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A B S T R A C T

With the rapid advancement of technology and the necessity of processing large amounts of data, biomedical
Named Entity Recognition (NER) has become an essential technique for information extraction in the biomedical
field. NER, which is a sequence-labeling task, has been performed using various traditional techniques including
dictionary-, rule-, machine learning-, and deep learning-based methods. However, as existing biomedical NER
models are insufficient to handle new and unseen entity types from the growing biomedical data, the devel-
opment of more effective and accurate biomedical NER models is being widely researched. Among biomedical
NER models utilizing deep learning approaches, there have been only a few studies involving the design of high-
level features in the embedding layer. In this regard, herein, we propose a deep learning NER model that ef-
fectively represents biomedical word tokens through the design of a combinatorial feature embedding. The
proposed model is based on Bidirectional Long Short-Term Memory (bi-LSTM) with Conditional Random Field
(CRF) and enhanced by integrating two different character-level representations extracted from a Convolutional
Neural Network (CNN) and bi-LSTM. Additionally, an attention mechanism is applied to the model to focus on
the relevant tokens in the sentence, which alleviates the long-term dependency problem of the LSTM model and
allows effective recognition of entities. The proposed model was evaluated on two benchmark datasets, the
JNLPBA and NCBI-Disease, and a comparative analysis with the existing models is performed. The proposed
model achieved a relatively higher performance with an F1-score of 86.93% in case of NCBI-Disease, and a
competitive performance for the JNLPBA with an F1-score of 75.31%.

1. Introduction

With the rapid development of technology in the biomedical field,
the amount of biomedical data has grown exponentially. Regarding the
efficient extraction of useful information from such data, a great deal of
progress has been made in biomedical text mining and Natural
Language Processing (NLP) over the past decades. Representative text
mining research in the clinical field include engines for automatic
identification, analysis, and extraction of specific types of clinical in-
formation from medical reports or biomedical literature [2,8]. Named
Entity Recognition (NER) is another text mining technique, which in-
volves identifying named entities from a sequence of words and clas-
sifying them into predefined categories. It is not only applicable in
various NLP tasks such as relation extraction [32], document classifi-
cation [16], and question and answering systems [26], but also in
biomedical literature to identify biological entities (e.g., chemicals,

diseases, genes, and proteins). The extracted information is employed in
various types of research, including gene discovery, drug development,
and disease treatment. The demand for automatic biomedical NER
(bioNER) system will continue to grow as it is widely applied in
knowledge discovery and data mining analysis

Several studies [3,18] have shown that the NER of a general domain
achieves a high F1-score, whereas the performance of bioNER is com-
paratively low owing to the following factors. First, there are several
entity names with variant spelling forms. For instance, the following
three words refer to the same chemical: “N-acetylcysteine,” “N-acetyl-
cysteine,” and “NacetylCysteine” [1]. Second, biomedical entities have
inconsistent use of prefixes and suffixes consisting of letters, numbers,
special characters, and Greek letters (e.g.,“Dbf4p”, “Cbp/p300-inter-
acting transactivator”) [1]. Finally, there are cases in which different
entities use the same acronym (e.g., “angiotensin converting enzyme,”
“affinity capillary electrophoresis,” and “acetylcholinesterase,” are
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denoted as, “ACE”), which generates ambiguity among entities [20].
There are various methods for addressing the aforementioned dif-

ficulties in NER, including dictionary- [33], rule- [32], machine
learning- [27,30], and deep learning-based methods [10]. In dictionary-
based methods, terms in the dictionaries are simply matched with the
words in the target sequence for entity extraction. Although this
method is simple, the consistent increase in the number of biomedical
entities and the variety of notations make entity extraction difficult. In
rule-based methods, entity extraction tends to show high performance
when applied to only one specific domain. For machine learning-based
methods, the model efficiently performs entity extraction using various
algorithms and statistical models [12]. However, both rule- and ma-
chine learning-based methods are highly dependent on feature en-
gineering, which is not only labor-intensive and time consuming, but
also requires a substantial amount of domain knowledge in the bio-
medical field. Unlike previous approaches that require laborious human
tasks for crafting features, deep learning methods automatically extract
the best representative features using neural networks. Various neural
network architectures [5,9,10,34] have achieved state-of-the-art per-
formance on several biomedical datasets.

Among deep learning methods, the convolutional neural network
(CNN) is a well-known architecture that is widely used to capture local
information within the given words in biomedical contexts. With the
application of deep learning models, hybrid models [23] have also been
developed to enhance the prediction accuracy by combining a neural
network with a Conditional Random Field (CRF) [17] algorithm.
Among such hybrid models, bidirectional long short-term memory (bi-
LSTM) [4,11] is commonly used to handle sequential data. In the em-
bedding layer of the bi-LSTM model, not only word-level but also
character-level embedding vectors are used as input to handle out-of-
vocabulary (OOV) words [18], which are unknown words that are ab-
sent in the trained vocabulary set. Numerous studies have proposed
different types of CNN- and bi-LSTM-based models for extracting
meaningful character-level embedding.

Recently, a number of studies have been proposed that use transfer
learning [29] and multi-task learning, which leverage additional in-
formation by training a single model for multiple tasks or using pre-
trained weights of auxiliary tasks. In study [19], a biomedical version of
Bidirectional Encoder Representations from Transformers (BERT) ar-
chitecture [6] is applied to transfer knowledge pre-trained on a massive
amount of unlabeled corpus. In other studies on multi-task learning
[36,37], datasets of different types of entities are trained on the same
model to leverage information obtained from related tasks. These
methods have yielded promising results by utilizing information ob-
tained from large amount of data. Similarly, in this research, we utilize
word vectors trained from a large biomedical corpus to capture se-
mantic information and the relationship between words. Moreover, we
construct a simple and technically strong model through the design of
high-level features by combining character features in the embedding
layer. Consequently, the model effectively represents the contextual
meaning of each token by capturing morphological information from
biomedical terms with unfamiliar and complex structures.

The proposed model consists of CNN and bi-LSTM for a character-
level representation with a word-level representation to effectively
design high-level combinatorial feature embedding. By integrating two
different character-level features extracted from the CNN and bi-LSTM,
the token representation captures both the local and global features at
the character-level of the embedding. The three representations that
include word-level, character-level CNN and character-level bi-LSTM
are then concatenated and fed into a fully connected network to
adaptively learn the mixture of each representation. Additionally, we
apply an attention mechanism to the bi-LSTM-CRF model to compute
the similarities between the input tokens to focus on related tokens in
the sentence for predicting the tag of the current token. We validated
our model with two benchmark datasets, JNLPBA [13] and NCBI-Dis-
ease [7], and compared its performance with that of previous models.

The main contributions of the proposed model are summarized as
follows:

• A technically simple architecture is proposed that utilizes combi-
natorial feature embedding and attention mechanism which focuses
on relevant parts of the current token in a sequence of words to
efficiently recognize entities.
• Effective word representation through the design of a high-level
feature embedding utilizing character-level CNN and bi-LSTM,
which effectively captures the local and global information of a
word token.
• Comparison with state-of-the-art methods on two publicly available
datasets demonstrates the empirical strength of our work.
• We study the impact of each module (embeddings, attention me-
chanism) and the effectiveness of their combination.

The remainder of the paper is organized as follows. In Section 2, we
explain the architecture of the bi-LSTM-CRF model and the proposed
method. In Section 3, the experimental setup is described in detail. In
Section 4, we evaluate the performance of the proposed model and
compare it with that of previous methods. In the final section, we
summarize the proposed model and discuss possible improvements for
future work.

2. Model architecture

In this section, before each component of the proposed model is
explained, the overall process is briefly described. The overall archi-
tecture of the proposed model is illustrated in Fig. 1.

1. A sentence is given as input to the model. Two different character-
level word embeddings of each word token in the sentence are then
obtained by utilizing the CNN and bi-LSTM model.

2. Word vectors that are pre-trained from biomedical corpora are used
as initialization for word-level embeddings.

3. The obtained word-level embedding and two different character-
level embeddings are concatenated and fed into a simple fully
connected network to form a 200-dimensional vector, which is used
as the input in the next step.

4. The sequence of final word embeddings is fed into the bi-LSTM-CRF
model with an attention layer to predict the possible tags for each
input sentence.

Fig. 1. Overall architecture of the proposed model.
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2.1. Word embedding

Word embedding is a distributed word representation that maps
words into low-dimensional vectors [25]. The advantage of using a
word vector is that it captures the semantics of words or relationships
between them. In our model, we utilize publicly available pre-trained
word vectors from large biomedical corpora [24]. Because several
words in the biomedical literature are not commonly used, the use of
pre-trained word vectors trained on biomedical corpora is effective for
representing the biological meaning of each entity.

2.2. Character embedding

In addition to word embedding, character-level embedding is used
to represent input tokens. It is used for dealing with OOV words that do
not exist in the trained word vectors. Especially in the biomedical do-
main, several unique words exist in irregular forms, and character-level
embedding is useful for effectively extracting morphological informa-
tion of each word token. We use two different neural networks the CNN
and bi-LSTM to extract the character-level features.

2.2.1. Character-level CNN model
CNNs, which were initially applied in image processing [15], are

now also widely used in several NLP tasks. We apply CNN to effectively
extract local information from the characters of each input token. Each
character in the word token is mapped to a character vector, as shown
in the first step of Fig. 2. The filters with different sizes are then applied
to the embedding matrix to capture important features of adjacent in-
puts. We use three different filter widths in the convolution procedure
to capture various features. For the last procedure of CNN, a max-
pooling operation is performed to extract a single feature for all feature
maps. The output features are then concatenated to represent each
word, which preserves the local information.

2.2.2. Character-level Bi-LSTM model
Bidirectional LSTM models are also employed for extracting char-

acter-level features. As shown in Fig. 3, we apply the bi-LSTM over the
sequence of character embedding for each word and concatenate the
two final hidden states from the forward and backward LSTM to obtain
a fixed-size vector representing a word token. By using bidirectional
hidden states, the model can preserve information from both the past
and the future. Additionally, the bi-LSTM model effectively captures the
global features of each word token.

2.3. Integrating character and word-level representations

We apply a fully connected network in the embedding layer of the
model to integrate character- and word-level representations. First, we
concatenate two different character-level representations extracted

from CNN and bi-LSTM with word-level representation. The three
concatenated representations are then fed into a fully connected net-
work, without an activation function for the JNLBPA dataset and the
ReLU function for the NCBI-Disease dataset, which are the results of
hyperparameter tuning. Subsequently, the output from the fully con-
nected network is used as the final representation for each input token.
By utilizing this method, the model generates a word vector with the
most salient features from each type of representation. As indicated by
Eq. (1), the three embedding vectors are concatenated and represented
as a word vector xt. The operator represents the concatenation of the
embedding vectors. As indicated by Eq. (2), the input word vector xt is
fed into the fully connected network with the weight matrixWi and bias
vector b. The word embedding xt is the output of the fully connected
network with a vector size of 200.

=x v v v[ ]t word cnn bi lstm (1)

= +w f W x b( )t i t (2)

2.4. Bi-LSTM-CRF model

In the unidirectional LSTM model, only information from the pre-
vious words is captured, as tokens are fed into the network from left to
right. However, in the bi-LSTM model, by processing the input in the
forward and backward directions, the one can keep track of information
from both directions. Given the input sentence =X {x , x , x x }t1 2 3 , the
hidden states ht and ht of the forward and backward LSTM outputs,
respectively, are computed in both directions. They are concatenated as

= h hh ;t t t and used as a word representation of each word token in

step t.
We add a CRF on top of the bi-LSTM layer, as shown in Fig. 4. Even

without the CRF layer, the bi-LSTM model can independently predict
the label of each word. However, with the CRF layer, the dependencies
among adjacent tags are considered. The CRF layer jointly decodes the
best tag path using the state transition matrix.

= +
=

x y T M Ss([ ] [ ] ) ([ ] )T T

t

T

y y
T

y t1 1
1

1 ,t t t1,

(3)

In Eq. (3), Ty yt t1, represents the transition score of the transition
from label yt 1, to label y .t Given the input sentence =x x x x x{ , , },t1 2 3
the transition scoreTy yt t1, and M S([ ] )T

y t1 ,t
, which is the tagging score of

the bi-LSTM network for the t th word with label yt , are summed to re-
present the final score of each sentence.

After the calculation of the final score, as indicated by Eq. (4), the
softmax function is applied to obtain the conditional probability of t th
word of the sequence with label yt , over all possible paths Y x( ), for
sentence x.Fig. 2. Character-level CNN model.

Fig. 3. Character-level bi-LSTM model.
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During training, the model maximizes the log probability of Eq. (4).
After training, the model decodes the best output sequence with the
maximum final score as follows:

=y x yargmaxs([ ] ,[ ] )
y Y x

T T

( )
1

'
1' (5)

2.5. Bi-LSTM-CRF model with attention

Additionally, the model contains an attention layer between the bi-
LSTM and CRF layers, which is illustrated in Fig. 1. The attention me-
chanism, which was first introduced in the area of computer vision, is
now widely used in various fields [22,35] including NLP. In NLP, the
attention mechanism improves performance by focusing on the relevant
parts of a sequence of words more than on the irrelevant parts when
predicting. Moreover, when the attention mechanism is applied to the
LSTM layer, it alleviates the long-term dependency issue that can occur
in the long input sequences.

There is a sequence labeling study using an attention mechanism to
combine word-level and character-level representations [28]. In a re-
cent study of chemical NER, an attention mechanism is used to capture
similar entities at the document level to solve the problem of tagging
inconsistency [21]. Motivated by the previous study [21], in which an
attention mechanism was incorporated at the document level, we apply
an attention mechanism at the sentence level to enhance the model
performance. By applying the attention mechanism, the model is
trained to focus on relevant tokens in each sentence, and the similarity
information is employed to effectively predict the label of each word.
For instance, if in the following given sentence “Octamer-binding pro-
teins from C or HeLa cells stimulate transcription of …,” the tokens
“Octamer-binding” and “proteins,” which are tagged as “B-protein” and
“I-protein” in the standard corpus, have a high attention score relative
to other token pairs, this can increase the likelihood that the model will
determine the two tokens as the correct boundary of the protein entity.

In the attention layer, for the input sentence =x x x x x{ , , }t1 2 3 , the
score function is calculated for each target word xt and all other words
xi in the sentence to calculate similarities between two words. We
performed various experiments with different score functions, including
dot product, Euclidean distance, and Manhattan distance function.
Among the score functions, we chose the Manhattan distance function,
which exhibits the best performance and involves a simple calculation.

In Eq. (6), Wais a trainable weight matrix.

=score x x W x x( , )t i a t i (6)

The softmax function is then used to normalize the score, which
generates the attention weight ,t i, conditioned on the target words.

=
score x x

score x x
exp( ( , ))

exp( ( , ))t i
t i

k t k
,

(7)

Subsequently, we generate a context vector ctfor each target word
by computing the weighted sum of the hidden states multiplied by the
attention weight t i, .

=c ht i t i i, (8)

The context vector and hidden states from the bi-LSTM model are
then concatenated to form a word representation = co [h ; ]t t t for each
target word. Finally, the word representation ot is fed into a fully
connected network for computing the tagging score. By utilizing the
global vector ct , the model can capture global information of the entire
input sequence and accurately predict the label of each word token. The
architecture of the bi-LSTM-CRF model with the attention layer is
shown in Fig. 1.

3. Experiment

3.1. Datasets

We used two publicly available benchmark datasets, the JNLPBA
[13] and NCBI-Disease [70], to evaluate the model in comparison with
other competitive models. The JNLPBA corpus consists of 22,402 sen-
tences (18,546 for the training set and 3856 for the test set) from 2400
abstracts in the MEDLINE database. The NCBI-Disease corpus includes
6892 disease mentions (5145 in the training set, 787 in the develop-
ment set, and 960 in the test set) from 793 abstracts. It contains one
target entity, which is the disease. For the JNPBA dataset, to create the
development set, we subdivided the original training set (18,546 sen-
tences) into the training set and the development at 9:1 ratio. The de-
velopment set was used to monitor the performance of the model and
for an early stop to avoid overfitting. Details of each dataset are pre-
sented in Table 1.

3.2. Experimental settings

The word embeddings used in this model are initialized using 200-
dimensional pre-trained word vectors. Pre-trained word vectors that are
publicly available from BioASQ [24] are vectors trained on biomedical
articles from PubMed. Words not found in the pre-trained word vectors
are initialized as UNK tokens, and words consisting of only digits are
replaced with NUM token. The UNK and NUM tokens are randomly
initialized and kept fixed during the training. For character embedding,
we randomly initialize the character-embedding matrix with a uniform
distribution. The sizes of the word- and character- vectors are set to
200-, and 100-, respectively. In the character-level CNN, the sizes of the
filter are set to 3, 5, and 7 for the JNLBPA dataset, and 2, 3, and 4 for
the NCBI-Disease dataset for optimal performance.

Adam optimizer [14] is employed to optimize parameters with a

Fig. 4. Bi-LSTM-CRF model.

Table 1
Dataset details.

Dataset JNLBPA [13] NCBI-Disease [7]

Target entity Protein, DNA, RNA, Cell line, Cell type Disease
Type Sentences Mentions
Train 16,690 5145

Development 1856 787
Test 3856 960
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learning rate of 0.001. The decay rate is set as 0.90 for the JNLPBA
dataset and 0.95 for the NCBI-Disease dataset. To avoid overfitting,
different regularization techniques are applied. The training is per-
formed for 40 epochs; however, it is stopped if no improvement in the
performance is achieved for four epochs. In addition, a dropout of 0.5 is
applied to the convolution layer and the fully connected layer in the
character embedding, as well as to the last hidden state of the bi-LSTM
layer. Moreover, L2 regularization is used with the lambda parameter
set to 5.0e−4.

3.3. Evaluation metrics

The metrics used for evaluating the performance of the model are
the precision, recall, and F1-score, as follows:

=
+

TP
TP FP

precision (9)

=
+
TP

TP FN
recall (10)

=
+

precision recall
precision recall

F1 score 2
(11)

TP represents a case in which the entities are correctly detected for
the words that are labeled as entities, and FP represents a case in which
words that are non-entities are detected as entities. Moreover, FN re-
presents a case in which words that are labeled as entities are not de-
tected, and TN represents a case in which words that are labeled as non-
entities are correctly detected as non-entities. The precision is the ratio
of the number of correctly predicted entities to the total number of
identified entities. The recall is the ratio of the number of correctly
predicted entities to the total number of entities that exist. The F1-score
is the harmonic mean of precision and recall, and it indicates the overall
performance of the NER system. Further, we performed the evaluation
at the full named entity-level, where the exact boundary match over the
entity span of the golden standard corpus.

4. Results and discussion

4.1. Comparison with previous studies

We compared the performance of the proposed model with that of
models used in previous studies on two publicly available datasets:
JNLPBA and NCBI-Disease. Table 2 presents the results of four com-
petitive bioNER models from the works of Wang et al. [34], Habibi
et al. [10], Dang et al. [5], and Gridach [9] evaluated on entity-level
matching. In a cross-type multi-task model of Wang et al. [34], which
ranked third on JNLPBA and second on NCBI-Disease, a performance
improvement is obtained by sharing character- and word-level in-
formation between different benchmark datasets. Habibi et al. [10]
showed the importance of pre-trained word embedding in the bi-LSTM-
CRF model, ranked fourth and third on each dataset, respectively. Dang
et al. [5] presented the D3NER model, incorporating linguistic in-
formation, such as abbreviations and Part-of-Speech (POS) embedding,
which achieved an improved performance on the NCBI-Disease dataset.

Finally, the bi-LSTM-CRF model presented by Gridach [9], which em-
ploys character-level embeddings, achieved the highest F1-score for the
JNLPBA dataset. It has slightly outperformed the F1-score of our model
as its F1-score was 0.56% higher. Although our model achieved the
second highest performance for the JNLPBA dataset, it achieved the
highest F1-score of 86.93% for the NCBI-Disease dataset, outperforming
the previously studied models. The results indicate that the proposed
method is effective for entity recognition in the biomedical field.

4.2. Contribution of character-level embeddings

To analyze the effects of different types of character embeddings
and the effect of the fully connected network that is used to combine
character and word vectors, we conducted experiments using models
with four different combinations of embeddings. The results are pre-
sented in Table 3. In experiment 1, the model used only the word-level
embedding (WE), whereas in experiments 3 and 5, the models used
embeddings that combine one type of character-level embedding (CNN
or bi-LSTM) and the word-level embedding. The results of experiments
3 and 5 significantly outperformed those of experiment 1, indicating
that character-level embedding is useful for handling OOV words in
NER tasks. Additionally, in experiments 3 and 5, for the JNLPBA da-
taset, the bi-LSTM model outperformed the CNN model in extracting
character-level features, while for the NCBI-Disease dataset, the result
was opposite. This indicates that in extracting character-level features,
the CNN and bi-LSTM models have similar effects. In experiment 7, we
investigated the effect of using two different character-level embed-
dings combined with the word-level embedding. For both datasets, the
proposed model utilizing all three types of embedding (char-bi-lstm,
char-cnn, and word) for word representation exhibited the highest
performance in experiments 3, 5, and 7, achieving an F1-score of
74.74%, 86.06% for the aforementioned datasets.

4.3. Effects of fully connected network and attention mechanism

To examine the effect of the fully connected network and attention
mechanism, we performed six experiments involving addition of com-
ponents to the models with four different combinations of embeddings.

In experiment 9, embeddings from experiment 7 were fed into the
fully connected network to design a new embedding of size 200 that
combined three types of embeddings. The results in experiment 9 show
that applying the fully connected network to the embedding layer im-
proved F1-score of 0.19%, 0.54% for each dataset compared to ex-
periment 7, which does not apply fully connected network. This in-
dicates that the model effectively captures the most salient features

Table 2
Performance evaluation of the proposed model and previous models.

JNLBPA NCBI-Disease

Precision Recall F1 Precision Recall F1

Wang et al. 70.91 76.34 73.52 85.86 86.42 86.14
Habibi et al. 71.35 75.74 73.48 86.11 85.49 85.80
Dang et al. – – – 85.03 83.80 84.41
Gridach 74.16 77.66 75.87 – – –

Proposed model 71.89 79.07 75.31 86.75 87.11 86.93

Table 3
Effects of Various Types of Proposed Methods in the Model.

JNLBPA NCBI-Disease

# Model Precision Recall F1 Precision Recall F1

(1) WE 70.00 74.00 71.95 83.43 75.88 79.48
(2) + attention 71.07 73.99 72.50 83.94 76.61 80.11
(3) WE + char(bi-

lstm)
70.92 78.86 74.68 85.70 82.85 84.25

(4) + attention 71.18 78.98 74.88 85.32 85.76 85.54
(5) WE + char(cnn) 71.10 78.43 74.59 86.37 84.30 85.32
(6) + attention 71.69 77.87 74.65 86.08 84.20 85.13
(7) WE + char(bi-

lstm, cnn)
70.95 78.95 74.74 86.46 85.65 86.06

(8) + attention 71.84 78.35 74.95 86.12 85.75 85.94
(9) + fully connected

network
71.30 78.94 74.93 86.83 86.38 86.60

(10) +fully connected
network,
attention

71.89 79.07 75.31 86.75 87.11 86.93
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from each type of embeddings by passing the concatenated embedding
through the fully connected network.

In experiment 10, in addition to the fully connected network, the
attention mechanism was incorporated into the model. According to the
results, the proposed model achieved the highest F1-scores of 75.31%
and 86.93%, for the JNLPBA and NCBI-Disease datasets, respectively.
An interesting fact was that in experiments 2, 4, 6, and 8, although
mechanism had a positive influence overall, the improvements were
generally not as significant as those in experiment 10. This demon-
strates that the effects of the attention mechanism and the fully con-
nected network are maximized when they are combined in the model
with embedding layer that utilizes two different character-level and
word-level embeddings.

4.4. Effects of different word embeddings

In the last part of the experiment, we compared the effects of dif-
ferent types of word embedding. We examined three different word-
embedding choices: randomly initialized word vectors, and two dif-
ferent types of pre-trained word vectors. The two pre-trained word
vectors are Glove embedding, trained on 42 billion tokens from
Common Crawl data, and another was trained on biomedical text, as
described in Section 3.2. We use the model used in experiment 10 of
Table 3. The experimental results are shown in Table 4. The randomly
initialized word embeddings exhibited the lowest performance, and the
pre-trained word vector, trained on PubMed, had the most positive
impact on the performance. This indicates that in bioNER, the use of
biomedical related pre-trained embeddings is not only effective for
handling OOV words, but also outstanding at capturing the biological
meaning of each word token. In fact, 2481 more OOV words were re-
duced when utilizing biomedical pre-trained embeddings than in the
case of using Glove embeddings.

4.5. Error analysis

Table 5 presents example sentences and the types of errors incurred
by the proposed model for the JNLPBA test set. The examples in Table 5
are useful for analyzing the limitations of the proposed model and for
the further study.

Example 1 shows an error caused by the use of an abbreviations in
biomedical terminology. In the test set, “OTFs” is annotated as protein;
however, the model predicted “OTFs” as DNA. Thus, the model ex-
periences confusion owing to abbreviations in biomedical terminology.
In example 2, the model misrecognized protein entity, “[ 125I ] T3.” It
is likely that the model had difficulty recognizing entities consisting of
letters, numbers, special characters, and Greek letters. In example 3, the
model partially recognized the DNA entity, missing the first word
“multiple.” This is a boundary error, where the use of an adjective in an
entity name can cause confusion to the model. For boundary errors, it is
expected that the attention mechanism helps in recognizing the full
name of the entity by capturing the correlation between words in the
sentence. Finally, example 4 shows error due to the long and complex
structure of biomedical terms.

4.6. Discussion

During the training process, overfitting was a concern due to the
small sizes of the JNLPBA and NCBI-Disease datasets. Although we at-
tempted to solve this problem by applying several regularization
techniques, it was still challenging to resolve the issue of insufficient
data. As an alternative solution to resolve the problem of insufficient
data, we can attempt to apply transfer learning for the NCBI-Disease
dataset. In future work, we plan to incorporate the knowledge trans-
ferring approach to improve bioNER performance and resolve the
model limitations revealed by the error analysis.

Moreover, to understand the strength of the proposed model, we
have illustrated frequently confirmed correct cases of our model in
comparison to the model that utilizes only bi-LSTM or CNN character-
level embedding. For case 1 and 2 in Table 6, where entities are com-
posed of multiple tokens, including conjunctions or adjectives, perfor-
mance of the proposed model is better than the comparable models by
predicting the full names of entities. For datasets such as JNLPA with
multiple entities included, it is important for the model to accurately
identify the absence/presence of the entity type first, and then match
the correct boundaries, as in cases 3 and 4. In summary, this elucidates
that the proposed model is more efficient in handling the problem of
partial match of the corresponding entity in binary datasets with only
two classes (e.g. NCBI-Disease dataset), while for the multi-class data-
sets it performs better in identifying and classifying the correct entity
type in comparison to other studies.

5. Conclusion

We presented the model utilizing a deep learning approach for
bioNER. The proposed model consists of three designs that contribute to
its performance. First, the architecture utilizes two different types of
character-level representations extracted from CNN and LSTM neural
networks that capture both local and global information from each
input token. Second, the model feeds the extracted character- and word-
level features to the fully connected network to adaptively learn the
combination of each representation by training the best features from
each embedding. Finally, the attention mechanism is employed to ef-
fectively find the relations between words, which enables efficient re-
cognition of entities. We evaluated the performance of the proposed
model on two benchmark datasets, JNLPBA and NCBI-Disease, and
compared it with that of other competitive models, as shown in Table 2.
Our model achieved the second highest F1-score for the JNPBA dataset,
and the highest F1-score for the NCBI-Disease dataset. In summary, the
experimental results indicate that the proposed model is effective in
designing high-level features of embeddings that capture meaningful
information from entities especially in the biomedical domain. Ad-
ditionally, the result demonstrates that the proposed model is a com-
petitive NER system for extracting biomedical entities from various
resources.
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Table 4
Effects of different types of word embeddings.

JNLBPA NCBI-Disease

Precision Recall F1 Precision Recall F1

Random 69.10 76.62 72.67 82.58 78.38 80.43
GloVe 69.52 77.76 73.41 85.12 83.26 84.18

Pubmed-PMC 71.89 79.07 75.31 86.75 87.11 86.93
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