
© SEMES

15www.reue.org	 Nogué-Xarau S, et al. Rev Esp Urg Emerg. 2024;3:15-19

Author Affiliations: 1Fundación Española de Toxicología Clínica, Barcelona, Spain. 2Área de Urgencias, Hospital Clínic, Barcelona, Spain. 
3Departamento de Farmacología Clínica, Hospital Clínic, Barcelona, Spain.
Corresponding Author: Santiago Nogué-Xarau. Fundación Española de Toxicología Clínica.
E-mail: snoguex@gmail.com
Article Information: Received: 21-12-2023. Accepted: 26-12-2023. Online: 3-1-2024.
Editor in Charge: Guillermo Burillo-Putze.

Revista Española de Urgencias y Emergencias

Assessing 4 artificial intelligence systems’ knowledge 
of a subspecialty of emergency medicine: 
clinical toxicology
Santiago Nogué-Xarau1, Montserrat Amigó-Tadín2, José Ríos-Guillermo3

Evaluación de los conocimientos de varios sistemas de inteligencia 
artificial sobre una subespecialidad de la medicina de urgencias 
y emergencias: la toxicología clínica

REUE | Original Article

OBJETIVO. La inteligencia artificial (IA) es una disciplina de la informática que se encarga de crear sistemas capaces de realizar ta-
reas que se atribuyen a la inteligencia humana. El objetivo principal de este estudio ha sido evaluar las respuestas de algunas IA a 
preguntas del campo de la toxicología clínica (TC).

MATERIAL Y MÉTODOS. Se han valorado cuatro aplicaciones de IA: ChatGPT, Bing, LuzIA y Bard. Para evaluar sus conocimientos 
en TC se les formularon 30 preguntas sobre diversos aspectos de la TC. Cada pregunta ofrecía cinco opciones de respuesta, de las 
cuales sólo una era correcta. Se evaluó el acierto/error en la respuesta, así como si había apoyo bibliográfico. Si se detectaban res-
puestas erróneas, se reformuló la misma pregunta, pero utilizando otra forma de lenguaje para evaluar de nuevo la respuesta y ver 
si la misma era sensible a la calidad de la pregunta. Los datos se introdujeron en una base SPSS para su análisis estadístico. Se 
consideró significativo un valor de p < 0,05.

RESULTADOS. Los porcentajes de respuestas acertadas fueron del 70% (Bing), 67% (ChatGPT y LuzIA) y 57% (Bard), sin diferencias 
estadísticamente significativas. Al reformular las preguntas en los casos en los que la respuesta de la IA había sido errónea, los por-
centajes de aciertos subieron en los cuatro sistemas, pero sin diferencias significativas. En sus respuestas, Bing ofreció el acceso di-
recto a tres citas bibliográficas y Bard a cuatro, pero su presencia en PubMed era muy baja (7,2% y 0,85% respectivamente).

CONCLUSIONES. Los cuatro sistemas de IA han mostrado una capacidad de acierto en más del 50% de las preguntas formuladas 
de TC. No obstante, el soporte bibliográfico que proporcionan es escaso y de muy baja calidad.
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BACKGROUND AND OBJECTIVE. Artificial intelligence (AI) is a branch of computer technology that develops systems able to 
perform tasks associated with human intelligence. The main objective of this study was to evaluate AI answers to questions related 
to clinical toxicology.

MATERIALS AND METHODS. We evaluated 4 AI applications: ChatGPT, Bing, LuzIA, and Bard. Thirty multiple-choice test questions 
in Spanish about various aspects of clinical toxicology were presented to the applications, and the answers were assessed. Each 
question included 5 possible answers, 1 of which was correct. In addition to correctness, we evaluated the bibliographic support 
each application provided. If the application gave an incorrect answer, we rephrased the question, presented it again, and 
reevaluated the new answer to detect whether question quality influenced performance. Data were recorded for analysis with SPSS. 
The level of statistical significance was set at P < .05.

RESULTS. The scores achieved by the AI applications were as follows: Bing, 70%; ChatGPT and LuzIA, 67% each; and Bard, 57% 
(P > .05). The scores improved after the incorrect questions were rephrased, but the differences were not significant. Bing included 
direct access to 3 references per question and Bard to 4. However, only 7.2% and 0.85% of the references, respectively, were to 
PubMed-indexed sources.

CONCLUSIONS. All 4 AI applications were able to correctly answer more than half the questions about clinical toxicology. After 
rephrasing some questions, each system achieved more correct answers. The supporting references the applications provided were 
few and of poor quality.
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Introduction
Artificial intelligence (AI) is a new field within computer 

science characterized by its ability to perform tasks that sim-
ulate human intelligence, including the rapid resolution of 
complex problems.1 These systems require large volumes of 
data for training, as well as mathematical and statistical al-
gorithms and models that enable them to process this infor-
mation. All of this operates within supercomputers equipped 
with high data storage and processing capacity, allowing 
them to perform trillions of operations per second.2

The uses of AI systems in everyday life are numerous 
and include web-based mapping applications that indicate 
the best route between locations, virtual assistants (chat-
bots), spam filters in email, facial recognition in mobile de-
vices, and automatic language translation systems, among 
others.3

In university education, AI could potentially provide in-
dividualized tutoring for students through chatbots capable 
of answering questions, offering guidance on available re-
sources, or suggesting learning strategies.4 AI can also as-
sist in grading exams by identifying plagiarism or highlight-
ing errors that a human grader might overlook due to 
factors such as fatigue.

In the field of health sciences, AI could help identify 
risk factors for disease within specific populations by ana-
lyzing their health data. It may also assist in reviewing im-
aging modalities such as mammograms to support radiolo-
gists in screening for suspicious cancer-related findings and 
could enhance patient care through electronic devices ca-
pable of detecting cardiac arrhythmias,5,6 among other ap-
plications. In emergency and critical care medicine, AI-
based tools have been evaluated to aid in suggesting 
diagnoses for the most prevalent diseases encountered in 
emergency departments. Although early results are promis-
ing, such systems still require clinical supervision by the at-
tending medical team.7

One subspecialty within emergency medicine is clinical 
toxicology (CT),8 a discipline focused on the diagnosis and 
treatment of poisonings. The most widely available AI sys-
tems have not been specifically trained in CT; therefore, the 
primary objective of this study was to evaluate the ability of 
several AI systems to answer questions related to clinical toxi-
cology, and as secondary objectives, to determine whether 
these systems are sensitive to the quality of the question 
posed, to analyze the speed and depth of their responses, 
and to assess the bibliographic support they provide.

Material and methods
We evaluated a total of 4 AI systems based on 3 inclu-

sion criteria: free access, real-time question–answer interac-
tion through a chat interface, and operation in the Spanish 
language. Among the available options, ChatGPT, Bing, 
LuzIA, and Bard were selected, as the authors were most 
familiar with these applications (Table 1). All evaluations 
were performed during May 2023.

To assess the adequacy of the responses in relation to 
clinical toxicology, the systems were tested with a multi-
ple-choice examination consisting of 30 questions, identi-
cal to the one administered to Toxicology students at the 
School of Medicine, Universidad de Barcelona (Barcelona, 
Spain), in June 2019. Each question offered five possible 
answers, only one of which was correct. The questions and 
answer options were prepared by one of the authors (SN). 
Each question was entered into the AI chat, requesting the 
system to indicate which of the five options it considered 
correct. The AI responses—provided in text format—were 
categorized as correct or incorrect by consensus between 
two expert authors in CT (SN and MA).

The response latency (in seconds) and length of re-
sponse (in number of words) were recorded. It was also 
noted whether the responses included bibliographic refer-
ences, and in such cases, whether the citations were real 
or fabricated and, if real, whether they were indexed in 
PubMed.

If incorrect responses were detected, the correspond-
ing question was reviewed and rephrased to improve clari-
ty and remove possible ambiguities. The reformulated 
question, with the same answer options, was resubmitted 
to the AI system that had failed, to assess whether this 
modification altered its response.

Statistical analysis (performed by author JR) was con-
ducted using SPSS software (version 26). Results were ex-
pressed as absolute numbers, percentages (%), or medians 
with interquartile range (IQR; 25th–75th percentile) for quali-
tative or quantitative variables, respectively. The correct-
ness (correct/incorrect) of responses was evaluated using 
the McNemar test. To compare response times and word 
counts, a Generalized Estimating Equation (GEE) model 
was applied, accounting for intra-AI variability (as each 
question was answered by all four systems). Quantitative 
variables were converted to ranks for a nonparametric ap-
proximation. A P value < .05 was considered statistically 
significant.

Table 1. Methodological aspects of the study: evaluated artificial intelligence systems
Name Version Developer Electronic access link

ChatGPT 3.5 OpenAI https://chat.openai.com
Last accessed December 23rd, 2023

Bing Version available in May 2023 Microsoft https://www.bing.com
Last accessed December 23rd, 2023

LuzIA Version available in May 2023 Fundación LuzIA https://web.whatsapp.com
Last accessed December 23rd, 2023

Bard 1.0 Google https://bard.google.com/chat?hl=es
Last accessed December 23rd, 2023
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Results
The main results are presented in Table 2. All 4 AI sys-

tems passed the toxicology test, with accuracy rates ranging 
from 56.7% (ChatGPT) to 70% (Bing), with no statistically sig-
nificant differences among them. Medical students achieved 
72% correct answers on the same examination. All four AIs 
answered 17 questions (56.7%) correctly, 5 questions (16.7%) 
incorrectly, and in the remaining 8 questions (26.7%), some 
systems responded correctly while others failed.

Response initiation times were very fast, particularly for 
ChatGPT (median 5.78 seconds), which was significantly 
faster than the other systems (P < .001). Regarding verbosi-
ty, ChatGPT and LuzIA produced notably longer answers, 
whereas Bing and Bard were much more concise (P < .001).

When incorrectly answered questions were reformulat-
ed using clearer and more precise language, all four sys-
tems improved their performance.

Neither ChatGPT nor LuzIA provided bibliographic ref-
erences to support their answers. Bing included a median 
of 3 references per response; all were real, and 24.7% cor-
responded to journals in health sciences (medicine, nurs-
ing, or pharmacy), though only 7.2% were indexed in Pu-
bMed. Bard, in contrast, supplied a median of 4 references 
per response, but 89.8% were fabricated, as neither the ti-
tle, authors, nor journal matched actual publications, and 
only 0.85% were indexed in PubMed.

Discussion
All 4 AI systems demonstrated substantial knowledge of 

clinical toxicology, successfully passing the proposed exami-
nation. Medical students at the Universidad de Barcelona 
achieved a 72% correct response rate on the same test. 
Other authors have previously shown that these systems can 
even pass the United States Medical Licensing Examination 
(USMLE), as ChatGPT-4 answered correctly in 90% of the 
questions.9 This level of performance suggests a potential 
for AI systems to assist in professional medical practice, par-
ticularly when managing databases containing thousands of 
patients10 or when dealing with complex clinical cases.11 
Their potential has already been highlighted in several med-
ical fields, including forensic medicine,12 public health,13 
pharmacology,14 ophthalmology,15 cardiology,16 oncology,17 
pulmonology,18 neurology,19 neurosurgery,20 hepatology,21 
dentistry,22 and angiology,23 among others.24 Nonetheless, 
these AI systems—despite their sophisticated natural lan-
guage capabilities based on vast datasets—are not infallible. 
They make mistakes resulting from a lack of genuine com-
prehension of the text they generate, which could lead to 
malpractice in clinical settings.25 The World Health Organiza-
tion (WHO) has published a report on the ethics of AI in 
health, outlining 6 guiding principles for its design and use: 
to protect human autonomy; promote human well-being; 
ensure transparency; foster accountability; guarantee fair-

Table 2. Results obtained from artificial intelligence responses (n = 30) to clinical toxicology questions (n = 4)
ChatGPT Bing Luzia Bard

Accuracy–error when answeringCorrect N (%) 17 (56.67) 21 (70.00) 20 (66.67) 20 (66.67)
Incorrect N (%) 13 (43.33) 9 (30.00) 10 (33.33) 10 (33.33)

P value vs ChatGPT  1.000 1.000 0.581
P value vs Bing   1.000 0.344
P value vs LuzIA    0.607

Response latency (seconds) Median [P25th; P75th] 5.78 [4.42; 6.73] 9.81 [8.00; 10.90] 21.54 [18.11; 25.61] 12.03 [7.08; 15.53]
Range 3.56 to 10.17 5.43 to 21.08 13.79 to 36.13 4.58 to 19.64
n 30 30 30 30
P value vs ChatGPT  < 0.001 < 0.001 < 0.001
P value vs Bing   0.248 < 0.001
P value vs LuzIA    < 0.001

Number of words per response Median [P25th; P75th] 139 [110; 168] 21 [14; 35] 139 [95; 171] 15 [12; 30]
Range 42 to 213 6 to 96 11 to 199 6 a 65
n 30 30 30 30
P value vs ChatGPT  < 0.001 < 0.001 0.672
P value vs Bing   0.128 < 0.001
P value vs LuzIA    < 0.001

Review and reformulation 
of incorrectly answered 
questions: new accuracy–
error rate

Correct N (%) 19 (63.33) 24 (80.00) 23 (76.67) 25 (83.33)

Incorrect N (%) 11 (36.67) 6 (20.00) 7 (23.33) 5 (16.67)
 P value vs ChatGPT  1.000 0.625 0.289

P value vs Bing   1.000 0.125
P value vs LuzIA    0.109
P value comparing each AI before 

and after reformulated questions 0.250 0.250 0.063 0.500

No. of bibliographic references per response (n [IQR]) 0 3 [2.75; 4.00] 0 4 [3.00; 4.25]
Total No. of references across 30 responses (n) 0 97 0 118
Verified existing references, n (%) Not applicable 97 (100) Not applicable 12 (10.17)
Real references from medical, pharmacy, or nursing journals, n (% of total) Not applicable 24 (24.7) Not applicable 1 (0.85)
Real references indexed in PubMed (% of total) Not applicable 7 (7.2%) Not applicable 1 (0.85%)
IQR: interquartile range (25th–25th percentiles).
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