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Objectives: Large language models (LLMs) show promise in clinical decision-making, but comparative
evaluations of their antibiotic prescribing accuracy are limited. This study assesses the performance of
various LLMs in recommending antibiotic treatments across diverse clinical scenarios.
Methods: Fourteen LLMs, including standard and premium versions of ChatGPT, Claude, Copilot, Gemini,
Le Chat, Grok, Perplexity, and Pi.ai, were evaluated using 60 clinical cases with antibiograms covering 10
infection types. A standardized prompt was used for antibiotic recommendations focusing on drug
choice, dosage, and treatment duration. Responses were anonymized and reviewed by a blinded expert
panel assessing antibiotic appropriateness, dosage correctness, and duration adequacy.
Results: A total of 840 responses were collected and analysed. ChatGPT-o1 demonstrated the highest
accuracy in antibiotic prescriptions, with 71.7% (43/60) of its recommendations classified as correct and
only one (1.7%) incorrect. Gemini and Claude 3 Opus had the lowest accuracy. Dosage correctness was
highest for ChatGPT-o1 (96.7%, 58/60), followed by Perplexity Pro (90.0%, 54/60) and Claude 3.5 Sonnet
(91.7%, 55/60). In treatment duration, Gemini provided the most appropriate recommendations (75.0%,
45/60), whereas Claude 3.5 Sonnet tended to over-prescribe duration. Performance declined with
increasing case complexity, particularly for difficult-to-treat microorganisms.
Discussion: : There is significant variability among LLMs in prescribing appropriate antibiotics, dosages,
and treatment durations. ChatGPT-o1 outperformed other models, indicating the potential of advanced
LLMs as decision-support tools in antibiotic prescribing. However, decreased accuracy in complex cases
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Introduction For each clinical case, queries were entered manually between
The appropriate selection of antibiotics is a cornerstone of
effective patient care. It is widely recognized that delayed or
incorrect therapy can lead to severe complications, increased mor-
tality, and the development of antimicrobial resistance (AMR) [1e3].
Antimicrobial stewardship (AMS) programmes emphasize the ne-
cessity of accurate, timely, and tailored prescriptions to optimize
patient outcomes and reduce the risk of resistance [4,5]. However,
the process of selecting the right antibiotic, the correct dose, and the
appropriate duration is nuanced, especially in settings where
multidrug-resistant organisms (MDROs) are prevalent and in which
an infectious disease (ID) consultation is absent. Although guide-
lines for the management of MDROs are available, clinical adjudi-
cation is crucial for the management of complex clinical cases.

In hospitals with dedicated ID teams, specialists are often con-
sulted to guide these complex decisions. ID physicians bring invalu-
able experience in interpreting antibiotic susceptibility testing (AST),
understanding local resistance patterns, and navigating the evolving
landscape of antimicrobial therapy [6e8]. However, access to ID
specialists is often limited in smaller hospitals or community settings
increasing the risk of treatment failure, adverse reactions, and both
the emergence and spreading of AMR [9].

These challenges underscore the importance of enhancing
antibiotic decision-making support in all healthcare settings. In this
context, artificial intelligence systems and large language models
(LLMs) can potentially revolutionize clinical practice. The applica-
tion of LLMs in medicine has rapidly gained attention, with LLMs
like ChatGPT and other advanced systems demonstrating potential
in various clinical domains. The ability of LLMs-driven tools to
support diagnostics, decision-making, and medical education has
been studied across multiple specialties [10e12]. Regarding the use
of LLMs for bacterial infections, few studies have been conducted,
but no comparison between different LLMs has been performed
[13e15]. Only a few studies evaluated the performance of different
LLMs [16], but none have specifically examined the ability of
ChatBots in the context of antibiotic prescribing. Therefore, this
paper aims to address this gap by conducting a comprehensive
evaluation of leading LLMs and comparing their performance in
providing antibiotic recommendations.
Methods

We conducted a comparative study to assess the ability of
various LLMs to evaluate clinical scenarios and AST and prescribe
the appropriate antibiotic treatment. Three specialists in ID
formulated 60 clinical cases with AST focusing on 10 different
topics: (a) acute bacterial skin and skin structure infections; (b)
bloodstream infection (BSI); (c) bone and joint infection, (d) central
nervous system (CNS) infections; (e) ear and eye infections; (f)
endocarditis; (g) intrabdominal infections (IAI); (h) pneumonia; (i)
transplant-related infections; (j) urinary tract infections. The list of
clinical cases is available in Supplementary material.
ChatBot selection

We investigated the performance of 8 LLMs, both standard and
premium version, for a total of 14 LLMs (Table S1).
omparing large language m
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September 1 and 30, 2024, and responses were directly collected
from the interface. To prevent memorization from influencing re-
sults, we created a new task for each scenario, and the same prompt
was used for all LLMs and cases (Table S2).
Blind review and evaluation

All responses were anonymized and reviewed by a blind panel
of experts who evaluated the answers between October 1 and
November 10, 2024. They were asked to evaluate three aspects:
appropriateness, correctness of suggested dosage, and adequacy of
treatment duration (Table S3).

Each clinical case was independently evaluated by a panel of
nine ID specialists with at least 5 years of experience in AMS and
clinical decision-making (Table S4). Each expert reviewed the
cases individually and assigned a score based on predefined
criteria. In cases where discrepancies arose among reviewers, a
secondary adjudication panel consisting of senior ID professors
re-evaluated the responses and reached a consensus. The ex-
perts did not adhere to a single set of guidelines but instead
based their assessments on the most recent and robust evidence
available. When both European and U.S. guidelines were avail-
able for a specific infection, U.S. experts primarily followed U.S.
guidelines, whereas European experts used European
guidelines.

For clinical conditions without specific international guidelines,
such as ocular and ear infections, the panel relied on their clinical
expertise and the latest peer-reviewed literature to evaluate anti-
biotic appropriateness, dosage, and treatment duration.

Microorganisms were categorized based on their difficulty to
treat (DTR) according to AST. We divided them into four groups: (a)
DTR microorganisms (Acinetobacter baumannii, Stenotrophomonas
maltophilia resistant to trimethoprim/sulfamethoxazole, DTR
Pseudomonas aeruginosa [17]), carbapenem-resistant Enter-
obacterales, and vancomycin-resistant Enterococcus; (b) microor-
ganisms with limited treatment options (methicillin-resistant
staphylococci, penicillin-resistant streptococci, and Gram-negative
bacteria resistant to third-generation cephalosporins [extended-
spectrum beta-lactamases or AmpC beta-lactamases]); (c) wild-
type microorganisms; (d) microorganisms without an AST. The
list of microorganisms and the AST distribution by Gram stain and
resistance categories are available in Tables S5 and S6.
Statistical analysis

Statistical methods were conducted to compare the perfor-
mance across different ChatBots. Inter-rater reliability was assessed
using Fleiss' Kappa to measure agreement among the reviewers.
Kappa values were interpreted based on standard thresholds. Chi-
squared test was used to assess the presence of differences be-
tween groups. Binomial logistic regression was performed to esti-
mate ORs with 95% CIs, adjusting for predefined covariates and
those that were statistically significant in univariable analysis.
Statistical significance was set at p values of less than 0.05, and data
analysis was carried out through STATA (Version 16.1 StataCorp,
College Station, TX).
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Ethical considerations

Given the nature of the study involving hypothetical clinical
scenarios based on AST from real bacterial strains yet containing no
real patient data or demographic characteristics, an ethical review
exemption was sought and granted, aligning with institutional
guidelines on human subject research.

Results

Overall, 840 answers were collected and evaluated by a blinded
panel of experts in antibiotic treatments.

Accuracy of prescribed antibiotics

Regarding the antibiotic prescription, expert evaluations
showed substantial agreement in antibiotic selection (k ¼ 0.799,
p < 0.001).

Among the different LLMs, ChatGPT-o1 performed the best in
terms of correct antibiotic prescriptions, with 71.7% of responses
classified as correct, followed by ChatGPT 4o (53.3%) and Perplexity
Pro (56.7%). In contrast, Gemini and Claude 3 Opus were the least
accurate, with only 30.0% and 48.3% of responses deemed correct,
respectively (Table 1). The proportion of incorrect answers was the
lowest for ChatGPT-o1 and ChatGPT 4o, whereas Gemini and
Claude 3 Opus had the highest rates of incorrect prescriptions.

Among the free-access LLMs, Perplexity had the highest per-
centage of correct answers but also the highest percentage of
partially correct answers. When combining the correct answers
Table 1
Percentage of antibiotic choice answers evaluated as incorrect, partially correct, correct,

Large language model Wrong, n (%) Partially corr

ChatGPT 4 (6.7) 9 (15.0)
ChatGPT-o1 1 (1.7) 10 (16.7)
ChatGPT4o 2 (3.3) 11 (18.3)
Claude 3 Opus 9 (15.0) 13 (21.7)
Claude 3.5 Sonnet 6 (10.0) 10 (16.7)
Copilot 3 (5.0) 10 (16.7)
Copilot Pro 5 (8.3) 10 (16.7)
Gemini 14 (23.3) 8 (13.3)
Gemini Advance 7 (11.7) 12 (20.0)
Grok 2 5 (8.3) 12 (20.0)
Le Chat - Large 2 7 (11.7) 10 (16.7)
Perplexity 4 (6.7) 14 (23.3)
Perplexity Pro 4 (6.7) 11 (18.3)
pi.ai 4 (6.7) 12 (20.0)
Total 75 (8.9) 152 (18.1)

Table 2
Percentage of antibiotic choice answers about Gram-positive microorganisms evaluated
language models

Large language model Wrong, n (%) Partially corr

ChatGPT 1 (4.3) 0
ChatGPT-o1 0 1 (4.3)
ChatGPT4o 1 (4.3) 1 (4.3)
Claude 3 Opus 3 (13.0) 4 (17.4)
Claude 3.5 Sonnet 2 (8.7) 1 (4.3)
Copilot 1 (4.4) 0
Copilot pro 1 (4.4) 1 (4.4)
Gemini 4 (17.4) 1 (4.4)
Gemini Advance 2 (8.7) 3 (13.0)
Grok 2 2 (8.7) 5 (21.7)
Le Chat 1 (4.4) 3 (13.0)
Perplexity 1 (4.4) 3 (13.0)
Perplexity pro 2 (8.7) 3 (13.0)
pi.ai 0 4 (17.4)
Total 21 (6.5) 30 (9.3)

Please cite this article as: De Vito A et al., Comparing large language m
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with overtreatment answers, Copilot outperformed the other free-
access LLMs and was only surpassed by ChatGPT-o1.

When categorizing by Gram stain (Tables 2 and 3), correct an-
swers were significantly higher for Gram-positive microorganisms
(p< 0.001). ChatGPT-o1 consistently outperformed others, whereas
Gemini performed notably poorly, especially in Gram-negative
scenarios (24.3% correct) (Table 3).

Microorganisms classified as DTR had the highest number of
incorrect responses, with overtreatment rates significantly lower
for DTR microorganisms (Table 4). ChatGPT-o1 excelled across all
difficulty categories, whereas Gemini performed the worst
(Tables S7eS12).

Regarding infection types, wrong answers were most frequent
for IAI (22.6%), ear and eye infections (19.1%), CNS infections (13.1%),
and BSI (10.7%). Overtreatment was most common in pneumonia
(60.7%) and ear and eye infections (39.4%) (Table S12).
Dosage recommendations

Inter-rater agreement on dosage was moderate to substantial
(k¼ 0.644, p < 0.001). ChatGPT-o1 achieved the highest accuracy in
dosage recommendations (96.7%), with no underdosing cases and
minimal overdosage. Perplexity Pro and Claude 3.5 Sonnet also
performed well (90.0% and 91.7%, respectively). Gemini had the
poorest accuracy (60.0%) and the highest underdosing rate (26.7%).
Only one instance of a fabricated dosage was identified, with
Gemini suggesting an implausible ceftazidime/avibactam regimen
for endocarditis caused by Escherichia coli (Fig. 1).
and overtreatment, divided by different large language models

ect, n (%) Correct, n (%) Overtreatment, n (%)

29 (48.3) 18 (30.0)
43 (71.7) 6 (10.0)
32 (53.3) 15 (25.0)
29 (48.3) 9 (15.0)
29 (48.3) 15 (25.0)
29 (48.3) 18 (30.0)
26 (43.3) 19 (31.7)
19 (31.7) 19 (31.7)
24 (40.0) 17 (28.3)
24 (40.0) 19 (31.7)
28 (46.7) 15 (25.0)
31 (51.7) 11 (18.3)
34 (56.7) 11 (18.3)
26 (43.3) 18 (30.0)
403 (48.0) 210 (25.0)

as incorrect, partially correct, correct, and overtreatment, divided by different large

ect, n (%) Correct, n (%) Overtreatment, n (%)

15 (65.2) 7 (30.4)
20 (87.0) 2 (8.7)
18 (78.3) 3 (13.0)
15 (65.2) 1 (4.3)
16 (69.6) 4 (17.4)
15 (65.2) 7 (30.4)
14 (60.9) 7 (30.4)
10 (43.5) 8 (34.8)
11 (47.8) 7 (30.4)
11 (47.8) 5 (21.7)
17 (73.9) 2 (8.7)
15 (65.2) 4 (17.4)
16 (69.6) 2 (8.7)
14 (60.9) 5 (21.7)
207 (64.3) 64 (19.9)

odels for antibiotic prescribing in different clinical scenarios: which
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Table 3
Percentage of antibiotic choice answers about Gram-negative microorganisms evaluated as incorrect, partially correct, correct, and overtreatment, divided by different large
language models

Large language model Wrong, n (%) Partially correct, n (%) Correct, n (%) Overtreatment, n (%)

ChatGPT 3 (8.1) 9 (24.3) 14 (37.8) 11 (29.7)
ChatGPT-o1 1 (2.7) 9 (24.3) 23 (62.2) 4 (10.8)
ChatGPT4o 1 (2.7) 10 (27.0) 14 (37.8) 12 (32.4)
Claude 3 Opus 6 (16.2) 9 (24.3) 14 (37.8) 8 (21.6)
Claude 3.5 Sonnet 4 (10.8) 9 (24.3) 13 (35.1) 11 (29.7)
Copilot 2 (5.4) 10 (27.0) 14 (37.8) 11 (29.7)
Copilot pro 4 (10.8) 9 (24.3) 12 (32.4) 12 (32.4)
Gemini 10 (27.0) 7 (18.9) 9 (24.3) 11 (29.7)
Gemini Advance 5 (13.5) 9 (24.3) 13 (35.1) 10 (27.0)
Grok 2 3 (8.1) 7 (18.9) 13 (35.1) 14 (37.8)
Le Chat 6 (16.2) 7 (18.9) 11 (29.7) 13 (35.1)
Perplexity 3 (8.1) 11 (29.7) 16 (43.2) 7 (18.9)
Perplexity pro 2 (5.4) 8 (21.6) 18 (48.7) 9 (24.3)
pi.ai 4 (10.8) 8 (21.6) 12 (32.4) 13 (35.1)
Total 54 (10.4) 122 (23.6) 196 (37.8) 146 (28.2)

Table 4
Percentage of antibiotic choice answers about microorganisms difficult-to-treat evaluated as incorrect, partially correct, correct, and overtreatment, divided by different large
language models

Large language model Wrong, n (%) Partially correct, n (%) Correct, n (%) Overtreatment, n (%)

ChatGPT 3 (14.3) 8 (38.1) 10 (47.6) 0
ChatGPT-o1 1 (4.8) 6 (28.6) 14 (66.7) 0
ChatGPT4o 1 (4.8) 10 (47.6) 9 (42.9) 1 (4.8)
Claude 3 Opus 7 (33.3) 6 (28.6) 8 (38.1) 0
Claude 3.5 Sonnet 3 (14.3) 8 (38.1) 10 (47.6) 0
Copilot 2 (9.5) 9 (42.9) 10 (47.6) 0
Copilot pro 4 (19.0) 8 (38.1) 8 (38.1) 1 (4.8)
Gemini 10 (47.6) 5 (23.8) 4 (19.0) 2 (9.5)
Gemini Advance 5 (23.8) 8 (38.1) 7 (33.3) 1 (4.8)
Grok 2 4 (19.0) 7 (33.3) 10 (47.6) 0
Le Chat 6 (28.6) 6 (28.6) 7 (33.3) 2 (9.5)
Perplexity 2 (9.5) 9 (42.9) 10 (47.6) 0
Perplexity pro 3 (14.3) 7 (33.3) 11 (52.4) 0
pi.ai 4 (19.0) 6 (28.6) 8 (38.1) 3 (14.3)
Total 55 (18.7) 103 (35.0) 126 (42.9) 10 (3.4)

Fig. 1. Percentage of antibiotic dosage answers evaluated as low dosage, correct dosage, and high dosage, divided by different large language models.
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No significant differences in dosage accuracy were noted be-
tween Gram-positive and Gram-negative microorganisms. How-
ever, correct dosage recommendations were highest for
microorganisms without AST and DTR microorganisms, whereas
underdosing was most common in wild-type microorganisms and
over-dosing in those with limited treatment options (Tables S13
and S14).

Treatment duration

Agreement on treatment duration was moderate (k ¼ 0.653,
p < 0.001) and Gemini produced the highest proportion of correct
recommendations, with 75.0% classified as appropriate, followed
by Perplexity Pro at 73.3% and ChatGPT-o1 at 70.0%. Furthermore,
Gemini had the highest rate of overly short treatment (18.3%),
followed by Copilot Pro (13.3%). Regarding the recommendations
for overly long treatment, Claude 3.5 Sonnet had the highest pro-
portion (41.7%), followed by Grok 2 and ChatGPT-4o (Fig. 2).

Discussion

Our findings highlighted significant variability in LLMs' perfor-
mance in prescribing accurate antibiotics and dosages. These re-
sults could have important implications for the potential
integration of LLM tools in clinical practice.

Our analysis revealed that ChatGPT-o1 achieved the highest
accuracy in antibiotic prescription, with 70.0% of its responses
classified as correct and only 1.7% deemed as incorrect. In contrast,
models like Gemini and Claude 3 Opus showed considerably lower
accuracy, with correct prescription rates of 30.0% and 48.3%,
respectively. When considering dosage accuracy, ChatGPT-o1 led
with 96.7% correct dosages, whereas Gemini was the poorest. Of
note, incorrect prescriptions can have severe consequences,
including potentially fatal outcomes for patients. Thus, we believe
Fig. 2. Percentage of treatment duration answers evaluated as low dosage, cor

Please cite this article as: De Vito A et al., Comparing large language m
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that although LLMs show promise as supportive tools, they are not
yet ready for unsupervised use in clinical settings. It remains crucial
that users possess substantial expertise in the relevant medical
domain and utilize LLMs primarily as a source for alternative per-
spectives. Although LLMs may aid in decision-making, they should
not be solely relied upon for critical clinical judgements.

The superior performance of ChatGPT-o1 compared with the
other LLMs evaluated may be attributed to the implementation of
chain-of-thought reasoning within its architecture, and to the
advanced training data and fine-tuning techniques [18].

However, the variability observed among different LLMs un-
derscores the necessity for caution. Although ChatGPT-o1 demon-
strated high accuracy, other models like Gemini and Claude 3 Opus
did not. The poor results from Gemini are in contrast with the
literature. Pirkle et al. [19] found similar performances between
ChatGPT and Gemini regarding appropriate recommendations for
common paediatric orthopaedic conditions, and Tong et al. [20]
found that it provides more concise and intuitive responses than
ChatGPT-3.5 and ChatGPT-4. However, a key distinction between
these studies and ours is that orthopaedic evaluations were based
on theoretical questions, whereas our study utilized clinical sce-
narios with AST, requiring complex reasoning and individualized
decision-making. LLMs may perform well in structured, guideline-
based tasks, but nuanced antimicrobial prescribing involves factors
such as host status, infection site, and resistance patterns, making it
a more challenging domain.

Our study also found that LLMs accuracy decreased with
increasing complexity, particularly for DTR microorganisms.
Incorrect responses were more frequent in cases involving MDRO,
whereas overtreatment was less common. These findings suggest
that although LLMs may perform adequately in standard cases,
their reliability diminishes in more complex scenarios.

These limitations observed in LLM performance alignwith well-
documented challenges in antibiotic prescribing by non-ID
rect dosage, and high dosage, divided by different large language models.

odels for antibiotic prescribing in different clinical scenarios: which
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specialists. Studies indicate that 30e50% of inpatient antibiotic
prescriptions may be inappropriate because of suboptimal guide-
line adherence, broad-spectrum overuse, or AST misinterpretation
[21e23]. In contrast, ID specialists and AMS teams improve pre-
scribing accuracy, patient outcomes, and reduced AMR [24].
Although our study highlights the LLMs limitations in clinical
decision-making, it reinforces a broader issue, even human pre-
scribers struggle with complex antimicrobial decisions, particularly
in the absence of ID consultation. This underscores the need for
validated, expert-driven decision-support tools rather than reliance
on off-the-shelf LLMs.

Our results align with the findings of Maillard et al. [14] who
demonstrated that although ChatGPT-4 provided detailed and
well-structured medical responses, its performance was far from
perfect in more complex clinical situations. They found that
although ChatGPT-4 could generate satisfactory management plans
in some cases, significant errors arose in diagnosing, prescribing
antibiotics, and handling source control measures.

In our study, the highest proportions of incorrect responses
were observed in cases of IAI (22.6%), ear and eye infections (19.1%),
CNS infections (13.1%), and BSI (10.7%). A high percentage of over-
treatment was identified for pneumonia (60.7%) and ear and eye
infections (39.4%). These findings reinforce that, despite strong
performance in some areas, LLMs have clear limitations in complex
cases, particularly those involving MDROs or intricate clinical de-
cision-making.

Although LLMs may complement clinical practice, they cannot
replace human expertise, especially in situations where standard
guidelines may not fully address the complexity of real-world
cases. Moreover, we must also consider the limits of updating
LLMs with respect to published articles given the inability to access
all the information available, especially those behind the paywall.
This limitation means that LLMs may not incorporate a substantial
part of the literature if not adequately trained by the researcher or
clinicians, potentially leading to gaps in knowledge and less
informed clinical guidance. In addition, LLMs require extensive
computational resources and time to train on large datasets,
including the latest clinical advances, guidelines and published
studies, resulting in a significant delay between the publication of
new medical research and its inclusion in the training data of an
LLM.

This highlights the essential role of human intervention in
interpreting guidelines and tailoring management to meet the
specific needs of each patient, as clinical realities often surpass the
straightforward application of protocols.

Several limitations of our study should be acknowledged. First,
the clinical scenarios may not capture real-world cases' full
complexity, such as allergy to antibiotics, and drugedrug in-
teractions. Second, the LLMs were assessed at a single point in
time, but these models are continually evolving, and their per-
formance may change with updates. Third, we used a uniform
prompt for all LLMs, which may not have been optimized for each
model's strengths. Additionally, although our study evaluates
optimal antibiotic treatments based on global standards, it is
important to consider that dosing guidelines and drug availability
can vary widely by region especially in low- and middle-income
countries [25,26]. Consequently, treatments deemed suboptimal
in our study categorized as ‘partially correct’ may represent the
best or only available options in these settings. This disparity in
access highlights a crucial limitation of our study: we did not fully
consider the availability of antibiotics across different regions.
Finally, we observed that LLMs only suggested treatments not
tested in the AST in a few cases. This often resulted in over-
treatment or answers categorized as ‘partially correct.’ Therefore,
Please cite this article as: De Vito A et al., Comparing large language m
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the introduction of newer antibiotics may present an additional
challenge.

It will be important to account for these regional discrepancies
in future studies, as this could shift the definition of ‘optimal
treatment’ depending on the healthcare context. In addition,
further research is needed to evaluate the integration of LLMs in
real-world settings. Studies should also assess the models' perfor-
mance over time, considering updates and improvements to the
algorithms.
Conclusions

Our study highlights both the potential and significant limita-
tions of current LLMs in antibiotic prescribing. Although models
like ChatGPT-o1 demonstrated higher accuracy in some aspects,
substantial variability across LLMs and inconsistent performance in
complex cases underscore their unreliability in clinical decision-
making. No model consistently met the standards required for
safe antibiotic selection, dosage, or treatment duration.

These findings reinforce that off-the-shelf LLMs should not be
relied upon for antibiotic prescribing in real-world practice. The
risks of incorrect or inappropriate recommendations underscore
the need for extreme caution. Although artificial intelligence-
driven tools may hold promise for future integration into AMS
programmes, they remain insufficient for standalone clinical use.
Clinicians must avoid using LLMs for direct medical decisions, as
this could compromise patient safety and contribute to AMR.
Further research, model refinement, and validation through ran-
domized clinical trials are essential before LLMs can be considered
for clinical use. Collaboration among clinicians, developers, and
researchers is crucial to harnessing LLMs' benefits while mitigating
risks, ultimately improving patient care and supporting AMS.
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