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Abstract—Because of their potentially serious consequences,
Medication errors (ME) represent a major challenge for health-
care facilities. To manage these errors and minimize their serious-
ness, healthcare professionals follow a collaborative management
process that relies on reporting and then analyzing the reports
filled in by them via various reporting tools, both digital and
paper-based. These tools can be customized requiring specific
information to be entered in multiple forms with commonly the
presence of textual descriptions to fill in a free-text field. There-
fore, text analysis is crucial for thoroughly understanding and
effectively analyzing medication errors. Given the large volume of
reports to be quickly processed, it is essential to help healthcare
professionals prioritize which ME to analyze. In this context,
we propose, in this work, processing ME reports with natural
language processing tasks using Transformer models such as
GPT. In this study, we present the extraction of key information
from the reports to help structure textual descriptions of ME
with the GPT-4 transformer model. The results obtained show the
potential of this model to extract relevant information from ME
descriptions in French language without any deep fine-tuning.

Index Terms—Risk Management, Natural Language Process-
ing, Data extraction, Transformer Model, Medication Error,
Medication Use Process.

I. INTRODUCTION

In the medical field and along the care pathway, medication
errors (MEs) are among the critical risks affecting patient
safety. They encompass any unintentional error made by a
healthcare professional, patient, or any other person, occurring
during the care process involving a medicine from prescription
to administration and monitoring [1]. These errors can have
varying levels of severity, compromising the effectiveness of
care. Thus, managing these risks associated with the hospital

Medication Use Process (MUP) is important for improving
patient safety and optimizing therapeutic outcomes.

To achieve this, in France, the management of those risks is
organized across three levels [2]: (1) the internal level within
Healthcare Facilities (HFs), (2) the regional level orchestrated
by Regional Health Agencies (RHA), and Regional Support
Structures (RSS), and (3) the national level represented by
the High Authority for Health (HAS). Each of these levels
plays a predominant role in (i) the analysis of medication
error, (ii) the establishment of action plans, and (iii) the
development of frameworks, standards, recommendations, and
regulatory best practices aimed at minimizing the risks of MEs.
However, despite these risks being managed at different levels,
allowing for nationwide general management, there remains a
significant number of risks that are not reported at either the
regional or national levels and must be managed internally
by the healthcare facility. Among these risks are medication
errors (MEs), which can have serious consequences, and recur
in different care units, but cannot all be managed at once.
Therefore, in our work, we focus on the management of
medication errors within the internal operations of healthcare
facilities. Therefore, in our work, we focus on the management
of ME within the internal level in french public or private HFs.

At this level, HFs have established a management process
that includes reporting MEs, analyzing their causes and effects
within the Experience Feedback Committee (EFC) meeting,
and finally implementing and monitoring corrective and pre-
ventive action plans. However, the application of this process
faces major obstacles, particularly the inadequacy of existing
approaches for managing all MEs occurring across various



services and within the time constraints imposed by each
facility’s internal regulations. This reality highlights the urgent
need to find new approaches to support the EFC in their risk
management sessions. Given this current manual and time-
consuming approach, it is nearly impossible to effectively
and quickly cover all reported MEs for a period occurring
across different services during the same meeting. This situa-
tion raises a primary issue of how best to assist healthcare
professionals in managing MEs internally at the hospital.
Among the considered solutions, the automation of some steps
of the ME management process, particularly when selecting
MEs to analyze, emerges as a promising path. It offers the
hope of a faster and more reliable response to this problem,
ensuring optimal patient safety within healthcare facilities. To
do so Artificial Intelligence (AI) and data science models have
proved their transformative potential for enhancement within
different fields. They can process vast amounts of data rapidly,
allowing professionals to analyze several data in an optimized
timing compared to the time required for the current methods.
Furthermore, data science techniques, such as natural language
processing (NLP), can be applied to identify patterns and
trends in different forms.

From their proven capability to significantly transform data
processing and analysis across various fields, we decide for
the same objective of enhancing patient safety and care quality
within HFs, to integrate AI and data science techniques into the
analysis of MEs. By applying NLP and employing powerful
transformer models such as GPT-4, we aim to delve deeper
into the textual data of ME descriptions. Within this approach,
we aim to rapidly extract important information and discern
patterns that traditional methods might overlook. This initiative
is driven by the desire to help healthcare professionals rapidly
understand the ME occurring in the HF and establish more
effective prevention strategies, ultimately leading to a more
secure patient’s care pathway.

In this work, we present the use of NLP tasks to extract
several important information from ME reports. In Section II,
we present the general context of our work, namely the internal
hospital ME management process, which relies on analyzing
descriptive textual reports. The textual form of those reports
presents an initial challenge to automating this process. To
address this, we will present AI techniques that have emerged
in the medical field and can help structure ME reports. Fi-
nally, the section concludes with the presentation of language
Transformer models. Section III presents the application of the
GPT-4 model on ME reports for understanding and structuring
MEs. Lastly, we present our conclusions and perspectives in
Section IV.

II. ME MANAGEMENT BACKGROUND AND AI
APPLICATIONS

In this section, we explore the current methodology for
managing risks related to the MUP at the internal level of
the HFs. Then we present the the application of AI within the
medical field, highlighting their relevance and impact. Finally,

Fig. 1. Internal process of ME management in hospitals

we discuss the transformative potential of Transformer models
architecture, examining the main existing models.

A. Internal management process of medication errors in hos-
pitals

In France, the management of MEs internally in hospital
systems follows a process primarily composed of three inter-
dependent steps as shown in Figure 1. Each step plays an
essential role in addressing efficiently and effectively those
errors. In the following, we introduce the three steps:

• Reporting: In this initial step, healthcare professionals
report each medication error by filling out a report form,
which can be either paper-based or digital, depending on
the facility’s preferences. The form can include prede-
fined fields used to gather essential information describ-
ing the ME or a non-structured free textual field, defined
according to the preferences of each HF.

• Analyzing: In this step, an EFC composed of different
healthcare professionals reviews previously reported er-
rors to understand their causes and effects. Based on this
analysis, they develop corrective and preventive action
plans aiming to prevent future occurrences of similar
errors. They convene two to three times a year for
meetings that last no more than two hours each.

• Correcting/preventing: In this stage, the corrective and
preventive action plans developed during the analysis
phase are put into practice. The implementation of these
actions is continuously monitored to ensure they are
effective.

This structured process helps address individual errors. It
also contributes to a culture of continuous improvement and
safety within hospital systems, ultimately enhancing patient
care quality and safety. However, it suffers from several
limitations, mainly related to the dependency on the reporting
phase.

In this context, the management revolves around reports
in reporting systems designed to collect specific information
characterizing each ME. These systems often require the
reporter (healthcare professional) to fill out forms detailing the
error, combining textual descriptions with structured elements
such as checkboxes, drop-down lists, or pre-filled fields set
differently depending on the HFs and their specialties. These
descriptions help explain the context and circumstances of the
error, while the structured elements facilitate understanding,
classification, and statistical analysis of MEs. Nonetheless,
this process can suffer from under-reporting due to staff
workload, fear of sanction, or lack of feedback following
previous reports.



Moreover, the effectiveness of analyzing the reports can
be limited by the quality of the information provided, which
varies depending on the reporter’s ability to effectively com-
municate the details of the error, lack of time, or other factors.
After a detailed study of existing practices and a comparison
of various management strategies of different hospitals in
France, we have identified that the major obstacle lies in the
heterogeneity of the reporting tools used within health estab-
lishments, which vary considerably from one establishment
to another. This diversity, resulting from the customization of
digital or paper reporting systems according to the preferences
of each hospital, leads to a lack of standardization in the
information collected. Furthermore, the tendency to favor free
text entry and the absence of mandatory fields in these tools
result in non-structured and often incomplete reports, thus
limiting the accuracy, depth of error analysis, and the potential
for using data science techniques for automated analysis.

The unstructured free text in reports makes it difficult to
extract consistent and relevant data for analysis. Consequently,
the EFC, responsible for analyzing the root causes of ME and
implementing a corrective and preventive action plan, often has
to refer to supplementary documents, such as patient records
or service and report sheets, to get an overview of the circum-
stances surrounding each error. This does not promote a com-
prehensive understanding of MEs, thus hindering efforts and
time to improve patient safety and quality of care. To overcome
this obstacle, the solution is to structure the reporting phase
using a standard form, to harmonize the collection of essential
data for both the reporting and analysis of MEs. But before
such a form is validated and used, there is an enlarge volume of
ME reports to be utilized to improve the management process.
The commonality among all these reports is the descriptive
text. Thus, this improvement will primarily rely on processing
and extracting relevant information from this descriptive text.

B. AI application in the medical field for language processing

The integration of AI in healthcare represents a significant
advancement, promising to enhance the quality and efficiency
of medical care [3], in terms of diagnostics, prevention, and
outcomes. The application of AI in processing health data has
shown substantial performance, especially in the analysis of
medical imaging, disease prediction, and treatment personal-
ization [4]. However, it is in NLP that AI can demonstrate
revolutionary potential for the medical sector [5], particularly
in managing different risks related to the MUP, such as
Adverse events or adverse drug events [6], [7]. Although MEs
are a major concern for patient safety, involving significant
risks to their health, effective management of these errors
requires meticulous analysis of the collected data, namely the
ME reports which are often in the form of complex descriptive
texts. So, we want to test the potential of AI, specifically NLP,
to achieve this goal.

Powered by deep learning models and advanced algorithms,
NLP systems are capable of understanding context, extracting
relevant information, and processing natural language in a way
that reflects the complexity of human communications in all

languages [8]. These systems enable text classification, senti-
ment analysis, named entity recognition, text generation, and
more, across all languages and in various contexts, even those
as specific as the medical field [9]. The ability to interpret
specific medical language allows for more effective analysis
of medical data and offers solutions for better improvement.
Additionally, in the case of MEs, the application of AI in
natural language processing paves the way for more intuitive
and accessible ME reporting and tracking systems, as shown
in many other researches such as [10]and [11].

The promises of NLP in the medical field encompass
improvements in clinical documentation, optimization of com-
munication between healthcare professionals and patients, and
support for medical research [12]. By enabling rapid and
precise analysis of vast volumes of text, NLP helps unlock the
potential of unstructured health data, opening new perspectives
for evidence-based care and personalized medicine.

C. Transformer Models for NLP Tasks

“Transformer” models have revolutionized the NLP with
their unique architecture that includes attention mechanisms
[13]. They are capable of learning from a large volume of
unlabelled data in various languages and using this knowledge
to perform different NLP tasks by considering the context of
the text studied. When applied to ME descriptions, NLP tasks
can analyze complex and technical language specifications in
the medical field to extract key information characterizing
MEs from unstructured descriptive texts [14]. The level of
knowledge they have acquired during their training allows
them to detect correlations and trends that would elude manual
analyses or traditional statistical methods. Thus, Transformer
models can help structure the textual data with Named entity
recognition (NER) as presented by [15] and more detailed
by [16] or with Retrieval-augmented generation (RAG) [17].
The advent of Transformer models marked a revolution in the
field of automated NLP, establishing new foundations for the
understanding and generation of language by machines [9].
These models are distinguished by their ability to process data
sequences in parallel and to capture complex dependencies
between words, thanks to their attention mechanism, which
allows weighting the relative importance of different words
in a sentence [18]. Since the introduction of BERT [19],
Transformer models have rapidly evolved, with each new
model bringing significant improvements in terms of text
understanding and generation. Table I presents a comparison
between the most well-known and used Transformer models
since their first appearance. The comparison in the table
includes the architecture of the model, whether it follows an
encoder, decoder, or encoder-decoder structure, and the NLP
tasks it can perform (text and token classification, document
summarization or translation, question answering, text gen-
eration, or completion of incomplete texts). Today, there are
several pre-trained Transformer models designed to execute
specific NLP tasks in specific languages. Generally, they are
ready to be used on data in English but can be adapted and
trained for the desired language. For example, the study by



[20] refined BERT for named entity recognition from clinical
data in German, [21] used AraBERT [22], a new model derived
from BERT, for a named entity recognition task in Arabic
dialect texts.

In the context of enhancing the extraction of key informa-
tion from ME reports in French, a challenge arises due to
the limited availability of sufficiently large datasets to fine-
tune a transformer model specifically for this purpose. To
overcome this obstacle, we have opted to leverage the pre-
existing knowledge of a model that understands French. GPT-
4, the latest version of GPT model known for its robust
performance in language comprehension and generation across
multiple languages, was chosen. By adapting GPT-4, already
pre-trained in a multitude of tasks and languages including
French, we customize its application to specifically address
the nuances of extracting critical data from ME reports. This
strategic approach can not only save significant resources and
time that would otherwise be spent on developing a new model
but also could ensure a high level of accuracy and efficiency
in processing ME reports in French.

III. METHODOLOGY FOR PROCESSING MEDICATION
ERROR REPORTS

For the extraction of pertinent information from ME reports
using the GPT-4 model, we followed the many steps as
presented in 2. Our approach integrates unsupervised and
supervised extraction to efficiently process and analyze the
complex data derived from various healthcare reporting tools.
In this section, we detail each phase of the process, from
data collection to the application of advanced named entity
recognition algorithms, illustrating how these methods assess
our innovative data analysis strategy.

Fig. 2. Methodology for processing Medication Errors descriptions

A. Data Collection

The data collection for this study was based on ME reports
from various HFs. These reports were gathered using several
tools used in France, including paper forms and digital plat-
forms such as BlueKango, Sesame, Yes and Ennov. Each tool
provides a reporting guide that prompts users to respond to
multiple-choice questions, targeting specific characteristics of
ME. Despite the variety of formats, all these tools share a

common feature: they allow for the inclusion of a free text
description of the incident. This uniformity in the collection
of textual data paves the way for consistent analysis, despite
the diversity of sources and reporting formats.

B. Extraction of information

Given the challenge of processing and analyzing vast quan-
tities of free descriptive texts from ME reports, adopting
an AI-based approach was crucial. Specifically, employing
a Transformer model like GPT-4 was identified as the most
effective method for extracting relevant information from these
complex descriptions without prior annotation. In our study,
we leveraged the capabilities of GPT-4, with its ability to
understand and generate natural text, to analyze ME report
examples and extract key information through Named Entity
Recognition (NER). This approach allows for the automatic
identification and classification of key information within the
texts, such as the types of drugs involved, the stages of
the care process where the error occurred, and the observed
consequences, according to the data cited in a report. This
exploration was conducted in two distinct Phases:

• Phase 1: Unsupervised Extraction
In the first phase, we utilized the model to perform
named entity recognition without pre-specifying which
labels to look for. The model demonstrated a remarkable
ability to identify various types of entities within the
texts, such as dates, medication names, consequences, as
well as the identities of healthcare professionals and/or
patients involved. It’s important to note that the nature
and quantity of information extracted varied significantly
from one report to another, reflecting the diversity and
inconsistency of the data provided in each report.

• Phase 2: Supervised Extraction
In the second phase, we refined our approach by explicitly
specifying the labels we were searching for medication,
date, time, healthcare professional, patient, cause, and
consequence. This specificity served as a guide for the
model during the extraction of information corresponding
to these categories, thus enhancing the relevance and
depth of the data collected.

C. Results and discussion

Figure 3 presents the results obtained within the supervised
and unsupervised significant information related to ME extrac-
tions with the GPT-4 model. It compares unsupervised and
supervised information extraction using GPT-4 from an ME
description. The unsupervised method identifies basic details
like dates, medication, and involved healthcare profession-
als. In contrast, with precise labels, the supervised approach
extracts more detailed and structured information including
exact dates, times, medication details, involved people, and
the consequences of the error. This highlights the advantage
of supervised learning in providing more comprehensive and
contextually relevant information from descriptive text.

The model demonstrated its capability to discern a variety of
relevant labels from the descriptive texts. While the accuracy is



TABLE I
COMPARATIVE TABLE OF TRANSFORMER MODELS

Model
Architexture Tasks

Encoder Decoder Encoder & Decoder Classification Summarising Translation Q/R Text generation Fill Mask
BERT [19] ✓ Text & Token ✓ ✓

GPT [23] ✓ Text & Token ✓ ✓ ✓ ✓ ✓

ALBERT [24] ✓ Text & Token ✓ ✓

RoBERTa [25] ✓ Text & Token ✓ ✓

T5 [26] ✓ Text & Token ✓ ✓ ✓ ✓ ✓

BART [27] ✓ Text & Token ✓ ✓ ˜✓ ˜✓
XLNet [28] ✓ Text & Token ✓ ✓

Fig. 3. Relevant ME information extraction with GPT-4

Fig. 4. Supervised ME information extraction with GPT-4

not perfect at 100% and the extractions require manual verifi-
cation or completion, the model establishes a solid foundation
for the automatic labeling of reports. These initial successes
indicate that the use of Transformer models for text analysis
in the case of ME reports is a promising solution.

It is important to note that the information to extract depends
on what is mentioned in the reports, as demonstrated by the
examples. In the first test case in Figure 3, the model success-
fully identified the date, medication, time, involved healthcare
professionals, the patient, the consequences, and even other
involved people if they exist. However, in the second test case,
presented in Figure 4, the report was less detailed. So the
model was able to recognize only the entities concerning the
involved people (patient, healthcare professional, and others),
and the medication. Which illustrates the dependency of the
extraction’s effectiveness on the information initially present in
the reports. Despite including causes as entities to be extracted,
the model did not extract any because they were not specified
in the reports. This underscores a limitation inherent to the
approach which strictly depends on the input data provided.

Finally, our results demonstrate our approach’s robustness
in harnessing the GPT-4 model for structuring textual data

and extracting relevant information, underscoring its signif-
icant applicability in medical data in the French language.
This method enhances the interpretability and accessibility of
complex medical texts, enabling more accurate and actionable
insights in the field.

IV. CONCLUSION

In conclusion, this article highlighted the complexity and
challenges associated with managing MEs in healthcare
facilities, emphasizing the importance of effectively and
rapidly processing reports provided by healthcare profession-
als. Through examining the current process, which largely
relies on the analysis of free textual descriptions collected via
various tools, we have identified an urgent need for innovation
to overcome the challenges posed by the large volume of
reports and time constraints.

The automatic processing of these reports, through natural
language processing (NLP) and specifically the use of Trans-
former models like GPT, appears as a promising solution. This
approach offers the ability to quickly extract key information
necessary for the prioritization and management of MEs, and
it also facilitates an efficient structuring of data, allowing



for more in-depth analysis and a better understanding of the
reported incidents. Moving forward, in our future work we
focus on automatic validation and leveraging the extracted
information to label medication error reports, thus facilitating
the transition to the classification of MEs. This will assist
healthcare professionals in the deeper analysis and categoriza-
tion of these errors, enhancing the prediction and correction
of the occurred errors. This next phase will involve refining
our NLP models to handle the variability and complexity
of ME descriptions more effectively, ensuring robustness and
reliability in real-world applications. This strategic use of AI
and machine learning will improve the accuracy and speed of
response in healthcare facilities and also support a proactive
stance in patient safety and quality care initiatives.
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