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Abstract

Background: The use of artificial intelligence (AI) has gained rapid uptake in academic, scientific, and medical writing. While it
can be helpful in summarising data and providing opinions, some studies have demonstrated limitations in accuracy and potential
bias.

Objective: This study aims to assess the accuracy of academic writing in the context of general surgery and urology topics and
their suitability for use in scientific publications.

Methods: 20 subject matter experts provided 20 questions each for 9 General Surgery and Urology subspecialties. The questions
were further classified into 4 categories: epidemiology, pathophysiology, clinical management, and surgical techniques. These
questions were submitted to ChatGPT v3.5 requesting for 10 answers for each question using the following prompt “Write me 10
points on XXX, for submission to JAMA medical journal for publication, providing different reference for each point”. The
primary outcomes rated by subject matter experts were: accuracy and breadth of the answers; language used in medical writing;
number and accuracy of the references. Secondary outcome measured was the ability to detect AI-generated text using Giant
Language-model Test Room (GLTR).

Results: There were 180 questions posed to ChatGPT, with 120 General surgery (68.6%) and 60 Urology questions (31.4%).
Overall accuracy of information provided in the answers was 1560/1800 (86.7%), with good overall breadth 163/180 (90.5%)
and language 167/180 (92.7%). Answers provided for General Surgery were significantly more accurate than Urology (90.0% vs
79.6%, p<0.001). Only 5.5.% of references provided were true published references, with the majority being fictitious.  Subgroup
analysis showed a statistical difference in accuracy between the 4 categories of epidemiology (402/405, 89.3%), pathophysiology
(404/450, 89.8%), clinical management (387/450, 86.0%), and surgical techniques (370/450, 82.2%) questions (p<0.001).  For
the secondary outcomes, frac(p) was 0.994, indicating that almost all statements were identified to be AI generated.

Conclusions: While the information provided in ChatGPT is accurate with sufficient breadth and with appropriate medical
academic language, its quotation of fictitious references limits its use for academic writing.
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Abstract

Background: The use of artificial intelligence (AI) has gained rapid uptake in academic, scientific, and medical
writing. While it can be helpful in summarising data and providing opinions, some studies have demonstrated
limitations in accuracy and potential bias. 
Objective: This study aims to assess the accuracy of academic writing in the context of general surgery and
urology topics and their suitability for use in scientific publications.
Methods: 20  subject  matter  experts  provided  20  questions  each  for  9  General  Surgery  and  Urology
subspecialties.  The  questions  were  further  classified  into  4  categories:  epidemiology,  pathophysiology,
clinical management, and surgical techniques. These questions were submitted to ChatGPT v3.5 requesting
for 10 answers for each question using the following prompt “Write me 10 points on XXX, for submission to
JAMA medical journal for publication, providing different reference for each point”. The primary outcomes
rated  by  subject  matter  experts  were:  accuracy  and breadth of  the  answers;  language used in  medical
writing; number and accuracy of the references. Secondary outcome measured was the ability to detect AI-
generated text using Giant Language-model Test Room (GLTR).
Results:  There were 180 questions posed to ChatGPT, with 120 General surgery (68.6%) and 60 Urology
questions (31.4%). Overall accuracy of information provided in the answers was 1560/1800 (86.7%), with
good overall breadth 163/180 (90.5%) and language 167/180 (92.7%). Answers provided for General Surgery
were significantly more accurate than Urology (90.0% vs 79.6%, p<0.001). Only 5.5.% of references provided
were true published references, with the majority being fictitious.  Subgroup analysis showed a statistical
difference  in  accuracy  between  the  4  categories  of  epidemiology  (402/405,  89.3%),  pathophysiology
(404/450,  89.8%),  clinical  management  (387/450,  86.0%),  and  surgical  techniques  (370/450,  82.2%)
questions (p<0.001).  For the secondary outcomes, frac(p) was 0.994, indicating that almost all statements
were identified to be AI generated.
Conclusion:  While  the  information  provided  in  ChatGPT  is  accurate  with  sufficient  breadth  and  with
appropriate medical  academic language,  its  quotation of  fictitious references  limits  its  use for  academic
writing.

Keywords: Artificial Intelligence, Academic Writing, ChatGPT
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Introduction

Artificial intelligence (AI) is currently considered the next frontier in medical innovation, finding use in a
variety of aspects in the medical industry, from the initial use in diagnostic radiology, detecting medical errors
and  reducing  additional  paperwork  (such  as  writing  discharge  summaries),  to  recent  uses  in  drug
development, medical research editing and regulatory writing1. The use of AI has gained rapid uptake as a
powerful assistive tool in academic, scientific, and medical writing in recent years2,3.  In combination with
Natural Language Processing (NLP), generative AI has advanced to be able to provide well-rounded answers
to questions asked in natural human language4. Generative AI uses existing training data to generate new
outputs  by  observing  patterns and structures  from the  input  data  and leveraging  generative models  to
generate new data that has similar characteristics. These models rely on deep learning techniques and neural
networks to analyse and generate content closely mimicking human response5. 
ChatGPT is one of the largest large language models (LLM) developed by OpenAI, with more than 175 billion
parameters and 45 terabytes of training data5. It has been and remains free to use, with more than 10 million
users within 2 months of release. ChatGPT is a language model based on Generated Pre-trained Transformer
(GPT) architecture, utilising a large source of data for processing language tasks and text generation. This
transformer architecture trains ChatGPT through the following processes: neural network, unsupervised pre-
training, and reinforced learning from human feedback (RLHF)6.
The  neural  network  is  inspired  by  the  human  brain,  and  it  aids  the  language  model  in  analysing  and
classifying large sets of data into a network of data tokens emulating the structure of a human brain - with
interconnecting neurons organised into layers, each connection activated accordingly with appropriate inputs
to generate a response6. This allows the language model to recognise the relationship between every word,
and thus allows it to recognise the meaning of a word or phrase in context. 
The LLM undergoes unsupervised pre-training through analysing a large corpus of data to recognise and
generate  patterns  in  language,  allowing  it  to  predict  the  next  word  in  a  text,  given  the  sequence  and
arrangement of words within given text7. This process is unsupervised, meaning no inputs or prompts are
used in each language task, and a large data set is directly fed into the language model, without any human
feedback as to whether an output is appropriate5.
This process is optimised through RLHF. RLHF allows fine tuning of the language model policy with human
intervention, through (1) “supervised fine tuning” - demonstration writing of a desired output by a human
annotator, (2) development of a reward model of desired output through ranking by human labellers to rank
each output generated based on human preference,  and (3) optimisation of  the language model  policy
through reinforcement learning against the reward model. After the policy has been optimised, a different
input is then tested against the reward model to achieve proximal policy optimisation (PPO)5.
So far, generative AI has shown to be useful in summarising or scouring information. However, the quality
and reliability of this data can vary depending on the topic and data source8. Several commentaries have
acknowledged the usefulness of AI to generate text based on prompts, but also emphasised the necessity of
experts to review this information for accuracy and clarity before publication9. Although early iterations of AI
generated text were easily identifiable, generative AI has since improved significantly in its ability to generate
human-sounding responses; and researchers continue to develop various methods and tools to distinguish
between AI-generated and human-written text10,11. There are also ethical challenges that this new frontier
faces,  such as paywalls,  transparency of  machine learning sources,  as  well  as  attribution,  copyright and
plagiarism issues that have yet to be addressed in full12.
To date there is still no quantified error margin for these texts, specifically in the context of scientific writing,
despite there being commentaries that have highlighted specific scenarios where ChatGPT fabricates data 13.
Therefore, in this study, we aim to evaluate the performance of AI-generated medical writing on general
surgery (GS) and urologic topics in the context of academic writing, and to compare its content accuracy and
its ability to mimic human written content. 
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Methods

Recruitment

20 subject matter experts from the Department of Surgery at a tertiary hospital were asked to provide 20
questions  from  9  GS  and  Urology  subspecialties  (Appendix  1).  These  questions  were  classified  into
epidemiology, pathophysiology, clinical management and surgical techniques. The questions were submitted
to ChatGPT v3.5 using the following prompt: “Write me 10 points on XXXX, for submission to JAMA medical
journal for publication, providing different reference for each point”. 

Evaluation Outcomes

The primary outcomes were to evaluate the accuracy of the answers, number of references, latest year of
reference, the accuracy of each reference, breadth of the answers and the medical writing language. The
secondary outcome was the ability of the Giant Language model Test Room (GLTR) to detect the presence of
generated text in the answers14.

Statistical Analysis

The  generated  answers  were  evaluated  by  the  subject  matter  experts  within  the  specialties  of  GS  and
Urology and references were checked against existing academic databases. Overall breadth of answers as
well as medical language was assessed as Good, Moderate or Poor. The GLTR result that was reported was
frac(p), which is a measure of how confident the model is in its prediction that a word in a position within an
AI-generated text will  actually appear. Statistical significance was measured with the Chi-Square test and
ANOVA test. All statistical analysis was performed on GraphPad Prism10 (Dotmatics, MA, USA).
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Results

A total of  180 questions were submitted to ChatGPT v3.5,  comprising a total  of 120 GS (68.6%) and 60
Urology questions (31.4%). ChatGPT was then asked to generate 10 statements for each question. Overall,
subject  matter  experts  assessed  the  information provided  in  the  answers  to  be  accurate  in  1560/1800
(86.7%) of all responses. The majority of responses were also shown to have good overall breadth (90.5%)
and language used for medical writing (92.7%).
Table 1. Accuracy of information, breadth of answers, language of medical writing and accuracy of references
of all responses.

Overall

Accuracy of information Yes 1560/1800 (86.7)

No 126/1800 (7.0)

Partial 114/1800 (6.2)

Breadth Good 163/180 (90.5)

Moderate 16/180 (8.9)

Low 1/180 (0.6)

Language Good 167/180 (92.7)

Moderate 10/180 (5.6)

Low 3/180 (1.7)

Accuracy of reference Yes 99/1800 (5.5)

No 1521/1800 (84.5)

Partial 178/1800 (9.9)

The majority of references quoted were from journals (1653/1671, 98.9%), with the remaining coming from
textbooks (12/1671, 0.72%) and websites (6/1671, 0.36%). Significantly, only 99/1800 (5.5%) of all references
provided were accurate, with the majority of references fabricated. On further scrutiny, references quoted
had  reasonable  titles  relating  to  the  questions  asked,  and  were  quoted  from  journals  that  existed.
Furthermore, many of the quoted authors of these fabricated journal articles had written articles on the
relevant topic previously, but had not actually written any of the articles that were referenced in the ChatGPT
responses. For those articles that existed, 41/1671 (2.5%) came from journals with an impact factor (IF) of
4.99 or less, while 129/1671 (7.72%) came from journals with IF > 5. 
When analysing the different categories of surgical techniques, pathophysiology, epidemiology and clinical
management, there was found to be a statistical difference between these 4 groups in the area of accuracy of
information (p<0.001)  and accuracy of  references (p<0.001).  The category with the lowest accuracy was
surgical techniques (370/450, 82.2%) while the highest was pathophysiology (404/450, 89.8%), a difference
of 7.6%. The category with the lowest number of accurate references was surgical techniques (7/259, 2.7%)
while the category with the highest  accuracy was pathophysiology (36/323, 11.1%).  There were also no
differences noticed between breadth of answers (p=0.182) or language use.
Table 2. Accuracy of information, breadth of answers, language of medical writing and accuracy of references
between categories of answers.

Surgical
Techniques

Pathophysiology Epidemiology Clinical
Management

p-value

Accuracy of
informatio
n

Yes 370/450 (82.2) 404/450 (89.8) 402/450 (89.3) 387/450 (86)

p<0.001

No 54/450 (12) 20/450 (4.4) 28/450 (6.2) 24/450 (5.3)

Partial 26/4550 (5.8) 26/450 (5.8) 20/450 (4.4) 39/450 (8.7)

Breadth Good 39/45 (86.7) 42/45 (93.3) 41/45 (91) 40/45 (88.9)

p=0.956

Moderate 6/45 (13.30 3/45 (6.7) 3/45 (6.7) 5/45 (11.1)

Low 0/45 (0) 0/45 (0) 1/45 (2.2) 0/45 (0)
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Language Good 40/45 (88.9) 41/45 (91.1) 44/45 (97.8) 42/45 (93.3)

p=0.866

Moderate 3/45 (6.7) 4/45 (8.9) 1/45 (2.2) 3/45 (6.7)

Low 2/45 (4.4) 0/45 (0) 0/45 (0) 0/45 (0)

Accuracy of
reference

Yes 7/259 (2.7) 36/323 (11.1) 11/334 (3.3) 13/311 (4.2)

p<0.001

No 240/259 (92.7) 230/323 (71.2) 299/334 (89.5) 268/311 (86.2)

Partial 12/259 (4.6) 57/323 (17.7) 2/334 (7.2) 30/311 (9.6)

On further subgroup analysis, it was found that there was a significant difference between GS and Urology
responses when it came to accuracy of the information (p<0.001) and references (p<0.001) in the responses.
There were no differences noted between both the language used in the responses (p=0.590), or the breadth
of the responses (p=0.182).
Table 3. Accuracy of information, breadth of answers, language of medical writing and accuracy of references
between General Surgery and Urology.

GS Urology p-value

Accuracy  of
information

Yes 1080/1200 (90) 478 (79.6)

p<0.001

No 72/1200 (6) 55/600 (9.2)

Partial 48/1200 (4) 67/600 (11.2)

Breadth Good 111/120 (92.5) 51/60 (85.5)

p=0.182

Moderate 8/120 (6.7) 9/60 (14.5)

Low 1/120 (0.8) 0/60 (0)

Language Good 109/120 (90.8) 58/60 (96.7%)

p=0.590

Moderate 8/120 (6.7) 2/60 (3.3%)

Low 3/120 (2.5) 0/60 (0)

Accuracy  of
reference

Yes 60/872 (6.9) 7/354 (1.8)

p<0.001

No 716/872 (82.1) 321/354 (90.7)

Partial 95/872 (10.9) 26/354 (7.3)

Further subgroup analysis was performed between the various subspecialties within GS and Urology. The
subspecialty  groups represented within  Urology  included Oncology,  Endourology  and Functional  Urology
while  in  GS  the  subspecialty  groups  represented  were  Acute  Care  Surgery  (ACS),  Colorectal  surgery,
Endocrine surgery, Trauma, Upper Gastrointestinal surgery and Vascular surgery. 
Within Urology, it was found that there was a statistical difference in the accuracy of information (p<0.001)
between Oncology (129/200, 64.5%), Endourology (149/200, 74.5%) and Functional urology (192/200, 96%).
The accuracy  of  the references  (p=0.838),  breadth of  response (p=0.501)  as  well  as  language (p=0.751)
showed no statistical difference. 
Table 4. Accuracy of information, breadth of answers, language of medical writing and accuracy of references
within Urology

Uro-Oncology Uro-Endourology Uro-Functional p-value

Accuracy  of
information

Yes 129/200 (64.5) 149/200 (74.5) 192/200 (96)

p<0.001

No 29/200 (14.5) 28/200 (14) 1/200 (0.5)

Partial 42/200 (21) 23/200 (11.5) 7/200 (3.5)

Breadth Good 16/20 (80) 15/20 (75) 20/20 (100)

p=0.501

Moderate 4/20 (20) 5/20 (25) 0/20 (0)

Low 0/20 (0) 0/20 (0) 0/20 (0)

Language Good 17/20 (85) 20/20 (100) 20/20 (100)

p=0.751

Moderate 3/20 (15) 0/20 (0) 0/20 (0)

Low 0/20 (0) 0/20 (0) 0/20 (0)

Accuracy  of Yes 3/93 (3.2) 2/163 (1.2) 2/98 (2.0) p=0.838
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reference No 83/93 (89.2) 150/163 (92.0) 88/98 (89.8)

Partial 7/93 (7.5) 11/163 (6.7) 8/98 (8.2)

Among  GS  subspecialties,  there  was  also  noted  to  be  a  statistical  difference  between  the  accuracy  of
information (p<0.001) and accuracy of the references (p<0.001), while no difference was found between the
breadth  of  the  answers  (p=0.679)  and  the  language  used  (p=0.542).  The  subspecialty  with  the  highest
accuracy  of  information was  Endocrine  surgery  (196/200,  98%),  while  the  lowest  accuracy  was  Trauma
surgery (173/200, 86.5%). When analysing the accuracy of references, the most accurate subspecialty was
Trauma surgery (25/188, 13.3%) while the least accurate was Endocrine surgery (4/73, 5.5%).
Table 5. Accuracy of information, breadth of answers, language of medical writing and accuracy of references
within GS subspecialties.

Acute
Care
Surgery

Colorectal Endocrine Trauma UGI Vascular p-value

Accuracy of
informatio
n

Yes 175/200
(87.5)

172/200
(86)

196/200
(98)

173/200
(86.5)

180/200
(90)

184/200
(92)

p<0.001

No 25/200
(12.5)

28/200
(14)

4/200 (2) 10/200
(5)

3/200
(1.5)

2/200 (1)

Partial 0/200 (0) 0/200 (0) 0/200 (0) 17/200
(8.5)

17/200
(8.5)

14/200 (7)

Breadth Good 17/20
(85)

18/20 (90) 20/20
(100)

18/20
(90)

20/20
(100)

18/20 (90)

p=0.679

Moderate 2/20 (10) 2/20 (10) 0/20 (0) 2/20 (10) 0/20 (0) 2/20 (10)

Low 1/20 (5) 0/20 (0) 0/20 (0) 0/20 (0) 0/20 (0) 0/20 (0)

Language Good 17/20
(85)

19/20 (95) 20/20
(100)

18/20
(90)

20/20
(100)

15/20 (75)

p=0.542

Moderate 0/20 1/20 (5) 0/20 (0) 2/20 (10) 0/20 (0) 5/20 (25)

Low 3/20 (15) 0/20 (0) 0/20 (0) 0/20 (0) 0/20 (0) 0/20 (0)

Accuracy of
reference

Yes 14/143
(9.8)

7/114 (6.1) 4/73 (5.5) 25/188
(13.3)

11/190
(5.8)

10/164
(6.1)

p<0.001

No 118/143
(82.5)

101/114
(88.6)

63/73
(86.3)

124/188
(66.0)

179/190
(94.2)

132/164
(80.5)

Partial 11/143
(7.7)

6/114 (5.3) 6/73 (8.2) 39/188
(20.7)

0/190 (0) 22/164
(13.4)

The secondary outcome measured was the ability of existing models to distinguish between human-written
text or AI-generated responses. The closer to 1 the Frac(p) is, the more likely that a specific text or response
is worded in a way that the model expects AI to generate a response. If the model is less confident, frac(p)
will be closer to 0. When analysing the responses with the GLTR model, it was found that the overall Frac(p)
was  0.993,  which  means  that  most  responses  were  likely  to  be  AI-generated.  There  was  no  significant
difference between the specialties (p=0.313) and the categories of  questions (p=0.831)  but there was a
statistical difference noted between the subspecialty responses (p<0.005). In this case, the lowest frac(p)
value was 0.961 (Upper GI surgery), which is still almost 1.
Table 6. Mean Frac(p)

Frac(p) p-value

Overall 0.993686

General Surgery 0.991858

Urology 0.997673 P=0.313

Type of question

Surgical Techniques 0.997156

P=0.831

Pathophysiology 0.991778

Epidemiology 0.99495
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Clinical Management 0.991

Subspecialty

Acute Care Surgery 1

P<0.005

Colorectal 0.9899

Endocrine 1

Trauma 1

Upper GI 0.96125

Vascular 1

Uro-oncology 1

Uro-Endourology 1

Uro-Functional 0.9936
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Discussion

Principal Results 

It  is  evident  here  that  ChatGPT  has  excellent  generative  capabilities.  The  AI  model  is  able  to  provide
responses with broad and relevant vocabulary, and uses appropriate language for academic writing. Overall,
the content of  the answers is  assessed to be accurate,  with 86.7% of  responses deemed acceptable by
clinicians. This is testament to the development of LLMs with excellent natural processing abilities. However,
this study aims to look at the ability of AI to provide responses suitable for submission to a medical journal,
with the content supported by references. The results show that the references are all of very poor quality,
quoting articles that are completely fabricated with only 5.5% of all responses having references that were
authentic.  During  the review of  the references,  it  was observed that  many of  the articles  quoted have
realistic sounding titles, and were quoted from existing journal articles. Furthermore, the authors quoted
often had previously published articles on related topics. This presents a significant challenge for ChatGPT
users, as it can be difficult to determine if a quoted reference is fabricated or not. A less discerning user may
be fooled by these references, as the information provided in the responses are generally accurate. This
greatly reduces its usefulness in the context of academic writing.
The  astonishingly  high  proportion  of  fabricated  references  is  likely  a  result  of  the  inherent  nature  of
generative AI - the generation of human-like responses based on analysis of word sequences, context, and its
understanding  of  language  patterns.  Generative  AI  like  ChatGPT  are  trained  language  models  to  mimic
human writing and speech, without the interpretation or understanding of the content analysed15. Fabricated
references sound convincing - with reasonable titles and authors - which is exactly what ChatGPT is designed
to do. ChatGPT-v3.5 appears not to have been pre-trained in the aspect of accurate reference citation. 
Although there was a difference noticed between the information accuracy of GS (90%) and Urology (79.6%)
responses, the accuracy of the responses was still high. These differences were seen again in further sub-
group analyses between the various subspecialties. As these were completed by single clinicians in their role
as subject matter experts,  it  is  possible that the differences may be related to the tolerances of what a
clinician may deem to be ‘acceptable’.  On the other hand, the high proportion of fabricated references,
together  with  the  differences  in  accuracy  of  information both  in  GS,  Urology,  and  its  subsets,  may  be
explained  by  the datasets  used  to  train  ChatGPT.  ChatGPT  utilises  an  immense plethora  of  information
including Common Crawl (a collection of text from billions of web texts), published books, scientific journals
and even Wikipedia5. Its ability to differentiate and utilise relevant, scientific, and academically acclaimed
research from non-academic data may be questionable, given its inability to cite accurate references. These
differences  may  be  exaggerated  in  subspecialty  and  niche  topics  (such  as  surgical  techniques)  where
professional and academic sources may be scarce, in which case non-academic resources may be the main
source of its responses. In these cases, the use of search engines that provide multiple resources, such as
Google,  may  be  superior  compared  to  generative  AI  that  combines  its  analysis  of  academic  and  non-
academic data to generate its response16.
When comparing the accuracy of references generated by ChatGPT between the various specialties, it was
noted that there were some statistically significant differences. It is telling, however, when we look at the raw
data and the percentages, that practically, the statistical significance is likely due to the exceedingly small
numbers of accurate references.
Although the breadth and language of the responses were considered ‘Good’ when analysed by human
assessors, the GLTR model was still able to detect that the text was AI-generated, with the overall Frac(p) at
0.994.  While ChatGPT has been demonstrated to bypass traditional plagiarism models and even human
medical researchers, the GLTR model uses a probability model to evaluate if a text is likely to be AI-generated
by comparing the text with existing models and determining the probability of each word that was selected
to be part of the sentence. The higher the proportion of high probability words highlighted in each text, the
more likely a text is labelled as AI generated14. These tools remain an important part of attributing credit to
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the correct authors and ensuring that academic writing remains the domain of human authors. Nonetheless,
there are plenty of scenarios where generative AI can be useful in academic writing, such as guiding new
university  students  in  writing  academic  papers  or  helping  those  whose  first  language  is  not  English  to
navigate the challenges of writing in a foreign tongue2,17. Generative AI has been shown to produce eloquent
writing, aid in streamlining searches for research articles, and even act as a brainstorming intermediary for
topic and research question selection18, 19, 20.
It is notable, however, that GLTR was developed with access to GPT-2 language model by OpenAI, and thus
likely already recognises the text generation patterns of ChatGPT as “AI generated”. Separate studies show
that GLTR can detect AI generated texts with the accuracy of just 72%, although still  considerably better
compared to an abysmal 54% by human counterparts14.

Limitations

One of the limitations of this study is that only GS and Urology were assessed. While results for both were
similar, further investigation in other specialities, such as medical specialties or other surgical specialties like
orthopaedics or otorhinolaryngology, may elucidate some differences. There was also only a single clinician
that provided the assessment of these responses. Recruitment of more reviewers may magnify or reduce
differences seen. Finally, the ChatGPT version used was version 3.5, which, with the release of ChatGPT v4.0
by OpenAI, is no longer the latest version of ChatGPT. While ChatGPT v4.0 utilises an equivalent size of data,
the up-scaling of its deep learning has allowed it to demonstrate human levels of academic excellence. For
example, ChatGPT v4.0 has demonstrated its ability to score around the top 10% of a stimulated bar exam
and perform  near  or  at  the  passing  threshold  for  the  US  Medical  Licensing  Examination21,  22.  However,
ChatGPT v4.0 is still not readily available for free to much of the public, and requires a subscription, limiting
its market penetration. This study also did not include the analysis of other NLP models, such as Bidirectional
Encoder  Representation  from  Transformers  (BERT),  and  its  biomedical  counterparts  BioBERT  and
PubMedBERT23. Additionally, the emergence of BioGPT, a domain-specific transformer developed by Ruo et
al. pre-trained on 15 million PubMed texts, shows promise in generating fluent biomedical text superior to its
BERT counterparts that tended to excel in biomedical text mining24.

Conclusion

While the information provided in ChatGPT is accurate with sufficient breadth and with appropriate medical
academic  language,  its  quotation  of  fictitious  references  limits  its  use  for  academic  writing.  This  study
conclusively shows that generative AI, in the form of ChatGPT, is not sufficiently sophisticated to produce
scientific writing with references of adequate quality. With more than 90% of responses containing invented
yet convincing references, users must exercise caution and discrimination in utilising ChatGPT in scientific
writing. This may be attributed to its inherent nature as a language generating model, and its vast dataset
that includes a substantial proportion of non-academic resources. The emergence of newer versions and
models that pre-trains with specific biomedical texts and up-scaling of deep learning may eventually result in
a sophisticated model with a complex neural network and a rich scientific dataset capable of assisting in
accurate  and  citable  medical  academic  writing23.  Until  then,  we  must  take  great  caution  in  relying  on
generative AI  for  medical  academic  writing,  for  they  lack  the specialised  understanding and  knowledge
required25.
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