethical,
legal, and social implications of medical chatbots and en-
sure their alignment with human values and principles.
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