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Abstract
In recent years, there has been a remarkable surge in the development of Natural Language
Processing (NLP) models, particularly in the realm of Named Entity Recognition (NER).
Models such as BERT have demonstrated exceptional performance, leveraging annotated
corpora for accurate entity identification. However, the question arises: Can newer Large
Language Models (LLMs) like GPT be utilized without the need for extensive annotation,
thereby enabling direct entity extraction? In this study, we explore this issue, comparing
the efficacy of fine-tuning techniques with prompting methods to elucidate the potential of
GPT in the identification of medical entities within Spanish electronic health records (EHR).
This study utilized a dataset of Spanish EHRs related to breast cancer and implemented both
a traditional NER method using BERT, and a contemporary approach that combines few
shot learning and integration of external knowledge, driven by LLMs using GPT, to struc-
ture the data. The analysis involved a comprehensive pipeline that included these methods.
Key performance metrics, such as precision, recall, and F-score, were used to evaluate the
effectiveness of each method. This comparative approach aimed to highlight the strengths
and limitations of each method in the context of structuring Spanish EHRs efficiently and
accurately.The comparative analysis undertaken in this article demonstrates that both the tra-
ditional BERT-based NER method and the few-shot LLM-driven approach, augmented with
external knowledge, provide comparable levels of precision in metrics such as precision,
recall, and F score when applied to Spanish EHR. Contrary to expectations, the LLM-driven
approach, which necessitates minimal data annotation, performs on par with BERT’s capa-
bility to discern complex medical terminologies and contextual nuances within the EHRs.
The results of this study highlight a notable advance in the field of NER for Spanish EHRs,
with the few shot approach driven by LLM, enhanced by external knowledge, slightly edging
out the traditional BERT-based method in overall effectiveness. GPT’s superiority in F-score
and its minimal reliance on extensive data annotation underscore its potential in medical data
processing.
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1 Introduction

Cancer continues to be a pressing global public health concern, ranking as the second most
prevalent cause of death worldwide. In particular, breast cancer remains the main type of
cancer that affects women around the world, achieving the second position in the overall
cancer landscape [1–3]. According to the World Health Organization1, the global count of
women diagnosedwith breast cancer in 2022 reached a staggering 2.26million. Additionally,
cancer treatment continues to be a financially burdensome process that takes a significant
social and economic toll on patients and healthcare systems alike.

Integrating EHRs is a promising resource to support clinical research [4]. The cancer
care process generates an extensive repository of data that details the progression of cancer
within patients [5]. Physicians document these data in EHR systems through narrative-style
clinical notes [6]. Extracting and analyzing this information plays a crucial role in supporting
oncology research endeavors and improving patient outcomes. However, clinical narratives
are written in natural language, which poses a significant challenge in extracting information
from these data.

In recent years, the effectiveness of deep learning-driven methodologies has been promi-
nently demonstrated in the extraction of information from clinical narratives [7, 8], including
the cancer domain [9, 10]. In the Spanish language, multiple studies have undertaken the
task of extracting information from clinical narratives on cancer [11]. However, these efforts
have focused mainly on the extraction of medical entities and the identification of nega-
tion and uncertainty [12, 13] through separate processes. These studies have represented the
extracted information as a NER (Named Entity Recognition) task in which each token in the
text is classified into a set of predefined categories [14]. Moreover, these initiatives notably
lack a comprehensive methodology for effectively organizing and structuring the extracted
information.

The extraction of named entities from unstructured text is of significant importance
within the medical domain, facilitating the organization and structuring of patient data. Deep
learning-based methodologies employed for entity extraction predominantly operate through
two principal approaches: Fine-Tuning and In-context Learning [15]. These techniques con-
tribute to the refinement and optimization of the extraction process, thus enhancing the
accuracy and efficiency of information retrieval from medical texts. In what follows, we
summarize both approaches:

• The fine-tuning strategy involves using a pre-trained languagemodel, subjected to further
training epochswith annotated data to perform a downstream task [11]. Thismethodology
capitalizes on preexisting language models by adapting them to a designated NER task
by incorporating a specifically annotated corpus. This process enhances the model’s
performance in a specialized context, optimizing its proficiency in accurately identifying
and categorizing named entities within the designated task domain.

• In-context learning is a method that commonly integrates few-shot demonstrations or
prompts during the training process to guide the behavior of the model for a specific
task [16]. This approach uses recent advances in Generative Pretrained Transformers
(GPT) to address NER tasks, representing a pioneering paradigm, particularly in the
intricate realm of processing and structuring complex healthcare data. In-context learning

1 https://www.who.int/news-room/fact-sheets/detail/cancer
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becomes especially relevant when applied to Spanish EHRs, where linguistic nuances
pose unique challenges. The transition from traditional NER methods to a GPT-driven
approach signifies a crucial shift, underscoring the imperative to assess the efficacy of
GPT in comprehending and organizing information within Spanish EHRs.

In a previous work [17], a pipeline for structuring breast cancer information from Span-
ish EHRs using deep learning techniques was developed. The general process is shown in
Fig. 1. In this paper we aim to incorporate more functionality of the previous pipeline and
in particular we want to analyze GPT as a possible NER generator. For this purpose, in this
paper, we compare two strategies for performing clinical NER in the cancer domain: i) a fine-
tuning approach using BERT, and ii) an in-context learning method (few shots) using GPT.
We examine their strengths and weaknesses, especially in the context of Spanish EHRs. By
highlighting the key characteristics, performance metrics, and applicability of each method-
ology, this study aims to offer a comprehensive understanding of the optimal approach to
structuring Spanish EHRs.

Thus, the main contributions of this paper are the following:

• Comparative Evaluation between BERT and GPT for performing NER: This study
presents an in-depth comparative analysis of two NERmethodologies applied to Spanish
EHRs. The fine-tuning approach using BERT (Bidirectional Encoder Representations
from Transformers) is contrasted against the novel method employing GPT. This com-
parison is crucial to understanding the evolution and effectiveness of NER techniques
in the field of healthcare, particularly in the processing of Spanish-language clinical
narratives.

• Analysis of Various Prompting Techniques: In this paper, we have also analyzed differ-
ent prompt techniques. Various strategies, including few-shot learning and incorporation
of external knowledge, are examined. The findings aim to illustrate how skillful prompt
use can positively impact the overall performance of NER tasks.

• Performance and Applicability Evaluation: The paper also aims to identify the most
suitable NER approach for Spanish EHRs, considering factors such as processing speed,

Fig. 1 Approach for structuring breast cancer information
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corpus pre-annotation, model size, transfer learning, or adaptability to diverse medical
terminologies. Additionally, research explores the computational efficiency of theseNER
methods, providing insight into their practicality for real-time applications in healthcare
settings. This comprehensive evaluation is essential to make informed decisions about
the deployment of AI-driven technologies in resource-constrained environments.

The rest of the paper is organized as follows. Section 2 shows a review of relevant stud-
ies on the extraction of cancer concepts, Section 3 presents the problem statement, and
Section 4 describes the data and techniques used in this article. Section 5 provides an overview
of the experimental results. Subsequently, Section 6 delves into a discussion of these results,
while Section 7 outlines the main conclusions and outlook for future work.

2 Related work

The use of deep learning-based methods to extract information from clinical texts has
increased in recent years [8, 18]. The main advantages of deep learning are the ability to
automatically learn high-level features of texts and the use of transfer learning, where knowl-
edge learned from a previous task is reused to perform a new related task [13, 19]. In the
medical domain, Clinical Named Entity Recognition (Clinical NER) aims to extract medical
concepts from clinical narratives [14, 20, 21]. Deep learning-based proposals to perform
Clinical NER operate through two main approaches: Fine-Tuning and In-Context Learning.

2.1 Fine-tuning

These studies combined pre-trained language models and specific annotated corpora to per-
form entity extraction as a sequence-labeling task in which each token in the text is labeled
with a specific category defined in a corpus [18, 21, 22].

One of the first studies to perform clinical NER using a fine-tuning approach is described
in [23]. This study aims to extract lung cancer stages, histology, tumor grades, and therapies
(chemotherapy, radiation therapy, surgery) using convolutional neural networks (CNN). The
authors highlight the feasibility of extracting cancer-related information from clinical narra-
tives using deep learning methods. In [24] the authors detail a method to extract data from
EHRs using machine learning. The technique involves the application of Long Short-Term
Memory (LSTM) networks. In [22], the authors proposed aBidirectional LongShortMemory
(BiLSTM) neural network to extract radiotherapy treatments from clinical narratives written
in English. This study extracts detailed information related to radiotherapy treatment, such
as dose, frequency, fraction frequency, and treatment site. In [25], the authors describe a
BiLSTM-based model for the extraction of clinical concepts from German oncological clin-
ical notes. In [9], the authors described a deep learning approach for extracting concepts of
breast cancer using BERT. The purpose of this proposal is to extract a comprehensive set of
concepts on breast cancer from clinical notes written in Chinese. The authors demonstrate
that the BERT-based model outperforms traditional machine learning algorithms to extract
named entities in the cancer field. Thismodel supports the extraction of several concepts, such
as diagnosis, treatments, and medications. In our publication [17], we introduced an inno-
vative technique for organizing breast cancer data derived from Spanish clinical narratives.
This method involved an automated system that employs deep learning to transform these
documents into well-structured JSON files for individual patients. The system integrates the
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extraction of clinical entities and the identification of negation and uncertainty, also using
the BERT model for these processes.

2.2 In-context learning

These approaches harness recent advancements in GPT to perform named entity extraction
using few-shot demonstrations or prompts during the training process [16]. The arrival of
LLMs such as GPT [26] represents a significant step forward in the medical domain. These
models could improve the extraction of clinical information through two primary techniques.
First, NER,whereGPT’s sophisticated understanding of context aids in accurately identifying
and categorizing keymedical terms and patient data from unstructured narratives. Second, the
question-and-answer capability of GPT models offers an innovative approach to information
extraction, allowing intuitive natural language querying of complex clinical records [27–29].

There are several techniques to extract named entities using the In-context learning
approach [30, 31], as follows:

• Zero-Shot Learning: GPT’s zero-shot approach to NER is especially groundbreaking.
In this approach, the model does not need any training on annotated data. Instead, you
can use a specific prompt to direct GPT to extract relevant information from a given text
and convert it to the desired format. This method is highly efficient and accurate, saving
time and resources.

• Few-Shot Learning: This technique involves providing a few examples to the GPT
model to guide it on the task. For instance, if you need to extract specific information,
such as cancer type, from a text, you start by giving the model a few examples of cancer
type extraction. The model then uses these examples as a reference to perform the task
on the new input data. This method is particularly effective because it does not require a
lengthy training processwith annotated data, which can be time-consuming and resource-
intensive.

Recently, several proposals have explored the effectiveness of LLMs in Few-Shot NER
[32, 33], as well as in Zero-shot [34]. In [32] GPT-NER is proposed, a novel approach
that improves in-context learning performance employing entity-level embedding and self-
verification. This approach includes three steps to achieve entity extraction: Task description,
Few-shot demonstrations, and input sentence. PromptNER [33], introduces the concept of a
chain of thought into NER. This approach leverages the power of Chain-of-Thought Prompt-
ing to provide an accessibleway to performa few-shotNER.Prompt-NER requires a list entity
type definitions and prompts an LLM to produce a list of potential entities along with corre-
sponding explanations justifying their compatibility. The authors showed comparative results
using a 5-shot learning strategy and using several corpora, including the CoNLL dataset [35].
In [36], the authors proposed a few-show learning approach to perform biomedical entity
extraction combining query prompts and knowledge-guided instance augmentation. In this
approach, the NER task is formulated as a Query Answering (QA) task, then BioBERT [37]
is used as a pre-trained model to formulate a query. The model was evaluated in the NCBI
[38] dataset using 5-shot, 20-shot, and 50-shot learning examples, obtaining competitive
performance.

Although the above studies have shown promising results using Few-shot learning, they
perform entity extraction concentrating on the English language. Information extraction in
languages other than English has its own challenges [39]. In the case of the Spanish language,
there is a lack of approaches to performing clinical NER, given the limited availability of
annotated data. These approaches could have an impact on information extraction in the
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medical domain. Furthermore, it has yet to be explored to use LLMs to perform and evaluate
clinical NER in Spanish.

3 Problem statement

Extracting information fromEHRs usingmachine learningmodels requires the availability of
labeled datasets. These datasets are often limited because annotating clinical narratives can be
costly and time consuming [40]. The manual clinical text annotation process requires highly
skilled annotators and multiple rounds of annotation, increasing medical data annotation
costs. Furthermore, the labeled corpora cannot be publicly released due to restrictions on
data privacy and patient security. In this scenario, machine learning approaches to dealing
with limited annotated data can be crucial to supporting clinical information extraction.

In particular, extracting information from breast cancer clinical narratives presents signif-
icant challenges and opportunities in the field of medical informatics. Breast cancer, as one
of the most prevalent cancers worldwide, generates a large amount of clinical data. However,
these data are often unstructured and recorded in narrative forms within EHR systems, pos-
ing a considerable challenge for effective data extraction and analysis. Complexity is further
compounded when dealing with EHRs in the Spanish language, which introduces unique
linguistic nuances and challenges.

Therefore, the primary problem addressed in this article is the accurate extraction of
relevant clinical named entities fromSpanishEHRs, specifically those related to breast cancer.
The extraction and subsequent structuring of these data are crucial for several reasons:

• Clinical Research and Patient Care: Structured data are vital for cancer research, allowing
analysis of treatment outcomes, patient demographics, and disease progression. It also
plays an important role in improving patient care by providing healthcare professionals
with easy access to critical patient information.

• Linguistic Complexity: The Spanish language, with its diverse dialects and idiomatic
expressions, presents unique challenges in understanding and processing clinical narra-
tives. The effectiveness of NER tools in accurately identifying and categorizing medical
entities in Spanish EHRs is a critical concern.

• Technological Advancements: With the advent of advanced NLP models such as BERT
and GPT, it is necessary to evaluate and compare the effectiveness of these models in
processing Spanish EHR. The choice between a traditional model like BERT, known
for its robustness in entity recognition, and a more recent, generative model like GPT,
capable of handling complex linguistic constructs, is pivotal.

• Computational Efficiency: Processing large volumes of EHR data requires methods that
are not only accurate, but also computationally efficient to facilitate real-time analysis
and application in clinical settings.

4 Data andmethods

4.1 Annotation of the clinical corpus

In clinical evaluations, in addition to diagnosis, it is also crucial to annotate various other
aspects such as prescribed treatments, surgeries performed, the presence and specific location
of metastases, as well as any occurrences of recurrence. An in-house annotated corpus has
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Table 1 Annotated labels on the corpus

Label Description

Cancer Concept Used for labeling cancer mentions

(e.g. "carcinoma", "adenocarcinoma")

Cancer Type Label for basic breast cancer classification

(e.g. "ductal", "lobulillar")

Cancer Expansion Specifies the cancer’s growth (if any) from its

source to nearby tissues (e.g. "in situ")

Cancer Location Specifies the location of the cancer

(e.g. "mama derecha", "mama csi")

Cancer Metastasis Specifies distant cancer expansion from

its source (e.g. "micrometástasis", "invasión")

Cancer Recurrence Used to label mentions of a returning cancer

after the treatment (e.g. "recaída", "recidiva")

Molecular Marker Used to label the results of molecular

marker tests (e.g. "re 90+", "her2-")

Cancer Stage Used to label the cancer’s stage

(four possible stages: 0, I, II, III and IV)

TNM Provides further information about the cancer’s

stage with a standard code (e.g. "cT3cN3cM1")

Treatment Name Label for any mentions about a treatment for

the cancer (e.g. "quimioterapia", "radioterapia")

Treatment Schema Used for labeling mentions of multiple drugs

used at the same time (e.g. "AC", "FEC")

Treatment Drug Specifies a certain drug that is being

used in the treatment (e.g. "cisplatino")

Treatment Frequency Specifies how often a treatment is being

applied (e.g. "cada 21 dias", "cada 8 horas")

Treatment Quantity Specifies the treatment’s dosage

(e.g. "75 mg/m2", "50 Gy")

been generated. Two skilled oncology annotators manually annotated a collection of 550
clinical notes. These annotators were guided by a data scientist who led the annotation
process. The annotated corpus was designed to facilitate the extraction of medical entities
related to breast cancer. Annotations were generated using the Prodigy tool2. The annotation
schema applied to the corpus is presented in Table 1, with the aim of extracting atomic
concepts that improve the structure of the information. In this context, atomic concepts denote
clinical entities composed of one or two tokens. Figure 2 illustrates a series of annotations
relating to breast cancer. According to this figure, cancer diagnosis, “carcinoma infiltrante de
mama derecha tipo nos” is segmented into four medical concepts: Cancer Concept, Cancer
Expansion, Cancer Location, and Cancer Type.

2 https://prodi.gy/
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Fig. 2 Annotations with breast cancer information

4.1.1 Inter-annotation agreement

To evaluate the reliability of expert annotations, we calculated the Inter-annotation agreement
(IAA) between two clinical annotators. The IAA measure aims to guarantee similar and
consistent annotations. We used the F-measure to calculate the IAA between annotation
pairs, as suggested in several NER annotation studies [41–43]. The IAA was calculated
when oncology experts finished the annotation process, as described in [13]:

• We considered the first annotator as A1, and the second annotator as A2.
• Any annotation sets (A1 or A2) can be considered the gold standard (correct annotations).
Therefore, Precision is the percentage of correct positive annotations made by the other
annotator. Recall is the percentage of positive annotations made by the other annotator.
The F-measure is the harmonic mean between Precision and Recall, as shown in (4.1).
We obtained an F-measure of 90%, which suggests that the annotations are consistent
between two annotators.

F-measure = 2 ∗ Precision * Recall

Precision + Recall
(4.1)

After measuring the IAA, we perform a disagreement resolution step to improve the
reliability of the corpus. The annotators met with the data scientist who led the annotation
process and reviewed the cases where there were disagreements. The clinician annotators
then resolved the discrepancies guided by the data scientist.

4.2 Information extraction with BERT and GPT

BERT is a transformer-based model known for its deep bidirectional nature. It is pretrained
on a large corpus using a Masked Language Model (MLM) and Next Sentence Prediction
(NSP), allowing it to capture a rich understanding of language context and semantics. BERT’s
architecture enables it to consider the full context of a sentence (both left and right of every
word) during training, which is particularly beneficial for tasks that require a deep under-
standing of language structure such as NER. It is crucial to emphasize that to achieve optimal
performance in NER tasks, BERT requires fine-tuning on task-specific datasets. This fine-
tuning process is essential for adapting the model to the specific nuances and requirements
of the target application.

In contrast, GPT is an autoregressive transformer model that focuses primarily on gener-
ative tasks. It uses a left-to-right training approach, where each word is predicted based on
the preceding words. Although less effective in understanding the bidirectional context, this
method is powerful in generating coherent and contextually relevant text. Furthermore, GPT
can be highly competitive in NER tasks when employing few-shot learning techniques and
integrating external knowledge, leveraging its advanced generative capabilities to effectively
understand and categorize complex data. Given the complexity and time-intensive nature
of annotating clinical notes, a few-shot learning techniques become particularly valuable.
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“Carcinoma @@ductal## de mama derecha”

Fig. 3 BERT vs. GPT for NER: To evaluate the capabilities of GPT and BERT in a comparable manner,
particularly in terms of extracting entities from sentences, a distinct approach must be employed for each
model. For example, when processing the sentence “Carcinoma ductal de mama”, BERT can identify all
entities in a single prediction. However, GPT requires a separate prompt for each entity to achieve the same
task. This necessitates the development of specific prompts for GPT to enable a fair comparison of entity
extraction performance between the two models

These methods allow models to efficiently learn and adapt from a limited set of examples,
which is ideal in scenarios such as healthcare documentation, where extensive data collec-
tion is often impractical or impossible. This approach is especially relevant for handling the
intricate details and depth of information contained in medical records.

The choice betweenBERT andGPT for NER tasks largely depends on the specific require-
ments of the task and the nature of the dataset. Figure 3 demonstrates how NER techniques
can be implemented using both GPT and BERT.

4.2.1 Fine-tunning for BERT

This step aims to extract breast cancer concepts from clinical narratives using a BERT style
deep learning-based model. The model performs medical concept extraction as a sequence-
labeling task where each token of a text sentence is classified with its corresponding label in
the necessary cases. This step is divided into two subtasks as follows:

1. Corpus annotation: This phase is explained in Section 4.1, involves the manual or
automated labeling of entities in a given text corpus to create a training dataset for the
BERT model; a sample is depicted in Fig. 2.

2. Training amodel:With the label corpus, we trained a model to extract medical concepts
using multilingual BERT [44]. This training approach uses a transfer learning technique
to perform clinical NER in the breast cancer field. Transfer learning is achieved by fine-
tuning the BERT model with a classification layer on top, as described in [13]. The
trained model is capable of performing named entity recognition. The model obtained
processes clinical texts at the sentence level. That is, the model inputs a sentence text and
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outputs a set of entities extracted from the sentence. The model labels the entities using
the predefined labels in the annotation scheme described in Table 1.

4.2.2 Structure of prompts for GPTmodels

In the domain of NER for clinical texts using GPT models, a variety of methodologies
and strategies have been used, focusing on the design, optimization and refinement of the
prompts. A critical aspect of successfully implementing NER with GPT lies in designing a
well-defined and strategically structured prompt.

This method uses a separate extraction process for each entity, where unique prompts
are made for each one. These prompts share a similar structure but contain specific details
or knowledge unique to each entity. Each prompt follows the same format as illustrated in
Fig. 4, ensuring consistency in structure between different types of entities.

The fundamental aspects of this process fall into four main categories:

• Common Prompt Structure:
Two variations of prompt models have been designed: one incorporating external knowl-
edge and the otherwithout it.While bothmaintain the same structure, they differ primarily
in the extent to which external knowledge is embedded within them. This structure
includes:

– Context: The task to be performed by the model is defined, specifying the particular
entity to be extracted and the extraction method.

– Information: The model is provided with data about the entity to be extracted, high-
lighting the required format.

– Instructions: Detailed instructions on the process to follow are presented. Clarity
in explaining the format required for entity extraction is crucial, as is a detailed
description of how entities are typically presented.

Fig. 4 PromptStructure: the prompt is divided into four sections: the role task, the format and task description,
the few-shot examples, and finally, the task to solve. This order allows the LLM to comprehend the task
effectively, as elucidated in [45]

123



Multimedia Tools and Applications

• Two Types of Prompts:

– Prompt without External Knowledge: provides the model with little additional infor-
mation, being limited mainly to the entity name. Its objective is to evaluate the
model’s ability to operate with minimal information and compare the results with
those obtained with more detailed prompts.

– Prompt with External Knowledge: Provides a greater amount of information and
knowledge about the entity, which improves the contextualization and understanding
of the task. Our external knowledge is made up of concept_words, where the most
common vocabulary related to the entity we are exploring is included. This helps
refine our search and analysis, ensuring that responses are more aligned with the
specific domain of the entity.

• Zero and Few-shot Strategies: These techniques have been applied for both prompts
models. Inclusion of specific examples has resulted in increased precision. In the few-
shot approach, we have utilized five examples (5-shot), selected entirely at random from
the pool of notes that contain at least one label related to the specified entity.

• Formatting of Entities: As described in [32], a specific format has been defined for the
output text, which consists of keeping the original text except for the entity of interest,
which must be delimited between @@ and ##. Thus, the entity is marked in its original
position in the text as@@ entity ##. This format has been used to facilitate the extraction
and validation of the entities, as well as to calculate the final metrics.

4.3 Computational environment

The experimentswere programmed in Python 3.10, and the source code is available at: https://
github.com/Alvaro8gb/BERTvsGPT.

For training the BERT model, we utilized an NVIDIA GeForce RTX 3090, operating on
a Linux system with kernel version 5.15.0-83-generic, paired with an Intel Core i9-7900X
CPU, based on Ubuntu 20.04.1 LTS.

To take advantage of the GPT models, we utilize the OpenAI API3 through the Azure
Portal provided by Microsoft.

5 Experimentation and results

5.1 Metrics

To evaluate the performance of the proposed approach, we used the following standard met-
rics. Precision (5.1), Recall (5.2), and F-score (5.3). The F-score is calculated as a weighted
average of the Precision and Recall measurements. A clinical entity is correctly classified
when the predicted label is equal to the label indicated by the annotated corpus. The perfor-
mance of the medical concept extraction task is measured at the entity level.

Precision = Number of entities correctly predicted

Number of predicted entities
(5.1)

3 https://platform.openai.com/docs
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Table 2 Comparative
Performance of GPT-3.5 and
GPT-4 on Different Prompting
Techniques

Model Prompt Type ¯Precision ¯Recall ¯F-Score

GPT-3.5 Zero-shot 0.06 0.05 0.05

Zero-shot + ext. 0.40 0.17 0.24

5-shot 0.67 0.54 0.60

5-shot + ext. 0.72 0.57 0.64

GPT-4 Zero-shot 0.24 0.20 0.22

Zero-shot + ext. 0.98 0.76 0.86

5-shot 0.85 0.82 0.83

5-shot + ext. 0.92 0.97 0.95

* ext.: External knowledge

Recall = Number of entities correctly predicted

Number of entities in the dataset
(5.2)

F-score = 2 ∗ Precision * Recall

Precision + Recall
(5.3)

5.2 Validation

To evaluate the described BERT model, we used a k-fold cross-validation strategy with
k = 10. The model performance was computed as the average across all ten-folds executed
during the cross-validation process. This BERTmodelwas trained using PyTorch4 and SpaCy
tools5. The hyperparameters used included a batch size of 256, a dropout rate of 0.1, a total
of 10 epochs, a learning rate of 0.001, and the optimizer used was “Adam”.

To evaluate GPT models, all instances are utilized for evaluation except those employed
in few-shot techniques, as these models do not require additional training. The selected
temperature for the GPT model in the experiments is set to 0, meaning that the model will
choose the token with the highest probability. This choice increases the confidence and
determinism of the model’s predictions in the output.

5.3 Results

Table 2 presents a comparative analysis of performance between two versions of the OpenAI
language models, GPT-3.5 and GPT-4, using different prompt engineering techniques. Data
are organized into columns representing prompt type, precision, recall, and F-Score for each
model in various configurations.

In particular, for the GPT-3.5 model, the following has been obtained:

• When using an approach with 5 examples plus external knowledge (5-shot + ext.), the
model achieves a precision of 0.72, a recall of 0.57, and an F-Score of 0.64.

• With just 5 examples, precision is at 0.67, recall at 0.54, and F-Score at 0.60.

4 https://pytorch.org/
5 https://spacy.io
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• In a zero-example approach with external knowledge (Zero-shot + ext.), the values are
significantly lower: 0.40 for precision, 0.17 for recall, and 0.24 for F-Score.

• Without examples or external knowledge (Zero-shot), the values are the lowest with a
precision of 0.06, a recall of 0.05, and an F-Score of 0.05.

On the other hand, when we use the GPT-4 model these results are obtained:

• With 5 examples and external knowledge (5-shot + ext.), there are notable improvements
with a precision of 0.92, a recall of 0.97, and an F-Score of 0.95.

• Using only five examples (5 shots), precision is 0.85, recall is 0.82, and F-Score is 0.83.
• With zero examples and external knowledge (Zero-shot + ext.), precision is 0.98, recall
at 0.76, and F-Score at 0.86.

• In the zero-example approach without external knowledge (Zero-shot), the values are
0.24 for precision, 0.20 for recall, and 0.22 for F-Score.

The results displayed in Table 2 clearly show that the GPT-4 model outperforms GPT-3.5
in all configurations and that the inclusion of external knowledge and the use of examples
significantly improve the performance of both models. The best F-Score presented is for the
GPT-4 model using the few-shot approach with external knowledge (5-shot + ext.), which is
0.95. Additionally, the GPT-4 model with external knowledge and without examples (Zero-
shot + ext.) presents an outstanding performance in precision. Therefore, we can observe that
a smaller model like GPT-3.5 exhibits higher hallucinations, as its recall is lower compared
to the GPT-4 configurations. The highest recall, 0.97, is achieved for the 5-shot scenario with
external knowledge.

In Table 3, the global results for the BERT and GPT models in the context of NER for
various medical entities are summarized.

For the BERT model, the overall precision across all categories is 0.93, with a recall
of 0.94, and an F-score of 0.94. This indicates a high level of accuracy and consistency in
the ability of the BERT model to correctly identify and classify entities across a range of
cancer-related categories.

In comparison, the GPT model also shows strong performance with an overall precision
of 0.92, which is slightly lower than BERT. However, GPT surpasses BERT in recall with a
score of 0.97, suggesting that it is more comprehensive in identifying relevant entities. The
F-score for GPT, which balances precision and recall, is 0.95, slightly higher than that for
BERT.

In the performance of the GPT model, there are 10 values that exceed 0.95 in the F-
score metric. This impressive level of performance highlights the GPT’s strong capability
for accurately identifying medical entities, which is incredibly helpful for simplifying the
data preparation phase in medical research. By greatly reducing the need for extensive initial
corpus annotation, GPT provides a significant advantage in efficiency, making the processing
of medical text data much more straightforward and effective.

In the context of GPT’s performance on NER, the F-score values that dip below 0.9 can
be attributed to the model encountering similar terminology among various entities. While it
is feasible to rectify this by fine-tuning the prompts, it should be noted that all prompts were
designed to be consistent across different entity types. This standardization was deliberate to
ensure uniform testing conditions. Therefore, while prompt optimization could enhance the
model’s ability to distinguish between entities with similar terms, such alterations were not
implemented in order to preserve the uniform methodology in the evaluation process.
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Table 3 Comparative Analysis of
NER performance using BERT
versus optimal GPT-4 Prompt
configuration with 5-shot
learning and external knowledge
for Entity Recognition

Model Label Precision Recall F-score

BERT Cancer Concept 0.99 0.96 0.98

Cancer Expansion 0.96 1.0 0.98

Cancer Location 0.92 0.93 0.93

Cancer Metastasis 0.93 0.93 0.93

Cancer Recurrence 1.0 1.0 1.0

Cancer Stage 0.95 0.91 0.93

Cancer Type 0.99 0.99 0.99

Molecular Marker 0.93 0.94 0.93

TNM 0.84 0.9 0.87

Treatment 0.91 0.9 0.91

Treatment Drug 0.89 0.98 0.93

Treatment Frequency 0.89 1.0 0.94

Treatment Interval 0.91 0.93 0.92

Treatment Quantity 0.91 0.77 0.83

Treatment Schema 0.93 1.0 0.97

Total 0.93 0.94 0.94

GPT Cancer Concept 1.0 0.97 0.98

Cancer Expansion 1.0 0.98 0.99

Cancer Location 1.0 0.77 0,87

Cancer Metastasis 0.6 0.95 0.74

Cancer Recurrence 0.98 0.98 0.98

Cancer Stage 0.98 1.0 0.99

Cancer Type 0.99 0.97 0.98

Molecular Marker 1.0 1.0 1.0

TNM 1.0 1.0 1.0

Treatment 0.98 0.97 0.97

Treatment Drug 0.99 0.95 0.97

Treatment Frequency 0.74 1.0 0.85

Treatment Interval 0.95 0.99 0.97

Treatment Quantity 0.76 1.0 0.86

Treatment Schema 0.90 1.0 0.95

Total 0.92 0.97 0.95

Best results for each label are highlighted in bold

6 Discussion

In this paper, we have presented a comparative analysis of two state-of-the-art language
models, BERT and GPT, in the context of NER for medical entities, as depicted in Table 4.
Based on the results obtained, it is evident that both models exhibit strong capabilities, with
GPT marginally outperforming BERT in overall F-score (0.95 vs. 0.94).

BERT’s requirement for extensive pre-annotation of the corpus signifies a significant
investment in manual effort and time. Despite this, its fine-tuning requirement, although a
resource-intensive process, allows for a tailored fit to specific NER tasks, which can result
in highly accurate model performance. On the other hand, GPT simplifies the workflow by
reducing the need for extensive data preparation, although it still requires some expertise to
develop these prompts effectively.

123



Multimedia Tools and Applications

Table 4 Comparative Analysis Between BERT and GPT for NER Tasks

Feature BERT GPT

Overall F-Score 0.94 0.95

Need for Corpus Pre-annotation High Low

Fine-tuning Required Required prompt engineering

Inference Time Per Entity Milliseconds Few seconds

Zero-shot Learning Not Applicable Applicable

Model Size Medium Very Large

Transfer Learning Capability Excellent Excellent

Data Efficiency Requires More Data Less Data-Intensive

Training Resource Requirements Extensive Requires Cloud Services

Adaptability to New Domains Requires Retraining Quick Adaptation

Customizability Limited Without Retraining Highly Customizable

Robustness to Ambiguity Moderate High

Language Support Multilingual (Limited) Multilingual (Extensive)

BERT demonstrates rapid inference times, typically in the order of milliseconds per entity,
rendering it highly suitable for real-time applications. On the contrary, GPT requires sub-
stantial computational resources, often reliant on cloud services, which may incur additional
costs and dependencies.

Both models exhibit exceptional transfer learning capabilities; however, GPT’s less data-
intensive nature and its capacity to adapt to new domains without necessitating retraining
render it particularly appealing for applications requiring swift deployment across diverse
medical subfields. Moreover, GPT’s high level of customizability and resilience to ambiguity
make it a versatile tool, adept at navigating the intricacies of diverse medical terminology
and nuanced language commonly encountered in medical records.

Lastly, GPT’s potential for Zero-shot learning presents a paradigm shift, enabling it to
predict entities in medical texts without prior fine-tuning on specific NER tasks. This capa-
bility positions GPT as a formidable tool for medical NER tasks, facilitating rapid scalability
and deployment across diverse medical datasets and domains.

7 Conclusion

In this study, we have compared the BERT and GPT models for the extraction of medical
entities using NER tasks. Our analysis reveals that BERT offers slightly better precision and
excels in real-time processing tasks. However, GPT stands out with its marginally higher F-
score and exceptional adaptability to new domains, requiring little or no additional training,
positioning it as a compelling option for diverse applications.

The efficiency of GPT in handling tasks with minimal pre-annotation demonstrates its
potential to reduce the time and resources typically required for model training and deploy-
ment.

Integration of these models into real-world clinical systems presents fertile ground for
future work. There is a need to assess the practicality of implementing such advanced NER
systems in diverse healthcare settings and to assess their impact on workflow efficiency and
patient outcomes.
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In conclusion, while both BERT and GPT show excellent performance in medical entity
extraction, their differences in resource requirements, processing times, and flexibility in
deployment suggest that the choice between them should be guided by the specific needs and
constraints of the use case at hand.

8 Limitations

This paper emphasizes specific constraints. First, employing the OpenAI API incurs a sig-
nificant cost, rendering it impractical for real-world data science challenges, especially those
involving large-scale datasets. Another limitation is the issue of data privacy, as sending
medical data to cloud servers may not be possible due to data protection concerns. However,
having a local LLM can solve both problems.

Appendix A: Prompts

This section shows some examples of prompts designed to guide GPT models in the task of
extracting entities from clinical texts on breast cancer.

Fig. 5 Zero-shot prompt without external knowledge: example of prompt without external knowledge for
the extraction of the Cancer Concept entity. The model has as its only reference the name of the entity to be
extracted

123



Multimedia Tools and Applications

Fig. 6 Few-shot prompt with external knowledge: example of a prompt with external knowledge with an
example for the extraction of cancer concept entity. More information and context about the entity to be
extracted is provided. The accuracy of the information provided varies depending on the difficulty the model
may encounter in identifying the entity. One-shot learning: an example clinical note is presented to the model
to facilitate understanding of the task and the format required for accurate entity extraction

These prompts Figs. 5 and 6, are designed and formulated to take advantage of the potential
NERcapabilities ofGPTmodels, allowing accurate identification and classification of clinical
terms. Each example prompt illustrates the specific interaction between the user and the
system for effective extraction of relevant entities for the purpose of studying the adaptation
of these pre-trained language models to understand and process specialized terminology
within the medical domain.
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