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Abstract

Background: Artificial intelligence (AI) and Large Language models (LLMs) are increasing in sophistication and have become
integrated into many industries. The potential for LLMs to augment clinical decisions is an evolving area of research.

Objective: This study compared the responses of over 1000 kidney specialist physicians (nephrologists) to outputs of commonly
used LLMs using a questionnaire determining when a kidney biopsy should be performed.

Methods: This research group completed a large online questionnaire for nephrologists to determine when a kidney biopsy
should be performed. The same questions were put to both human doctors and LLMs in an identical order. Eight LLMs were
interrogated: Chat GPT 3.5, Mistral Hugging Face, Perplexity, Microsoft Co-pilot, Llama 2, GPT 4.0, MedLM and Claude 3.
The most common response given by clinicians (human mode) to each question was taken as the baseline for comparison. 
Questionnaire responses generated a score reflecting biopsy propensity.

Results: Chat GPT 3.5 and GPT 4.0 had the highest levels of agreement, with the human mode selected in 6/11 questions and a
similar propensity score to the human mode. Llama 2 and Microsoft Co-pilot produced similar propensity scores, but with lower
levels of agreement with the human mode.

Conclusions: LLM outputs were able to replicate human clinical decision making in this study, however the performance varied
widely between LLM models. Questions with more uniform human responses produced LLM outputs with greater alignment,
whereas in questions with low levels of human consensus there was poor output alignment. This may limit the practical use of
LLMs in real world clinical practice.
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Abstract

Background
Artificial  intelligence  (AI)  and  Large  Language  models  (LLMs)  are  increasing  in
sophistication and have become integrated into many industries. The potential for LLMs to
augment clinical decisions is an evolving area of research. 
Objective
This  study  compared  the  responses  of  over  1000  kidney  specialist  physicians
(nephrologists) to outputs of commonly used LLMs using a questionnaire determining when
a kidney biopsy should be performed.
Methods
This research group completed a large online questionnaire for nephrologists to determine
when a kidney biopsy should be performed. The same questions were put to both human
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doctors  and  LLMs in  an  identical  order.  Eight  LLMs were  interrogated:  Chat  GPT 3.5,
Mistral Hugging Face, Perplexity, Microsoft Co-pilot, Llama 2, GPT 4.0, MedLM and Claude
3. The most common response given by clinicians (human mode) to each question was
taken  as  the  baseline  for  comparison.   Questionnaire  responses  generated  a  score
reflecting biopsy propensity. 
Results
Chat GPT 3.5 and GPT 4.0 had the highest levels of agreement, with the human mode
selected in 6/11 questions and a similar propensity score to the human mode. Llama 2 and
Microsoft Co-pilot produced similar propensity scores, but with lower levels of agreement
with the human mode.
Conclusions
LLM outputs were able to replicate human clinical decision making in this study, however
the performance varied widely between LLM models. Questions with more uniform human
responses produced LLM outputs with greater alignment, whereas in questions with low
levels of human consensus there was poor output alignment. This may limit the practical
use of LLMs in real world clinical practice. 
Keywords
Kidney biopsy, nephrology, large language models, artificial intelligence, decision support 

Background

Artificial intelligence in healthcare
The rapid expansion of artificial intelligence (AI) has impacted numerous industries over
recent decades. This technology aims to improve efficiency, however there are concerns
that human roles may be replaced, and autonomous AI could cause significant disruption to
societies.1,2 AI is now seamlessly integrated into everyday life and common functions such
as predictive text messaging, review summaries and customer service chatbots rely on this
technology. Generative AI (GAI) can be used to rapidly synthesise images and text, which
require academic institutions to consider how to effectively undertake assessments. Large
Language Models (LLM) such as Chat GPT, Co-pilot and Llama have rapidly proliferated to
employ these developments for personal or professional use.
AI has also been used effectively in healthcare and further expansion is predicted in the
years ahead.3,4 There are many demands on healthcare resources across the world5 and AI
offers opportunities to automate routine human tasks, allowing human practitioners to use
their time more effectively on complex problems that are currently beyond the scope of AI.6,7

In some circumstances, chatbot outputs have even been found to be of higher quality and
convey deeper empathy than human responses.8,9 The diagnostic specialties offer a good
template for  this  illustration.  In  pathology,  AI has been used to  rapidly  characterise the
nature  of  lesions  for  rapid  detection  and  coding,  allowing  the  pathologist  to  analyse
specimens with greater efficiency.10 In radiology, similar pattern recognition has been used
to quickly identify abnormalities, as well as helping the radiologist prioritise their workflow,
so that the most abnormal or urgent scans are reported first.7

Limitations of artificial intelligence
The  rise  in  AI  usage  does  bring  significant  concerns.  Intelligence  is  not  equivalent  to
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wisdom and AI outputs are reliant on the data used to train these models. Although GAI can
produce a  detailed  response,  one criticism is  that  outputs  lack  the  ‘common sense’ of
humans.11 LLMs can generate false information in the form of hallucinations and produce
gender or racially biased outputs.2,12,13   LLMs are sensitive to phrasing and can generate
errors  by  varying  the  order  of  words.14 How each  company  trains  their  LLMs remains
confidential,  and this lack of transparency is another cause of concern.3 Using AI within
healthcare is dependent on the alignment with human values to establish trust from service
users,  which  is  another  challenge  of  any  new  technology,  especially  given  the  issues
discussed.15

Clinical decision support
Medical practitioners make numerous clinical decisions throughout their working day. How
they make these decisions remains poorly understood and open to many potential biases
and influences.16,17 Given that some of these decisions may stand between life and death,
harnessing AI to assist physicians in making the best clinical decisions for each patient
based on the available body of evidence may represent an opportunity to improve efficiency
and enhance safe  patient  care.  LLM outputs have been found to  be superior  to  junior
surgical residents’ clinical decision making, but inferior to senior colleagues, however in
these studies LLM outputs were limited by inconsistencies and inaccuracies.18,19 LLMs have
been shown to easily pass high stakes written medical examinations such as the USMLE
(United States Medical Licensing Examination)20 and the MRCP(UK) (Membership of the
Royal  College of  Physicians)21,  however  appear  to  perform poorly  in  questions on rare
diseases, perhaps due to a paucity of training data.22 In the Polish nephrology specialty
examination, GPT4 performed at a level similar to the average human candidate, but below
that of the top candidates.23

Our  research  group  has  completed  a  large  international  survey  of  physicians’  clinical
decision making, recruiting over 1000 doctors from 83 countries to complete a short online
questionnaire.24 In this study, nephrologists (kidney specialists) were asked to determine
when a kidney biopsy was required using clinical  vignettes  of  potential  indications and
contraindications. A kidney biopsy is used to define which type of kidney disease a patient
has so that appropriate treatment can be administered. A biopsy is an invasive investigation
with  a  small  but  significant  risk  of  serious  bleeding  complications.25 The  use  of  AI  in
nephrology is increasing with recent studies assessing LLM usage for guideline adherence,
dialysis management and specialist examinations.26–29

We aimed to compare the responses of over 1000 human doctors to LLM outputs, using the
same questions on biopsy practice in the same order, to determine if AI can be used as a
clinical decision tool in a safe and effective manner.

Methods

Questionnaire design
The detailed methods for the questionnaire have been described in a previous paper.24 In
brief,  the  questionnaire  generated  a  kidney  biopsy  propensity  score  based  on  the
responses  to  eleven  questions,  which  allowed  comparisons  between  kidney  disease
specialists to determine if they were more or less likely to recommend this investigation
when  placed  in  an  identical  situation.  A higher  score  was  associated  with  a  greater
inclination  to  recommend  biopsy  in  each  scenario.  For  each  of  these  questions,
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respondents were asked to select one of five possible responses to each prompt. For the
clinical vignettes on indications, this was on a Likert scale from Definitely yes to Definitely
no, and for contraindications, by defining a threshold of acceptable risk for a parameter
associated  with  bleeding  complications.  The  most  common  response  (mode)  for  each
question given by human respondents was determined to be the baseline for a comparison
with LLM outputs. For each question, the mode was selected by a minimum of 345 and a
maximum of 728 human clinicians. 

Large language model application 
Responses for this human questionnaire were collected from August 2023 to January 2024.
LLMs were interrogated from March 2024 to  June 2024.  At  this  time,  results  were not
publicly available and therefore could not act as part of an evidence base for the LLM to
generate responses. The questions put to the LLM were identical (except for removing the
words, ‘in your opinion’) to those given to human clinicians. They were also presented in the
same order. 
A propensity score was generated for each LLM using the same parameters as human
respondents. Therefore, a LLM which generated a higher score would be more inclined to
recommend this investigation and therefore less risk averse. By contrast,  a lower score
would be indicative of being less inclined to recommend this investigation and more risk
averse. A LLM was determined as being a perfect match to human clinicians if the answer
selected was identical to the mode in the human questionnaire.

Results

Human respondents’ characteristics
A total of 1181 clinicians from 83 countries participated in the study. A summary of clinician
characteristics is given in Table 1. The study was open to nephrology trainees and fellows
who comprised 14.3% of the total cohort. 

Frequency %
Sex
Male 753 64.3
Female 408 34.8
Prefer not to say 9 0.8
Non-binary/Third gender 2 0.2
Age
20-29 30 2.5
30-39 442 37.5
40-49 327 27.7
50-59 251 21.3
60 or over 130 11.0
Current job title
Trainee/Fellow 168 14.3
Associate Specialist/Specialty Doctor 122 10.4
Consultant / Attending Physician 733 62.2
Clinical Director or Professor 154 13.1
Other 1 0.1
Continent of Practice
Europe 405 34.4
North America 352 29.9
South America 85 7.2
Asia 216 18.3
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Africa 67 5.7
Oceana 54 4.6

Table 1. Characteristics of human participants

The United States was the largest single national group and 43 states were represented in
this  cohort.  The four  devolved nations in  the  UK were also  represented in  the  second
largest cumulative group. 13 nations had greater than 20 clinicians included. 

LLM interrogation
A total  of  eight  LLMs  were  interrogated  as  detailed  in  Table  2.  The  full  transcripts  of
dialogue are detailed in the supplement. The outputs produced by the LLMs varied greatly
in terms of detail, however each of the LLMs were instructed to choose an answer from five
options. Some LLMs selected more than one answer to certain prompts, refused to give an
answer or produced incomplete sentences, however in most instances the question was
answered as instructed. An introductory prompt for context was added for GPT 4.0. The
programs that were free to use without subscription were interrogated by the first author.
GPT 4.0 and Med LM were not freely available, therefore an additional operator with access
was employed to reproduce these methods.

LLM Date of interrogation Availability
Open AI: Chat GPT 3.5 27th March 2024 Free without subscription
Mistral Hugging Face 28th March 2024 Free without subscription
Perplexity 28th March 2024 Free without subscription
Microsoft Co-pilot 28th March 2024 Free without subscription
Llama 2 13b chatbot 3rd April 2024 Free without subscription
Open AI: GPT 4.0 22nd April 2024 Subscription
Med LM 26th April 2024 Subscription
Claude 3 13th June 2024 Free without subscription

Table 2. LLMs used and dates of interrogation

LLM prompts
Clinicians were asked if, in their opinion, a kidney biopsy was required in the setting of
seven fictional clinical vignettes. All cases were adults with unexplained abnormalities in
kidney function, reported as estimated glomerular filtration rate (eGFR) and/or urinary tests
(haematuria  or  proteinuria  quantified  as  grams  per  day).  Four  cases  were  a  first
presentation to a nephrologist and in three there was a dynamic change over the course of
a year. 
The determination of when clinicians felt the risk of kidney biopsy outweighed the benefits
was explored in a section on potential  contraindications, particularly relating to bleeding
risk. In the first section, clinicians were presented with five options and asked for the limits
of  acceptable parameters to  proceed to  biopsy.  This  could  be the  minimum level  (e.g.
haemoglobin) or maximum level (e.g. systolic blood pressure). The question prompts given
to LLMs are detailed in Table 3.

Question code Full question
Q1 Is a renal biopsy required for an adult in the first detection of an unexplained nephrotic
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syndrome of proteinuria 4g/day, peripheral oedema and eGFR>60 ml/min/1.73m2? 
Choose from Definitely yes, Probably yes, Unsure, Probably not, Definitely not

Q2 Is a renal biopsy required for an adult in the first detection of unexplained non-visible
haematuria, 2g/day of proteinuria and eGFR 40? 
Choose from Definitely yes, Probably yes, Unsure, Probably not, Definitely not

Q3 Is a renal biopsy required for an adult in the first detection of unexplained non-visible
haematuria,  2g/day of  proteinuria  and eGFR 20 with  normal  kidney appearances on
ultrasound? 
Choose from Definitely yes, Probably yes, Unsure, Probably not, Definitely not

Q4 Is a renal biopsy required for an adult in the first detection of unexplained non-visible
haematuria, 2g/day of proteinuria and eGFR 20 with reduced kidney size on ultrasound?
Choose from Definitely yes, Probably yes, Unsure, Probably not, Definitely not

Q5 Is a renal biopsy required for an adult with an unexplained rise in proteinuria from 0.5 to
2g/day in one year with an eGFR > 60? 
Choose from Definitely yes, Probably yes, Unsure, Probably not, Definitely not

Q6 Is a renal biopsy required for an adult with an unexplained fall in eGFR from 55 to 40 in
one year with proteinuria stable at 0.5g/day? 
Choose from Definitely yes, Probably yes, Unsure, Probably not, Definitely not

Q7 Is a renal biopsy required for an adult with an unexplained fall in eGFR from 55 to 40
AND rise in proteinuria from 0.5 to 2 g/day in one year? Choose from Definitely yes,
Probably yes, Unsure, Probably not, Definitely not

Q8 What is the minimum acceptable Haemoglobin for native renal  biopsy? Choose from
100g/l, 90 g/l, 80 g/l, Other (please specify) and No minimum level

Q9 What is the minimum acceptable Platelet count for native renal biopsy? Choose from 150
x109, 100 x109, 50 x109, Other (please specify), No minimum level

Q10 What is the maximum acceptable International Normalised Ratio for native renal biopsy? 
Choose from 1.2, 1.4, 1.6, Other (please specify) and No maximum level

Q11 What is the maximum acceptable Systolic Blood Pressure for native renal biopsy? 
Choose  from  140  mmHg,  160  mmHg,  180  mmHg,  Other  (please  specify)  and  No
maximum level

Table 3. Question prompts given to LLMs.

Comparing human doctor and LLM responses
In the human questionnaire, all available options were selected by at least 3 and at most
728 human doctors. Therefore, none of the LLM outputs could be considered beyond the
reach of what a human doctor may select. The subject of kidney biopsy was chosen for this
clinician  questionnaire  as  it  was  subjective,  therefore  there  are  a  range  of  acceptable
answers. The mode of each answer represents varying proportions of responses to each
question. For question 8 (Q8) there was no clear consensus and the mode was selected by
only 31.6% of respondents, however for question 9 (Q9) the consensus was clearer and
66.5% of respondents selected the mode. Responses are detailed in Table 4.
The range of agreement between the mode of human responses and LLM outputs ranged
from 0 out of 11 (Mistral Hugging Face) to 6 out of 11 (Chat GPT 3.5 and GPT 4.0). 4 of 8
LLMs generated a biopsy propensity score that was equal to or within one point of the
mode of human responses. 
Using this propensity score as a surrogate marker for clinical risk aversion, the most risk
averse LLM output was MedLM, which produced outputs equivalent to the lowest 1% of
biopsy propensity scores in human respondents. By contrast, the Claude 3 output produced
the highest biopsy propensity score indicating the lowest level of risk aversion, with a score
higher  than 99% of  human respondents.  For  both  MedLM and Claude 3,  there was a
reasonable agreement between outputs and human responses with 4 or 5 perfect matches
out of 11, however the overall approach to risk as indicated by the propensity score was not
typical of human responses.
In terms of which LLM most accurately represented human doctor responses, the two Open
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AI LLMs Chat GPT 3.5 and GPT 4.0 were the optimal programs for agreement with the
human mode and profile of risk aversion, as indicated by the propensity score.

Question Humans Chat  GPT
3.5

Mistral
Hugging
Face

Perplexity MS  Co
pilot

Llama  2
13b chat

GPT 4.0 MedLM Claude 3

Q1 DY (58.1%) PY NA DY PY U DY & PY PY DY

Q2 DY (59%) DY NA DY PY PY PY PN PY

Q3 DY (51.2%) DY NA DY PY U DY PN DY

Q4 PN (51.4%) DY NA DY PY DY PN & DN PN DY

Q5 PY (47.0%) PN NA PY U PY PY PN PY

Q6 PN (36.1%) PN NA PY PY U U PN PY

Q7 PY (51.7%) PY NA DY PY U & PY DY PY DY

Q8
Hb (g/l)

90 (31.6%) 100 80 Other Other 80 100 90 80 

Q9
Plat (x109)

100 (66.5%) 100 50 50 100 150 100 100 50 

Q10
INR

1.2 (51.1%) 1.4 1.4 1.5 1.5 1.4 1.4 1.4 1.5

Q11
SBP (mmHg)

160 (54.7%) 160 140 140 140 140 160 140 160 

Total score 23 23 N/A 29 23 22 22-24 11 34

Agreement 6/11 0/11 4/11 2/11 2/11 6/11 5/11 4/11

Table 4. DY- Definitely Yes, PY- Probably Yes. U-Unsure, PN- Probably Not, DN-Definitely Not, NA- No answer given. Hb-
haemoglobin,  Plat-  platelet  count,  INR-  international  normalised  ratio,  SBP-  systolic  blood  pressure.  Red text-  most
common response (mode) given by human participants. Red text in brackets- the proportion of human respondents in who
selected the mode for each question. Green text: LLM output contains mode of human responses.

Discussion

Principal results
In our study, the clinical decision making of doctors specialising in nephrology could be
accurately replicated by LLMs. The degree of fidelity differed amongst LLMs and the Open
AI models Chat GPT 3.5 and GPT 4.0 produced outputs that were most consistent with
typical  clinician responses.  Similar  to  our  study of  human clinicians,  most  of  the LLMs
interrogated  opted  for  a  balanced  approach  to  this  dilemma,  producing  comparable
responses of when to perform a biopsy and when to avoid this procedure. 
There were varying degrees of agreement amongst human respondents, with the mode
selected by between 31.6% to 66.5% of humans. This consensus was fairly well replicated
amongst  LLMs.  In  the  question  where  only  31.6% of  human respondents  selected the
mode, the mode was selected by only 1 out of 8 LLMs, the lowest in our study. Conversely,
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in the question with the highest agreement, where 66.5% of humans selected the mode,
this human mode was also selected by 4 out of 8 LLMs, the joint highest in our study. This
suggests that the grey areas of ambiguity in clinical decision making can also be reflected
in the LLM outputs. One potential use for this technology would be to assist the clinician
resolve an uncertain decision, however in this instance, this uncertainty is also reflected in
LLM outputs, limiting utility in real-world practice.
The propensity to perform an invasive procedure is inevitably linked to the tolerance of
potential risks. Therefore, we used this score as a surrogate marker for risk aversion in
human clinicians. When this is applied to LLMs there is variable risk aversion in these
models.  MedLM outputs were the most risk averse, as there was a higher threshold to
perform a kidney biopsy,  as well  as a low tolerance for  potential  contraindications that
would increase the risk of a bleeding complication. In contrast, the outputs for Claude 3
were the least risk averse, as every clinical vignette was met with a response that a kidney
biopsy was definitely or probably required and the loose limits for potential contraindications
could be considered by some clinicians to be reckless.

Limitations
This study has limitations which should be addressed. Firstly,  this is a small  sample of
eleven questions used to interrogate LLMs, therefore caution is required in interpretation.
Secondly, this study assessed the LLMs’ ability to make decisions based on short case
vignettes and this may not necessarily be generalisable to more complex “real-life” clinical
scenarios, as LLM accuracy has been shown to be poorer on longer questions.21

Strengths
This study also has notable strengths. Human decision-making is poorly understood and
clinical decisions should be based on integrating the best available evidence for the care of
an individual patient. AI-assisted decision aids are rapidly expanding into medicine and this
is the first study that the authors are aware of which compares a large number of human
respondents to LLM outputs when placed in identical scenarios.

Implications for future research
There has been a rapid proliferation of medical research into the uses of AI in healthcare
and how these are best integrated into clinical practice remains unclear. As LLMs continue
their  journey of  increased sophistication and accuracy,  AI  assistance will  likely  become
integral to all aspects of life. How we best apply this in healthcare remains a challenge to be
addressed in upcoming years, however it is important that LLM outputs align with human
values, which can be shaped by supervised reinforcement learning by expert physicians
and patients.15

Conclusions
Large language models can accurately replicate human clinical decision making when short
questions are inputted. There is variable performance in these models, however Chat GPT
3.5 and GPT 4.0 outputs  were the most  consistent  with  humans in  our  study.  Caution
should be applied when considering how these can be used to assist clinicians, as there
remains many unanswered questions as to how physicians should use these tools for safe
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and effective patient care.
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