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ABSTRACT
Objectives  Antimicrobial resistance is a critical public 
health threat. Large language models (LLMs) show 
great capability for providing health information. This 
study evaluates the effectiveness of LLMs in providing 
information on antibiotic use and infection management.
Methods  Using a mixed-method approach, responses to 
healthcare expert-designed scenarios from ChatGPT 3.5, 
ChatGPT 4.0, Claude 2.0 and Gemini 1.0, in both Italian 
and English, were analysed. Computational text analysis 
assessed readability, lexical diversity and sentiment, 
while content quality was assessed by three experts via 
DISCERN tool.
Results  16 scenarios were developed. A total of 101 
outputs and 5454 Likert-scale (1–5) scores were obtained 
for the analysis. A general positive performance gradient 
was found from ChatGPT 3.5 and 4.0 to Claude to Gemini. 
Gemini, although producing only five outputs before self-
inhibition, consistently outperformed the other models 
across almost all metrics, producing more detailed, 
accessible, varied content and a positive overtone. 
ChatGPT 4.0 demonstrated the highest lexical diversity. A 
difference in performance by language was observed. All 
models showed a median score of 1 (IQR=2) regarding the 
domain addressing antimicrobial resistance.
Discussion  The study highlights a positive performance 
gradient towards Gemini, which showed superior content 
quality, accessibility and contextual awareness, although 
acknowledging its smaller dataset. Generating appropriate 
content to address antimicrobial resistance proved 
challenging.
Conclusions  LLMs offer great promise to provide 
appropriate medical information. However, they should 
play a supporting role rather than representing a 
replacement option for medical professionals, confirming 
the need for expert oversight and improved artificial 
intelligence design.

INTRODUCTION
Antimicrobial resistance (AMR) represents 
a pressing public health issue with high 

health and economic impact.1 Misuse of 
antibiotics has accelerated the emergence of 
drug-resistant pathogens.2 This global threat 
requires immediate and concerted action.2 3 
Among the main tools that are progressively 
being adopted in healthcare, Artificial intelli-
gence (AI) and generative AI tools are revo-
lutionising the sector. Notably, large language 
models (LLMs) can offer personalised, 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Antimicrobial resistance (AMR) is a significant public 
health threat. While large language models (LLMs) 
like ChatGPT, Claude and Gemini are increasingly 
used as sources of health information, their reli-
ability in providing guidance on AMR is not well es-
tablished. This study was needed to systematically 
evaluate and compare the quality and accuracy of 
information from these leading LLMs on this critical 
topic.

WHAT THIS STUDY ADDS
	⇒ This study reveals that while all three LLMs can 
provide generally accurate information on appro-
priate antimicrobial use, their performance varies, 
with Gemini demonstrating the most consistently 
high-quality and reliable responses. It highlights 
specific strengths and weaknesses of each model 
in addressing AMR.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ The findings suggest that, while with further devel-
opment and validation, LLMs could become valuable 
tools for public health education and clinical deci-
sion support to combat AMR, human expert supervi-
sion is always needed. The study calls for regulatory 
frameworks and guidelines for the use of LLMs in 
providing health information to ensure patient safety 
and promote responsible use of these technologies.
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engaging and 24/7 on-demand counselling and have 
already demonstrated the efficacy of health behaviour 
change interventions among diverse populations and 
scenarios.4–6 This could represent a great opportunity for 
the general population seeking health information and 
education.7 8 However, these tools were abruptly made 
freely available to all having computer access, enabling 
the average user to dialogue with a machine and obtain 
tailored answers on virtually all topics.9 The repercus-
sions at the public health level remain, however, under-
investigated. Several studies have already assessed them as 
general resource information material for health-related 
information.10–16 Specific studies on AMR and infectious 
diseases have tested them in providing answers to ques-
tions about infectious disease pharmacotherapy.17–22 
Preliminary findings indicate great potential.18–21 At 
present, however, studies comprehensively comparing 
major available LLMs from a general advice-seeking user 
perspective are lacking from the scientific literature on 
this topic. This study aims to assess three major LLMs 
available to the general population, ChatGPT, Claude 
and Gemini, as information providers regarding antibi-
otic use and infection management. LLMs could become 
an instrumental tool in curbing the spread of AMR if 
appropriately assessed and responsibly introduced as 
healthcare provision tools.

MATERIALS AND METHODS
Study design and chosen LLMs
A mixed-method approach was used, deploying quanti-
tative and qualitative analysis on major available LLM-
based products’ responses to predefined scenarios. The 
following LLM-based products, henceforth referred to 
as LLMs, were chosen (April 2024 available version): 
ChatGPT 3.5, by OpenAI; ChatGPT 4.0, by OpenAI; 
Claude 2.0, by Anthropic and Gemini 1.0, by Google 
DeepMind. The obtained outputs were named as follows: 
ChatGPT 3.5 in English (G3E), ChatGPT 4.0 in English 
(G4E), Claude 2.0 in English (CDE), Gemini 1.0 in 
English (GME), ChatGPT 3.5 in Italian (C3I), ChatGPT 
4.0 in Italian (G4I), Claude 2.0 in Italian (CDI) and 
Gemini 1.0 in Italian: no output. The list of English and 

Italian prompts is available as online supplemental file 1. 
The adapted DISCERN tool is available as online supple-
mental file 2. All information regarding the methods of 
quantitative, qualitative and statistical analysis is available 
as online supplemental file 3).23–34

RESULTS
A total of 101 outputs were obtained. Of these, 16 outputs 
were from ChatGPT 3.5, ChatGPT 4.0 and Claude, both 
in English and Italian. Five outputs were obtained in 
English from Gemini. The prompting of the Gemini 
LLM presented, in fact, an unanticipated evolution: after 
five outputs obtained in English, the LLM only produced 
the following output: ‘I am only a chatbot. Please refer 
to a professional for health advice’, even after refreshing 
the interaction chat for five trials. No further forcing of 
the interaction was performed for other scenarios or for 
Italian, as per the one-shot prompting technique chosen, 
and this event was acknowledged and recorded for further 
discussion.

Computational text analysis (CTA)
CTA across groups highlighted significant variations in 
word usage, readability and lexical diversity (table  1). 
Differences in various linguistic features identified 
through the pairwise Wilcoxon test are reported in 
table 2. Mixed-effect linear regression on CTA results for 
each LLM is reported in table 3.

Average word count
Differences in word count among LLMs were descriptively 
observed, with GME exhibiting the highest average word 
count per paragraph (249.20), while CDE produces the 
shortest paragraphs (221.81 words on average; table 1). 
Notably, only the G4E versus G3E comparison resulted 
in statistical significance (p=0.021), suggesting that G4E 
tends to generate longer paragraphs compared with G3E 
(table 2). G4E exhibits a significantly higher word count 
than the reference (G3E) with a coefficient of 41.19 
(p=0.008). CDE and GME do not differ significantly from 
G3E, reinforcing that G4E produces longer paragraphs 
(table 3).

Table 1  Computational text analysis descriptive statistics for each LLM

LLM
Average word count per 
paragraph

Average measure of textual 
lexical diversity

Average
Flesch Ease Score Average sentiment score

Gemini 1.0 in 
English

249.20 (47.49) 204.50 (46.06) 52.97 (7.38) 0.85 (0.1)

Claude 2.0 in 
English

221.81 (39.83) 165.14 (33.98) 38.71 (8.67) 0.26 (0.76)

ChatGPT 4.0 in 
English

246.81 (63.07) 143.25 (32.67) 38.67 (7.02) 0.73 (0.4)

ChatGPT 3.5 in 
English

205.63 (63.16) 146 (22.9) 40.81 (6.45) 0.78 (0.36)

LLM, large language models.
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Lexical diversity
Lexical diversity is notably highest for GME (204.50) 
and lowest for G4E (143.25) (table 1). CDE versus G3E 
(p=0.029) shows a significant difference, implying that 
G3E produces text with higher lexical diversity than 
CDE. The marginal significance observed for G4E versus 
CDE (p=0.057) suggests that G4E demonstrates greater 
lexical diversity (table  2). GME significantly enhances 
lexical diversity (β=57.94, p<0.001) compared with G3E. 
CDE also shows a notable reduction in lexical diversity 
relative to G3E (β=21.89, p=0.009). Thus, CDE-generated 
text is less lexically diverse, while GME produces the most 
diverse outputs (table 3).

Readability
GME exhibited the highest Flesch Ease Score (53), 
corresponding to ‘fairly difficult’. G3E is slightly 
higher at 40.8, which corresponds to ‘very diffi-
cult’. CDE and G4E show identical readability scores 
(38.7), corresponding to ‘difficult’ (table  1). No 
pairwise comparison reached statistical significance. 
Only a slightly significant result (p=0.062) is observed 
between GME and G3E-G4E (table 2). Using G4E as 
the baseline, GME demonstrates significantly higher 
readability (β=13.79, p<0.001), whereas CDE and G3E 
do not show significant deviations. This suggests that 
GME outputs are more readable compared with other 
models (table 3).

Sentiment analysis
GME demonstrated the highest sentiment score 
(0.85), while CDE exhibits many highly positive and 
highly negative-scored texts, resulting in an overall 
less positive sentiment (0.26). The G4E versus CDE 
(p=0.024) and G3E versus CDE (p=0.011) compari-
sons show significant differences, with CDE gener-
ating texts with significantly lower sentiment scores 
than G4E and G3E, implying a more neutral or less 
positive tone (table 2). CDE is set as the baseline and 
exhibits significantly lower sentiment scores rela-
tive to other models. G3E (β=0.523, p=0.002), G4E 
(β=0.474, p=0.005) and GME (β=0.622, p=0.012) all 
show significantly higher sentiment scores.

Quantitative scoring analysis
A total of 5454 scores were obtained by the three raters 
on the four domains. In detail, 864 scores were obtained 
from each LLM aside from GME, from which only 270 
scores were obtained. Shapiro-Wilk confirmed the non-
linear distribution of the obtained scores (p<0.0001). 
Gwet’s AC with quadratic weighting resulted in substan-
tial agreement (0.61, p<0.0001).

Regarding the total score, GME presents the highest 
overall rating (4, IQR). For both languages, CD and G4 
showed a median of 3, and G3 reported a median of 2 
(table  4). Also, in terms of variability, GME and G3I 

Table 2  Univariate analysis (pairwise Wilcoxon signed-rank test) on computational text analysis results for each LLM

Pairwise comparison
Average word count
W (P value)

Measure of textual lexical 
diversity
(P value)

Flesch ease Score
W (P value)

Sentiment
W (P value)

GME versus G4E 3 (0.312) 14 (0.125) 14 (0.125) 12 (0.312)

GME versus G3E 11 (0.438) 14 (0.125) 15 (0.063) 8 (1.0)

GME versus CDE 10 (0.625) 14 (0.125) 15 (0.063) 14 (0.125)

G4E versus G3E 113* (0.021) 60 (0.706) 51.5 (0.408) 54 (0.755)

G4E versus CDE 89 (0.106) 31 (0.0577) 71 (0.9) 112* (0.025)

G3E versus CDE 49 (0.348) 26* (0.029) 95 (0.175) 82* (0.0119)

*Significant values.
 CDE, Claude 2.0 in English; G3E, ChatGPT 3.5 in English; G4E, ChatGPT 4.0 in English; GME, Gemini 1.0 in English; W, Wilcoxon test value.

Table 3  Mixed-effect linear regression on CTA results for each large language model

CTA metric
Average word count 
coefficient (P value)

Measure of textual lexical 
diversity coefficient (P value)

Flesch Ease Score 
coefficient (P value)

Sentiment score 
coefficient (P 
value)

Gemini 1.0 in English 34.03 (0.152) 57.94 (0.000) 13.79 (0.000) 0.622 (0.012)

Claude 2.0 in English 16.19 (0.300) 21.89 (0.009) 0.045 (0.984) Baseline

ChatGPT 4.0 in 
English

41.19 (0.008) Baseline Baseline 0.474 (0.005)

ChatGPT 3.5 in 
English

Baseline 2.76 (0.743) 2.14 (0.340) 0.523 (0.002)

CTA, computational text analysis.

B
M

J H
ealth &

 C
are Inform

atics: first published as 10.1136/bm
jhci-2025-101632 on 15 O

ctober 2025. D
ow

nloaded from
 https://inform

atics.bm
j.com

 on 28 O
ctober 2025 by guest.

P
rotected by copyright, including for uses related to text and data m

ining, A
I training, and sim

ilar technologies.



4 Di Pumpo M, et al. BMJ Health Care Inform 2025;32:e101632. doi:10.1136/bmjhci-2025-101632

Open access�

showed the lowest SD on average, confirming the high 
and low scores for the two, respectively.

A similar gradient is generally observed for reliability, 
overall rating and persuasiveness domains (table  4). 
All LLMs underperformed regarding AMR impact. For 
information quality, the scores were all similar, apart from 
GME scoring higher (median 4, IQR 2). Aside from the 
impact on AMR, GME always outperformed other LLMs. 
Friedman test results indicated statistical significance in 
the univariate analysis (p<0.001).

Considering observed descriptive statistics for scores, 
G3I was chosen as the baseline (table 5). A clear gradient 
generally in line with observed scores was documented, 
with gradually higher ORs observed from G3I as baseline 
to GME (3.36, 95% CI 2.62 to 4.31). G3E did not exhibit 
a statistically significant difference in performance 
compared with the baseline (p=0.335).

DISCUSSION
The findings of the present study showed a general posi-
tive performance gradient from ChatGPT and Claude to 
Gemini. ChatGPT 3.0 performed the lowest, in line with 
expectations, considering it is the oldest technology in 
the current fast-paced development environment.35 In 
detail, regarding CTA, G4E is the only one to produce 
significantly longer paragraphs than baseline G3E. 
Gemini outperforms other models in lexical diversity, 
readability and positive sentiment. Claude 2.0 performed 
worst in terms of lexical diversity and showed unbalanced 
responses (very high or very low) across prompts in terms 
of sentiment. Readability differences and lexical diversity 
analysis indicate how Gemini-generated outputs are more 
suitable and accessible for the general population’s health 
information needs. An important consideration is that no 
LLM produced ‘easy’ or ‘standard’ level reading material, 
so the minimal education level to fully access this material 
corresponds to 15 years-of-age schooling level (eg, high 
school), which can be an obstacle in terms of accessibility 
for some groups represented in the general population 
in search of healthcare advice. The study methodology 
ensured these findings were not primarily influenced 
by the difficulty of the prompts developed by expert 
researchers. GME exhibits the notable capacity of self-
inhibition after consideration of the context and topic on 
which it was prompted. In the context of literature, studies 
have consistently shown that readability remains a major 
challenge, with mixed findings from GPT-4 and Gemini, 
along with other models such as Bard or Grok.36–41

The quantitative scoring analysis results are in line with 
CTA findings. ChatGPT-4 achieved the highest overall 
information quality scores. In literature, GPT-4 demon-
strated the highest overall accuracy, with various models 
like Gemini Advanced and ChatGPT-4 showing significant 
outperformance over ChatGPT-3.5 in specific specialties. 
While Claude 3 had strong performance in some areas, 
it often lacked citation support, and ChatGPT models, 
despite their accuracy, sometimes showed less reproduc-
ibility.42–48 The general tendency of LLMs to produce 

Table 4  LLM scores descriptive statistics, by mean and SD for each domain

LLM
Information 
reliability

Information 
quality

Overall 
rating

Impact on antimicrobial 
resistance Persuasiveness Total score P value

ChatGPT 3.5 in Italian 1 (2) 3 (1) 3 (2) 1 (0) 3 (2) 2 (2) <0.0001

ChatGPT 3.5 in 
English

1 (3) 3 (2) 3 (2) 1 (2) 3 (2) 2 (3)

G4IChatGPT 4.0 in 
Italian

1.5 (3) 3 (2) 3 (1) 1 (2) 3 (1) 3 (3)

ChatGPT 4.0 in 
English

2 (3) 3 (2) 4 (1) 1 (3) 4 (1) 3 (3)

Claude 2.0 in Italian 2 (3) 3 (2) 4 (1) 1 (2.5) 4 (1) 3 (3)

Claude 2.0 in English 1.5 (3) 3 (1) 4 (1) 1.5 (3) 4 (1) 3 (3)

Gemini 1.0 in English 3 (3) 4 (1) 4 (0) 1 (1) 4 (1) 4 (2)

LLM, large language model.

Table 5  Mixed-effect ordinal logistic regression on scoring 
results for each LLM

LLM OR 95% CI P value

ChatGPT 3.5 
in Italian

Reference – –

Gemini 1.0 in 
English

3.36 2.62 to 4.31 <0.001

Claude 2.0 in 
English

2.09 1.76 to 2.50 <0.001

ChatGPT 4.0 
in English

1.74 1.46 to 2.07 <0.001

Claude 2.0 in 
Italian

1.68 1.41 to 2.00 <0.001

ChatGPT 4.0 
in Italian

1.56 1.31 to 1.85 <0.001

ChatGPT 3.5 
in English

1.15 0.97 to 1.37 0.104

LLM, large language models .
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generally positive or sentiment is noted, probably due 
to the ‘alignment’ process towards ethical values and 
non-discriminatory content received in the training 
phase.49 In our study, we found that GME demonstrated 
the highest sentiment score, while CDE exhibited many 
highly positive-scored text and highly negative-scored 
text. These technologies are designed to avoid gener-
ating extreme emotional responses, especially negative 
ones, an advantageous feature for medical applications 
where both a mix of emotional tones and factual, unbi-
ased communication styles are needed.50 Gemini exhib-
ited a predominantly positive sentiment compared with 
ChatGPT in a study.51 AI-generated essays contained 
more language related to affect, authenticity and analyt-
ical thinking compared with student-written essays.52 53

Regarding national language analysis, the results high-
light how LLMs tested in English generally outperform 
their Italian-trained counterparts. Our findings align 
with prior research demonstrating significant variations 
in ChatGPT-4’s performance across different languages, 
particularly favouring English over less-resourced 
languages, due to stronger data availability and more 
extensive fine-tuning.54–56

Regarding persuasiveness, it was observed that ChatGPT-
4-generated messages were reported as more persuasive 
than human-generated messages on some influencing 
factors, like untoward effect and stigmatised perception 
regarding human papillomavirus vaccination.57 More-
over, ChatGPT demonstrated significantly higher perfor-
mance than the general population on all the Levels of 
Emotional Awareness Scale, indicating its great potential 
for health behaviour modification.53

Finally, with specific regard to AMR impact and infec-
tious disease management, similarly low scores for all 
LLMs were observed. This is in line with literature find-
ings. ChatGPT-3.5 obtained generally correct and safe, 
while often being incomplete for questions regarding 
infectious disease pharmacotherapy.22 Montiel-Romero et 
al evaluated ChatGPT’s reliability in antibiotic prescrip-
tion decisions by comparing its recommendations 
with those of infectious disease specialists, finding only 
moderate agreement (51%) in antibiotic choices18 and 
fair agreement (42%) in identifying resistance mech-
anisms.18 On the other hand, ChatGPT was tested on 
assisting in documentation, patient communication and 
medical education,19 and creating culturally and linguis-
tically tailored AMR awareness messages was explored,20 
with mixed findings. Concerns about data privacy, secu-
rity and hallucinations in AI-generated responses necessi-
tate human oversight. Also, the quality varied significantly 
across languages. Giacobbe et al reported how the infor-
mational quality of the generated responses is suitable 
for the general public but not necessarily useful to 
professionals.21

Careful consideration should be given to the public 
health implications, both benefits and risks, of using these 
tools across general and professional populations. Our 
findings suggest that LLMs provide medical information 

of reasonable quality. However, their uncritical use 
should be avoided, as they are not a substitute for clinical 
judgement, especially in infectious disease and antibiotic 
management and its related complexity. Appropriate 
technical use and human oversight are essential to miti-
gate risks like misinformation from internet sources58 and 
ensure that LLM outputs, which vary in readability and 
reliability across models and languages, are effectively 
understood by the general population. As no single LLM 
consistently excels across all medical domains, collabora-
tive human-AI frameworks must be adopted.

Strengths and limitations
A limitation of this study is that the evaluated LLMs corre-
spond to versions that precede those currently available. 
However, these models share the same general structure 
and are closely aligned with the latest versions. Moreover, 
technological advancements in this field progress more 
rapidly than rigorous validation studies with sound meth-
odology. Another limitation is that reproducibility across 
prompts was assessed empirically, without controlling 
hyperparameters such as temperature or seed values 
to standardise outputs. However, this can also be seen 
as a strength, as the chosen LLM interaction approach 
closely mirrors real-world user interactions. For instance, 
Gemini’s self-inhibition mechanism would not have been 
captured through remote application programming 
interface interaction but was observable only through 
simulated live interactions. Another limitation consists of 
having restricted CTA to English, which, though appro-
priate, might limit useful information regarding Italian-
based LLM performance.

A key point concerns Gemini providing only five outputs 
for evaluation. While this self-inhibition demonstrates 
a valuable aspect of responsible information dissemina-
tion, it also poses a major limitation, as the small sample 
size may limit the generalisability of the findings for 
this LLM. Nonetheless, Gemini was evaluated through 
a comprehensive, multidimensional approach, and the 
results from these five outputs yielded statistically signifi-
cant differences, indicating the sample was still adequate 
to detect relevant contrasts. On a further note, as one 
of the three major LLMs, Gemini’s inclusion is essential 
for a complete comparison with ChatGPT and Claude. 
Moreover, Gemini’s self-interruption after five scenarios 
is itself a finding that warrants sharing with the scientific 
community. A strength consists of having tested LLMs 
with prompts in both Italian and English. Additionally, a 
large number of scores were collected, which contributed 
to the statistical significance of the observed differences. 
Agreement among raters, which, while slightly above the 
threshold for substantial acceptability, indicates a reason-
able level of consistency in evaluation. The observed 
inter-rater agreement, though acceptable, may reflect 
subjective differences in perception or challenges in 
assessing certain aspects, such as AMR impact or persua-
siveness. To account for this and ensure reliable ORs, the 
study deployed a mixed-effect ordered logistic model with 
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random effects for the ‘scores’ variable. Finally, our study 
for the first time also considers the paediatric population, 
proposing clinical-diagnostic questions related to antibi-
otic therapies in children. This finding is of particular 
interest given the possible influence of digital technolo-
gies and AI on parents' diagnostic-therapeutic decisions.

CONCLUSIONS
LLMs represent a significant technological advancement 
for the field of medical advice and health promotion. By 
simulating real-life user interactions guided by expert-
designed questions, this study is the first to conduct an 
in-depth evaluation of LLMs as medical informational 
tools, specifically assessing their reliability in providing 
guidance on appropriate antibiotic use and AMR control. 
Further research is necessary to examine further LLMs on 
this topic and expand the comparison to human-doctor 
interactions, comparing AI-generated outputs with real 
healthcare providers’ advice. This will be essential to 
determine the extent to which LLMs can complement 
medical decision-making and patient education in real-
world clinical settings. Given their widespread diffusion 
and great interaction capability, it is crucial to evaluate 
them from a public health perspective.
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