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Abstract—The extraction of entities and relations from un-
structured clinical records has been attracting increasing at-
tention. In addition to the existing traditional methods, deep
learning methods have also been proposed for entity and relation
extraction. However, previous work on clinical entity and relation
extraction did not consider the multiple relations between clinical
entities, which often exist in clinical texts. To deal with multiple
relations, we propose using a multi-head selection method for
clinical entity and relation extraction. As pre-trained language
models have been shown to be effective for clinical entity and
relation extraction, we integrate a pre-trained language model
with a multi-head model to jointly extract clinical entities and
relations. The experimental results show that the proposed model
is effective for entity and relation extraction on both the i2b2/VA
2010 and n2c2 2018 challenge datasets and outperforms the top-
ranking systems in the n2c2 2018 challenge. We also evaluate
the impact of four existing pre-trained language models on
clinical entity and relation extraction performance. The domain-
specific pre-trained language model improves the performance
of clinical entity and relation extraction. Between BERT and
CharacterBERT, which uses a Character-CNN module instead
of BERT’s wordpiece system to represent entire words, we find
that BERT outperforms CharacterBERT on joint extraction of
clinical entities and relations.

Index Terms—Clinical record, entity recognition, relation ex-
traction, multi-head selection, pre-trained language model

I. INTRODUCTION

Electronic health records (EHRs) contain large amounts of
free-text data which includes detailed records about clinical
events. However, this information exists in unstructured text.
There has been increasing interest in applying natural language
processing (NLP) technologies to extract structured informa-
tion from EHRs. Extracting available information including
entities and their relations is helpful for supporting clinical
research and applications such as constructing clinical knowl-
edge graphs.

To extract entities and their relations, traditional pipeline
methods [1], [21] first identify entity mentions and then
classify relations for the entity pairs. This separated framework
makes the task more flexible and easy to deal with. However,
it ignores the interaction and correlation between the two sub-
tasks and leads to erroneous delivery because each sub-task has
an independent model. Due to the drawbacks of the pipeline
method, later studies focused more on building joint models
to simultaneously extract entities and relations [3], [16], [20],
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[26], [30]. The joint methods mitigate the aforementioned 
issues and have achieved state-of-the-art performance on entity 
and relation extraction.

Entity and relation extraction have also been thoroughly 
studied in the clinical domain for a long time [12], [13],
[25], [27], [28]. For example, the i2b2/VA 2010 challenge 
presented the tasks of extracting medical concepts (medical 
problems, tests, and treatments) from patient reports and 
identifying the relations between the medical concepts. Most 
proposed methods extract clinical entities and their relations 
with a pipeline model, while few methods utilize the joint 
model. Moreover, previous work on clinical entity and relation 
extraction has not considered the multiple relations between 
clinical entities, which often exist in clinical texts. As shown in 
the example in Figure 1, the test “electrocardiogram” revealed 
two medical problems, “ST elevations” and “J elevations.”

We propose extracting clinical entities and their relations 
by utilizing the multi-head selection-based joint model [3], 
which can deal with the multi-relations. Given the success of 
pre-trained language models (e.g., BERT [7], CharacterBERT 
[8]), we using a pre-trained language model with the multi-
head model to jointly extract clinical entities and relations. 
Specifically, o ur m odel u ses t he p re-trained l anguage model 
as the encoder layer. Then, we use a conditional random fields 
(CRF) layer for clinical entity recognition and a sigmoid layer 
for the relation extraction.

To evaluate the effectiveness of our method, we conducted 
experiments on two clinical datasets provided by the n2c2 
2018 and i2b2/VA 2010 challenges. The results show that our 
method outperforms the top-ranking systems in the n2c2 2018 
challenge. We found that our method correctly extracted 71.8%
of the multiple relations in the n2c2 dataset. We also evaluated 
the impact of four existing pre-trained language models. 
The results demonstrated that the use of a domain-specific 
pre-trained language model improves the accuracy of joint 
extraction of clinical entities and relations. Between BERT and 
CharacterBERT, which uses a Character-CNN module instead 
of BERT’s wordpiece system to represent entire words, we 
found that BERT outperforms CharacterBERT on the joint 
extraction of clinical entities and relations.
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II. RELATED WORK

We first present previous work on entity and relation ex-
traction in the general domain. Because our work focuses on
extracting entities and relations from clinical texts, we also
present prior work on entity and relation extraction in the
medical domain. In addition, we discuss the development of
the pre-trained language model BERT and its application in
medical domain tasks.

A. Entity and relation extraction in general domain

Two main frameworks are used for entity and relation
extraction tasks: the pipeline method [4], [10], [11] and the
joint method [2], [19], [20]. The pipeline method treats the task
as a pipeline of two sub-tasks (i.e., named entity recognition
(NER) and relation classification). This separated framework
makes the task easy to deal with, but it ignores the relevance
between the two sub-tasks because each sub-task has an inde-
pendent model. Moreover, the results of entity recognition may
affect the performance of relation classification, which leads to
erroneous delivery. In contrast, the joint method is expected to
simultaneously extract entities and their relations from texts,
which helps to mitigate the aforementioned erroneous delivery
issues. Early joint models [16], [20] require manually designed
features or existing NLP tools (e.g., POS tagger) [14], [24].
With the development of deep learning, CNN-based and RNN-
based models have been proposed to jointly extract entities
and their relations [16], [19], [30]. Since the emergence of
the BERT model, the BERT-based method [23] has achieved
state-of-the-art results for entity and relation extraction.

B. Entity and relation extraction in medical domain

Despite the success of the joint method in the general
domain, most related studies have preferred the pipeline
method for clinical entity and relation extraction. The 2018
n2c2 challenge1 presented the task of building an end-to-
end system that processes raw narrative text to discover the
concepts related to medications and adverse drug events and
find the potential relations between them. The participants in
this challenge proposed deep/machine learning-based methods
with hand-crafted features [5], [15]. Although their methods
have shown to be effective for extraction, there is still room
for improvement as their models did not deal with multiple
relations related to one entity.

C. Pre-trained language model

BERT is a multi-layer bidirectional transformer-based lan-
guage representation model [7] which is pre-trained on a
large unlabeled corpus and can be fine-turned on various
NLP tasks. BERT has greatly improved the accuracy of
most NLP tasks. The BERT model has become the most
widely used for building NLP systems, and many variants
of BERT model have been proposed [6], [17], [29]. To
facilitate research on language representations in a specific

1https://portal.dbmi.hms.harvard.edu/projects/n2c2-nlp

domain, some studies [9], [23] initialized BERT with pre-
trained BERT provided by Devlin et al. (2018) [7], then
continued to pre-train the model using the domain-specific
corpus. Peng et al. (2019) [23] found that continuing to
pre-train the BERT model on medical corpuses can improve
the accurarcy of several medical NLP tasks, such as clinical
entity recognition. El Boukkouri et al. (2019) [9] focused on
improving language representations in the default “general-
domain” to make word embeddings suitable for specialized
domains. El Boukkouri et al. (2020) [8] showed that BERT’s
sub-word tokenization system which relies on a predefined set
of wordpiece may not be suitable for the special-domain tasks.
They proposed CharacterBERT, which replaces the wordpiece
part of BERTgeneral model with Character-CNN module. The
authors evaluated CharacterBERT on multiple medical domain
tasks and attained state-of-the-art performance. Inspired by
the success of CharacterBERT and the BERT re-trained on
medical domain corpuses, we integrate four released BERT
and CharacterBERT models2 as the encoder of our model to
investigate their performance on the the task of entity and
relation extraction in clinical domain.

III. PROPOSED METHOD

In this section, we introduce our multi-head selection model
integrated with pre-trained language model for clinical entity
and relation extraction. We follow the work of Bekoulis et al.
(2018) [3] who proposed a joint neural model that formulates
the relation extraction as a multi-head selection problem.
Because a clinical entity may be involved in multiple relations
with other entities (e.g., a treatment entity may cause multiple
medical problems), we utilize the multi-head selection model
to extract clinical entities and their relations. In addition,
we use the pre-trained language model as the encoder and
fine-tune it with the multi-head selection model for clinical
entity and relation extraction. Our model, shown in Figure 1,
consists of a pre-trained language model as an encoding layer
to output word representations, a CRF layer for clinical entity
recognition, and a sigmoid layer for relation extraction.

A. Encoding layer based on pre-trained language model

Unlike Bekoulis et al.’s method [3], which uses bidirectional
LSTM as the encoding layer, we utilize the BERT model as
the encoding layer. Because the BERT model has a series of
variants that can be better adapted to tasks in the medical
domain, we use four different pre-trained models [8] as
the encoding layer of our model to obtain contextual word
representations.

B. CRF layer for clinical entity recognition

A CRF layer is added to the top of the pre-trained language
model for clinical entity recognition. The word embeddings
obtained from the pre-trained language model are used as
the input for the CRF layer. The output of CRF layer is
the predicted probability of which category the current word
belongs to. In training mode, we use the actual labels for all

2https://github.com/helboukkouri/character-bert
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Fig. 1. Proposed multi-head selection model integrated with pre-trained language model for joint extraction of clinical entities and relations.

the words as the input for the next step. In predicting mode,
we use the predicted label as the input for the next step.

C. Sigmoid layer for relation classification

In the multi-head selection model, the relation extraction is
regarded as a multi-head selection problem. Each word may
have multiple relations with other words. The input of the
sigmoid layer here is the combination of the word embeddings
of the output of pre-trained language model and the vectors of
labels that are generated by the CRF layer. For the input token
sequence W and a set of relations R, our goal is to identify
for each token wi (wi ∈W ), the most probable head wj (wj ∈
W ), and the most probable corresponding relation label rk
(rk ∈ R). Because the entity may have multiple relations, we
use the sigmoid layer to predict relations, and we minimize
the cross-entropy loss Łrel (in Eq. 1) during training phase,
where m represents the length of the input sequence.

Łrel =

m∑

i=0

m∑

j=0

−logP (head = wj , relation = rk|wi) (1)

For joint extraction of clinical entities and relations, we set
the final loss as the sum of the entity recognition loss and five
times of the relation classification loss.

IV. EXPERIMENTS

A. Dataset

We conducted experiments on two clinical datasets provided
by the n2c2 2018 [12] and the i2b2/VA 2010 [25] challenges3.

3https://www.i2b2.org/NLP/DataSets/Main.php

• n2c2 2018: This dataset consists of 505 discharge sum-
maries drawn from the Medical Information Mart For
Intensive Care III (MIMIC-III) clinical care database. The
training data contains 303 discharge summaries and the
test data contains 202 discharge summaries. Table I shows
the statistics of the n2c2 dataset. This dataset contains
nine types of clinical entities and eight types of relations.
In the experiments, we randomly split the training data
into training and validation sets at a ratio of 4:1.

• i2b2/VA 2010: The original dataset consists of 871 dis-
charge summaries. However, part of the original dataset
is not available to the public, so we could only download
a subset of the original dataset from the i2b2/VA 2010
challenge website. The available dataset consists of 426
discharge summaries (170 training data and 256 test
data). This dataset contains three types of clinical entities
(medical problem, test, and treatment) and eight types of
relations. In our experiments, we randomly split the 426
discharge summaries into training, validation, and test
datasets at a ratio of 3:1:1. Table II shows the statistics
of the i2b2 dataset.

TABLE I
NUMBER OF REPORTS, SENTENCES IN N2C2 DATASET

Dataset Reports Sentences
Training 303 9105
Test 202 6106
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TABLE II
NUMBER OF REPORTS, SENTENCES IN I2B2 DATASET

Dataset Reports Sentences
Training 256 3024
Validation 85 935
Test 85 1105

B. Evaluation metrics

We used the exact matching score as our metric for evalu-
ating the experimental results. An entity is considered correct
if the boundaries and the entity type are both correct, and the
relation is correct when the relation type and the boundaries
of the entities are both correct. The experimental results are
evaluated on precision, recall, and F1 score.

C. Implementation details

We implemented our model by using PyTorch [22]. The
experiments were carried out on a NVIDIA Quadro RTX8000
(GPU). For the n2c2 dataset, we set the maximum sequence
length to 300. We used the AdamW optimizer [18] with a
learning rate and batch size of 5e-4 and 32, respectively. For
the i2b2 dataset, we set the maximum sequence length to 300.
We used the AdamW optimizer with a learning rate and batch
size of 1e-3 and 32, respectively. We applied a dropout layers
of 0.1 to all task-specific layers. We conducted the evaluation
for 100 epochs and selected the optimal epoch on the basis of
the results on the validation set.

D. Results

To identify the impact of pre-trained language models
on clinical entity and relation extraction, we integrated the
following four released pre-trained language models into our
model respectively. The experimental results are shown in
Table III and Table IV.

• BERTgeneral: A general-domain model obtained by pre-
training BERT on a general corpus. It uses the same
architecture and wordpiece vocabulary as BERT (base,
uncased) [7].

• CharacterBERTgeneral: A general-domain model obtained
by training CharacterBERT on a general corpus. Charac-
terBERT replaces the wordpiece part of BERTgeneral with
Character-CNN module.

• BERTmedical: A medical model obtained by re-training
BERTgeneral on a medical corpus.

• CharacterBERTmedical: A medical model obtained by re-
training CharacterBERTgeneral on a medical corpus. This
is the Character-CNN analog of BERTmedical.

For the n2c2 dataset, we compared the top-ranking systems
participators in the n2c2 challenge. The top ranked team,
UTHealth//Dalian team (UTH) [27] proposed a BiLSTM-
CRF-based joint method to extract entities and relations.
Other teams used the pipeline methods. The University of
Florida team (UFL) [28] proposed a pipeline method that
uses BiLSTM-CRF for entity extraction and SVM for re-
lation classification. The NaCT team [13] also proposed a

pipeline method that uses hand-crafted feature-based CRF
for entity and relation extraction. The results show that our
method outperformed these top-ranking systems. Both BERT
and CharacterBERT re-trained on medical corpuses performed
more effectively than the top-ranking systems, and the BERT-
based models outperformed CharacterBERT-based models on
both the n2c2 dataset and the i2b2 dataset.

V. DISCUSSION

A. Multi-relation issues

To investigate the effectiveness of our method for solving
the multi-relation problem, we counted the number of sen-
tences containing multiple relations. For the n2c2 dataset, 1709
out of 2387 (71.8%) sentences containing multiple relations
were correctly extracted by our method. Some of the sample
sentences are shown in Table V. We listed the original text
and their golden labels and the prediction by our method. The
triplet shows the extracted entities and their relations.

B. General domain vs. Medical domain

As shown in Table III and Table IV, for both the n2c2
and i2b2 datasets, the medical domain pre-trained language
models (BERTmedical and CharacterBERTmedical) were more
effective than the general domain pre-trained language models
(BERTgeneral and CharacterBERTgeneral). This indicates that the
pre-trained language model that is re-trained on the medical
domain corpuses can improve the performance of clinical
entity and relation extraction.

C. BERT vs. CharacterBERT

We conducted experiments with BERT and CharacterBERT
to compare their effectiveness for clinical entity and relation
extraction tasks. The results show that the BERT-based model
was more effective than CharacterBERT on entity and relation
extraction, contrary to the results of El Boukkouri et al. [8].

D. Error analysis

To further examine the performance of our model, we ana-
lyzed the results of the most effective BERTmedical-based multi-
head selection model. Table VI summarizes the following two
errors and provides samples of both.

• The system does not extract correct entities and relation
types.

• The system makes additional incorrect predictions.

VI. CONCLUSION AND FUTURE WORK

In this paper, we proposed a multi-head selection model
with pre-trained language models for clinical entity and re-
lation extraction. Our method achieved a better result than
the top-ranking systems that participated in the n2c2 2018
challenge on the clinical entity and relation extraction task.
We also investigated the impact of pre-trained language models
on this task. The BERTmedical-based model yielded the highest
F1 score in our experiments on the n2c2 and i2b2 datasets.
Furthermore, the results showed that pre-trained language
model re-trained on medical domain corpuses outperformed
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TABLE III
CLINICAL ENTITY RECOGNITION AND RELATION EXTRACTION RESULTS FOR N2C2 DATA

Model Clinical entity recognition Relation extraction
P R F1 P R F1

UTH [27] - - 89.03 - - 81.97
UFL [28] - - 88.10 83.37 77.73 80.48

NaCT [13] - - 88.05 - - 80.43
BERTgenerral 92.26 92.44 92.35 82.37 79.49 80.91

CharacterBERTgeneral 91.41 91.82 91.61 81.54 80.08 80.81
BERTmedical 93.92 94.26 93.59 84.80 82.16 83.45

CharacterBERTmedical 92.30 93.29 92.79 81.79 84.01 82.89

TABLE IV
CLINICAL ENTITY RECOGNITION AND RELATION EXTRACTION RESULTS FOR I2B2 DATA

Model Clinical entity recognition Relation extraction
P R F1 P R F1

BERTgenerral 84.45 86.07 85.25 51.93 41.05 45.86
CharacterBERTgeneral 83.35 83.86 83.60 49.31 42.79 45.82

BERTmedical 91.77 91.74 91.76 57.15 53.08 55.04
CharacterBERTmedical 88.36 87.38 87.87 54.22 53.80 54.01

TABLE V
EXAMPLES OF MULTIPLE RELATIONS CORRECTLY EXTRACTED BY OUR METHOD

Dataset Text Gold Prediction
n2c2 toprol xl 50mg daily (50mg, Strength-Drug, toprol xl), (50mg, Strength-Drug, toprol xl),

(daily, Frequency-Drug, toprol xl) (daily, Frequency-Drug, toprol xl)
i2b2 electrocardiogram at that time showed

st elevations and j point
(electrocardiogram, TeRP, st eleva-
tions),

(electrocardiogram, TeRP, st eleva-
tions),

elevations in v2 through v4 (electrocardiogram, TeRP, j point el-
evations in v2 through v4)

(electrocardiogram, TeRP, j point el-
evations in v2 through v4)

TABLE VI
EXAMPLES OF INCORRECT EXTRACTIONS BY OUR METHOD

Error Example Explanation
Text: she is status post 5 doses of iv chemotherapy with intraperitoneal cisplatin. Due to the entity predic-
Gold:(chemotherapy, Route-Drug, iv) tion error, the relation type
Prediction:(chemotherapy, Dosage-Drug, 5 doses) was predicted incorrectly

Incorrect entities
and relation types Text: he was noted to be in rapid af on several episodes receiving 5mg iv lopressor

each time with improvement.
Gold: (5mg iv lopressor, TrIP, rapid af)
Prediction: (lopressor, TrAP, rapid af)

Text: pt with two episodes of hypoglycemia (fsbs 22 and 27), etiology unclear, pt
followed by strickland, who recommend no changes to current insulin regimen

In addition to the correct
entities and relations, the

Gold: (fsbs, TeRP, hypoglycemia), system predicts other in-
Prediction: (current insulin regimen, TeRP, hypoglycemia), correct relations.

Additional incor- (fsbs, TeRP, hypoglycemia)
rect prediction

Text: her son reports that she then developed a headache and fevers started three days
ago which
were treated with tylenol.
Gold:(tylenol, TeRP, a headache),
(tylenol, TeRP, fevers)
Prediction: (tylenol, TeRP, a headache)
(tylenol, TeRP, fevers),
(a headache, TrWP, fevers)

the pre-trained language model trained on general domain
corpuses. We also compared the performance of using Char-
acterBERT vs. BERT as the encoder layer of our multi-head
selection model and found that the BERT model outperformed
CharacterBERT in clinical entity and relation extraction.

In the future, we plan to focus on the following research

directions to improve the performance on clinical entity and
relation extraction:

• We plan to integrate BERT trained on a medical domain
corpus from scratch and add medical specialized vocab-
ulary into our model so that we can identify whether
the medical specialized vocabulary-based word represen-
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tations will be more effective than general vocabulary-
based word representations for clinical entity and relation
extraction.

• In the training phase of the CRF layer, we used the actual
label of entity as the input for the next step, whereas in
the predicting phase, we used the predicted label as the
input for the next step. As a result, the predicted tokens
from training and inference are drawn from different
distributions. We plan to modify the model framework
to solve the problem of inconsistent data in the current
training and predicting phases.

We also plan to conduct experiments on Chinese and
Japanese datasets to verify the effectiveness of our method.
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