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Abstract
Aims: The aim of this study is to use generative artificial intelligence to perform bibliometric analysis on abstracts published at European Resus-

citation Council (ERC) annual scientific congress and define trends in ERC guidelines topics over the last decade.

Methods: In this bibliometric analysis, the WebHarvy software (SysNucleus, India) was used to download data from the Resuscitation journal’s

website through the technique of web scraping. Next, the Chat Generative Pre-trained Transformer 4 (ChatGPT-4) application programming inter-

face (Open AI, USA) was used to implement the multinomial classification of abstract titles following the ERC 2021 guidelines topics.

Results: From 2012 to 2022 a total of 2491 abstracts have been published at ERC congresses. Published abstracts ranged from 88 (in 2020) to 368

(in 2015). On average, the most common ERC guidelines topics were Adult basic life support (50.1%), followed by Adult advanced life support

(41.5%), while Newborn resuscitation and support of transition of infants at birth (2.1%) was the least common topic. The findings also highlight that

the Basic Life Support and Adult Advanced Life Support ERC guidelines topics have the strongest co-occurrence to all ERC guidelines topics, where

the Newborn resuscitation and support of transition of infants at birth (2.1%; 52/2491) ERC guidelines topic has the weakest co-occurrence.

Conclusion: This study demonstrates the capabilities of generative artificial intelligence in the bibliometric analysis of abstract titles using the exam-

ple of resuscitation medicine research over the last decade at ERC conferences using large language models.
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Introduction

Bibliometric analysis has been previously conducted to evaluate

research trends in resuscitation science. It is defined as the applica-

tion of mathematical and statistical methods to critically assess pub-

lication activity in different research areas.1 Over the past decade,

management of ventricular fibrillation and targeted temperature man-

agement have received considerable research attention, but recently

palliative care, extracorporeal membrane oxygenation and brain

injury have generated increased activity.2 Identifying relevant and

quality information is challenging as the quantity and volume of

scientific literature is increasing.3 Chat Generative Pre-trained
Transformer (ChatGPT) (Open AI, USA) can be used as a tool for

conducting bibliometric analysis.4

ChatGPT is an artificial intelligence tool that incorporates a

sophisticated language model, trained on a large amount of data

from the web and other sources, which enables it to automatically

generate text for various purposes - answering questions and per-

forming different tasks that require understanding the context and

using natural, human like language.5

The aim of this study was to demonstrate “proof of concept” to

perform bibliometric analysis using ChatGPT to extract quantitative

information from large amounts of text and present research trends

in resuscitation science from the European Resuscitation Council

(ERC) annual scientific congresses over the past decade.
ns.
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Methods

This study was conducted in four phases between April and May

2023. In the first phase, we used a licensed version of web scraping

software called WebHarvy (SysNucleus, India).6 This software

allows users to download data from various websites of interest in

a systematic fashion. We downloaded abstract titles, types of pre-

sentation, and first author affiliation from the ERC annual scientific

congresses available on the website of the journal Resuscitation.

In the second phase, two experts in emergency medicine created

definitions for all eleven ERC 2021 guidelines topics.7 These defini-

tions were formulated by using keywords from the ERC 2021 guide-

lines unique to each ERC guideline topic,8–19 as detailed in

Supplement A. Subsequently, in the phase three, we used program-

ming language Python (Python Software Foundation, Wilmington,

USA), version 3.9, where formulated definitions were used as an

input for ChatGPT-4 application programming interface (API)20 with

the goal to classify abstract titles into one or more ERC 2021 guide-

line topics. The function call details are in Supplement B which

includes the used prompt for the ChatGPT-4 API. During the fourth

phase, the categorization of ten abstract titles, randomly selected

and aligned with ERC 2021 guidelines topics by the ChatGPT-4

API, was compared against classifications conducted manually by

an expert as described above. In the last phase, statistical analysis

and visualization of the results were conducted in Microsoft Office

Excel 2021 and software R (R Foundation for Statistical Computing,

Vienna, Austria), version 4.1.0.21 During this phase, we manually

grouped results into three groups: (Group 1: Basic life support, Adult

advanced life support, Paediatric life support, Newborn resuscitation

and support of transition of infants at birth; Group 2: Post-

resuscitation care, Epidemiology of cardiac arrest in Europe, Cardiac

arrest in special circumstances, First Aid; Group 3: Systems saving

lives, Education for resuscitation, Ethics of resuscitation and end-

of-life decisions) with the goal of enhancing the presentation of the

results.

Results

From 2012 to 2022 a total of 2491 abstracts were published at ERC

congresses. Published abstracts ranged from 368 (2015) to 88

(2020). Due to the Coronavirus disease 2019 pandemic, ERC con-

gress was held virtually in 2020—the only year it was a fully virtual

conference. Each year abstracts were submitted by teams of authors

from 29 to 43 countries, with a total of 68 countries represented. The

UK had the most accepted abstracts (11.5%; 285/2491), followed by

Spain (10.5%; 262/2491), Germany (6.4%; 158/2491), and Japan

(5.7%; 141/2491). The largest number of studies came from Europe

(73.4%; 1827/2491), followed by Asia (18.6%; 462/2491) (Table 1).

Posters were the most common type of presentation (80.2%;

1997/2491). A comparative analysis between expert manual classifi-

cation of abstract titles into ERC guidelines topics and the ChatGPT-

4 API revealed an average misclassification rate of fewer than 2 out

of 11 ERC guidelines topics. The most common ERC guidelines

topic was Basic life support (50.1%; 1247/2491), followed by Adult

advance life support (41.5%; 1034/2491) and Systems saving lives

(40.1%; 1000/2491). Accepted abstracts in the Education for resus-

citation ERC guidelines topic (36.0%; 898/2491) have declined from

52.3% in 2016 to 25.0% in 2022, whereas as Epidemiology of
cardiac arrest in Europe (24.3%; 605/2491), and Paediatric life sup-

port (9.3%; 231/2491) ERC guidelines topics increased, the first one

for 13.5% (22.7% in 2012 to 36.2% in 2022) and second one for

10.9% (6.1% in 2012 to 17.0% in 2020). An interesting interaction

can be observed for Post-resuscitation care (29.4%; 733/2491) and

First Aid (7.4%; 185/2491) ERC guidelines topics in 2016 – showing

a similar increase and decrease, more precisely the first decreases

by 13.4% from 37.5% the previous year, whereas the second

increases by 9.2% from 6.5% (Fig. 1). Fig. 2 illustrates that the Basic

life support and Adult advanced life support ERC guidelines topics

have the strongest co-occurrence to all ERC guidelines topics, where

the Newborn resuscitation and support of transition of infants at birth

(2.1%; 52/2491) ERC guidelines topic has the weakest co-

occurrence. Paediatric life support ERC guidelines topic in most of

them focuses on Education for resuscitation, Systems saving life,

and First aid topics, while Ethics of resuscitation and end-of-life deci-

sions (4.6%; 1142491), Epidemiology of cardiac arrest in Europe,

Special circumstances (13.4%; 334/2491), and Post-resuscitation

care ERC guidelines topics research is lacking. Linear trend analysis

at a standard 0.05 significance level for each ERC guidelines topic

showed, that only two ERC guidelines topics - the Epidemiology of

cardiac arrest in Europe (t = 2.553, p = 0.034) and Paediatric life sup-

port (t = 2.323, p = 0.049) had a statistically significant positive linear

trend.

Discussion

In this proof-of-concept project, we demonstrated the ability of

ChatGPT-4 API to classify abstract titles from ERC congresses into

eleven discrete ERC guidelines topics. Our results showed that the

Basic life support ERC guidelines topic is a well-established domain

that connects to all other ERC guidelines topics. This can be attrib-

uted to the history of the ERC guidelines, where the Basic life sup-

port ERC guidelines topic was present for the first time in 1992.21

On the other hand, the ERC guidelines topic of Newborn resuscita-

tion and support of transition of infants at birth was added more

recently, in 2010.22 For the Basic life support ERC guidelines topic,

the most frequent ERC guidelines topics at ERC congresses were

related to out-of-hospital cardiac arrest, safety, symptom recognition,

chest compressions and ventilation, and automated external defibril-

lator use. A study of the fifty most cited articles in emergency med-

icine journals found that ERC guidelines topics related to cardiac

arrest, pain and toxicology were the most common. The creation

and development of a unique knowledge base depends on the pub-

lication of scientific papers in peer-reviewed journals and abstract

presentations at conferences. However, in journals not specifically

related to emergency medicine, the range of topics in this area were

broader. Among the fifty most cited nonemergency medicine articles,

most of them were related to cardiology, sepsis, neurology, and a

smaller proportion were related to the medical fields like psychiatry,

endocrinology, hematology or radiology.23 Another bibliometric study

presented that the focus was on topics related to Adult advanced life

support, such as therapeutic hypothermia and extracorporeal mem-

brane oxygenation.2

This study also demonstrates the effectiveness of large language

model (LLM) based approaches like GPT-45,24 in performing biblio-

metric analysis. However, it should be noted that using LLMs also

reduces the credibility of results as the level of trustworthiness in



Table 1 – Features of the abstract’s proceedings in the ERC congresses.

Year of ERC congress Host country Number of

abstracts

Number of participating

countries

The country with the most contributions

2022 Belgium 196 41 United Kingdom (31/196; 15,8 %)

2021 / / / /

2020 Online 88 29 United Kingdom (15/88; 17,1 %)

2019 Slovenia 253 43 United Kingdom (24/253; 9,5 %)

2018 Italy 324 40 Italy (40/324; 12,4 %)

2017 Germany 230 31 Germany (34/230; 14,8 %)

2016 Island 216 39 United Kingdom, Poland (19/216; 8,8 %)

2015 Czech Republic 368 40 Spain (47/368; 12,8 %)

2014 Spain 278 36 Spain (73/278; 26,3 %)

2013 Poland 229 38 United Kingdom (24/229; 10,5 %)

2012 Austria 309 37 United Kingdom (39/309; 12,6 %)

Total / 2491 68 United Kingdom (285; 11,5 %)

Fig. 1 – Proportion of categorized abstract titles using ChatGPT-4 API with respect to ERC guidelines topics grouped

into three districts groups.
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the results produced from LLMs is still relatively low.25 Therefore, it is

important to ensure that manual inspection of the results is per-

formed, at least in the first few iterations of the task being targeted

for automation. Like other research applications, the training data

available to ChatGPT-4 API represents a limitation. In the case of

bibliometric analysis, there are many papers that are not freely

accessible, which may be the reason why information from these

papers cannot be extracted, at least not in a time-saving, automated

manner.26 However, the increasing amount of freely available scien-

tific literature will not only open new opportunities to analyze vast

amounts of literature, but also improve the extraction and other bib-

liometric analysis related tasks of the LLMs.

There are also some limitations that were observed during the

study and should be mentioned. First, we only used abstract titles

and not full abstracts. This problem occurred because all abstracts
were available online in separate PDF files on Resuscitation website.

In the future, full abstracts might be more readily available for down-

load, enabling full abstract analysis. The second limitation is that we

were only able to download data for the first author. With this limita-

tion we could not perform additional analyses in the form of biblio-

metrics parameters related to the author as was done in other

studies.2,26,27 This type of analysis requires processing significant

amounts of non-structured data and other relevant metrics28 beyond

the scope of the current work.
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Fig. 2 – Visualisation of co-occurrence of ERC guidelines topics.
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Nino Fijačko is a member of the ERC BLS Science and Education

Committee. Robert Greif is ERC Director of Guidelines and ILCOR,

and ILCOR Task Force chair for Education Implementation and

Team. Other authors declare that they have no conflict of interest.

Benjamin S. Abella reported serving on the American Heart Associ-

ation Resuscitation Science Symposium committee.

Appendix A. Supplementary material

Supplementary data to this article can be found online at https://doi.

org/10.1016/j.resplu.2024.100584.

Author details

aUniversity of Maribor, Faculty of Health Sciences, Maribor,

Slovenia bERC Research Net, Niels, Belgium cMaribor University

Medical Centre, Maribor, Slovenia dColumbia University School of

Nursing, New York, NY, USAeCenter for Resuscitation Science and

Department of Emergency Medicine, University of Pennsylvania,

Philadelphia, PA, USA fUniversity of Ljubljana, Faculty of Medicine,

Ljubljana, Slovenia gMedical Dispatch Centre Maribor, University

https://doi.org/10.1016/j.resplu.2024.100584
https://doi.org/10.1016/j.resplu.2024.100584


R E S U S C I T A T I O N P L U S 1 8 ( 2 0 2 4 ) 1 0 0 5 8 4 5
Clinical Centre Ljubljana, Ljubljana, Slovenia hUniversity of Bern,

Bern, Switzerland iSchool of Medicine, Sigmund Freud University

Vienna, Vienna, Austria jUniversity of Maribor, Faculty of Electrical

Engineering and Computer Science, Maribor, Slovenia kUsher

Institute, University of Edinburgh, Edinburgh, United Kingdom
R E F E R E N C E S
1. Pritchard A. Statistical bibliography or bibliometrics? J Doc

1969;25:348–9.

2. Jia T, Luo C, Wang S, et al. Emerging trends and hot topics in

cardiopulmonary resuscitation research: a bibliometric analysis from

2010 to 2019. Med Sci Monit 2020;26:e926815.

3. Rodrigues SP, van Eck NJ, Waltman L, Jansen FW. Mapping patient

safety: a large-scale literature review using bibliometric visualisation

techniques. BMJ Med 2014;4:e004468.

4. Nakaya Y, Higaki A, Yamaguchi O. ChatGPT’s ability to classify

virtual reality studies in cardiology. Eur Heart J Digit Health

2023;4:141–2.

5. Kleesiek J, Wu Y, Stiglic G, Egger J, Bian J. An opinion on ChatGPT

in health care - written by humans only. J Nucl Med 2023;64:701–3.

6. Webharvy. (Accessed 30 January 2024, at: https://www.

webharvy.com/).

7. Perkins GD, Graesner J-T, Semeraro F, et al. European

Resuscitation Council guidelines 2021: executive summary.

Resuscitation 2021;161:1–60.

8. Gräsner JT, Herlitz J, Tjelmeland IB, et al. European Resuscitation

Council guidelines 2021: epidemiology of cardiac arrest in Europe.

Resuscitation 2021;161:61–79.
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12. Lott C, Truhlář A, Alfonzo A, et al. European Resuscitation Council

guidelines 2021: cardiac arrest in special circumstances.

Resuscitation 2021;161:152–219.
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