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Abstract: Clinical named entity recognition is an essential task for humans to analyze large-scale
electronic medical records efficiently. Traditional rule-based solutions need considerable human
effort to build rules and dictionaries; machine learning-based solutions need laborious feature
engineering. For the moment, deep learning solutions like Long Short-term Memory with Conditional
Random Field (LSTM–CRF) achieved considerable performance in many datasets. In this paper,
we developed a multitask attention-based bidirectional LSTM–CRF (Att-biLSTM–CRF) model with
pretrained Embeddings from Language Models (ELMo) in order to achieve better performance. In the
multitask system, an additional task named entity discovery was designed to enhance the model’s
perception of unknown entities. Experiments were conducted on the 2010 Informatics for Integrating
Biology & the Bedside/Veterans Affairs (I2B2/VA) dataset. Experimental results show that our model
outperforms the state-of-the-art solution both on the single model and ensemble model. Our work
proposes an approach to improve the recall in the clinical named entity recognition task based on the
multitask mechanism.

Keywords: clinical named entity recognition; information extraction; multitask model; long short-term
memory; conditional random field

1. Introduction

Along with the popularization of medical information systems, more and more electronic medical
records (EMR) are produced. As most of the content in EMRs involves unstructured texts, interpretation
from specialists is needed to acquire relevant information in EMRs. However, in the face of large-scale
EMRs, automated solutions are indispensable. Clinical named entity recognition (CNER) is a particular
case in natural language processing (NLP) information extraction tasks, and it aims to extract specific
conceptions from unstructured texts, such as problems, medical tests, and treatments [1], which is an
essential process for transforming unstructured EMR texts into structured medical data. A highly
effective CNER solution will help improve the efficiency of analyzing large-scale EMRs, thus supporting
extensive medical research and the development of medical information systems.

Traditional clinical named entity solutions are rule-based, for example, Medical Language
Extraction and Encoding System (MedLEE) [2], MetaMap [3], clinical Text Analysis and Knowledge
Extraction System (cTAKES) [4], and KnowledgeMap [5]. Rule-based systems need considerable
human effort to build basic rules and sometimes a specialized sub-field dictionary, which is specific to
the existing entities, with a weak ability to recognize new entities and misspellings [6]. Rule-based
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systems have a high precision score; however, due to the limited rules, they have a low recall in
general [7]. Given the disadvantages of rule-based systems, systems based on machine learning were
proposed for implementing clinical information extraction to reduce the reliance on human-built rules
and dictionaries. Furthermore, an increasing number of public medical sequence labeling datasets
such as the Center for Informatics for Integrating Biology and the Bedside (I2B2) 2010 [8] and Semantic
Evaluation (SemEval) 2014 [9] offer data fundamentals for training machine learning models. Machine
learning models like support vector machine (SVM), conditional random field (CRF), and hidden
Markov model (HMM) achieved superior results [10–12]. Among these models, linear chain CRF [13]
could be one of the most widely used algorithms on account of its strong ability to model the state
transition in the token sequence and tag sequence. Compared to rule-based systems, systems based on
machine learning let the system learn rules based on the clinical records instead of prior defined rules,
which enhances the system’s ability to identify unknown entities.

Solutions based on machine learning usually contain two main processes: feature engineering
and classification [7]. However, the feature engineering process is a weak link in machine learning
systems. Researchers need to manually select possible features and design feature combinations, which
is time-consuming, and the features selected could be exclusive to the given task. Being limited by
the cognitive differences and deficiencies of humans, manually identified features are incomplete [14].
With the development of deep learning, more researchers focused on deep learning models to implement
named entity recognition. Compared to machine learning-based solutions, the advantage of deep
learning can free the feature engineering part by changing it to an automated process in the training
process. Among deep NLP studies, one branch of recurrent neural networks, the long short-term
memory network (LSTM), is a prevalent model for feature extraction due to its ability to keep memories
of preceding contents of each token [15]. Recent works used bi-directional LSTM (biLSTM) to extract
features and a CRF model to infer sequence labels, called the biLSTM–CRF hybrid model. Compared to
machine learning algorithms, the biLSTM–CRF model achieved considerable performance compared
to previous machine learning models [16–19]. Furthermore, biLSTM–CRF models use unsupervised
pretrained word embeddings as features instead of manually engineered features, which reduces
human factors in the system.

Recently, contextual word embeddings such as Embeddings from Language Models (ELMo) [20]
and Bidirectional Encoder Representations from Transformers (BERT) [21] brought new improvements
to the named entity recognition (NER) task. Embedding algorithms like Word2vec [22] and GloVe [23]
are based on the meanings of words (the meaning is speculated by word co-occurrences), and they map
each word to a vector using a language model. However, in different contexts, the same word may
have different meanings. For instance, the meaning of the word “bank” in “go to the riverbank” and
“go to the bank to deposit” is different. Contextual word embedding algorithms solve this problem
by giving various embedding vectors of the same word in various contexts [20,21]. In CNER studies,
models with pretrained contextual word embeddings in medical corpora outperformed those with
Word2vec and GloVe [24].

With the proposal of contextual word embedding, methods like character combined embeddings
and attention mechanism are yet to be tested, and prior studies based on deep learning did not
pay enough attention to the system’s perception of unknown entities, as the recall of those systems
is relatively low. Our study hypothesizes that, through combining contextual word embedding,
multitask, and attention mechanisms, the system can achieve better performance than previous
works and recognize more unknown entities. Thus, we propose a multitask biLSTM–CRF model
with pretrained ELMo contextual word embeddings to extract clinical named entities. The multitask
mechanism separates the NER task into two parts: named entity discovery and named entity
classification, in which the classification task is the primary task, and the discovery task is the secondary
task. Usually, the secondary task in a multitask model can be seen as a regularizer [25]; this mechanism
was implemented to reduce noise in the social media named entity recognition task [26]. We constructed
the multitask mechanism to enhance the model’s perception of unknown entities to improve recall.
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In addition, we drew a self-attention mechanism into the model. Experiments were done on the I2B2
2010/VA [8] dataset. The results show that our model outperforms the typical LSTM–CRF models
with ELMo contextual word embeddings. Our work provides an approach to improve the system’s
performance and perception of unknown entities based on multitask mechanism.

The paper is organized as follows: Section 2 summarizes previous studies on methods of clinical
named entity recognition and describes the multitask recurrent neural network model and the ELMo
pretrained contextual word embedding. Section 3 presents the experimental setting and results.
Section 4 discusses the experimental results. At last, Section 5 concludes the findings of this study and
describes some possible future directions based on this work.

2. Materials and Methods

In this section, we describe related work on clinical named entity recognition and how our model
was designed. Section 2.1 describes related work on clinical named entity recognition. Section 2.2
describes the algorithm of ELMo contextual word embedding and its pretraining corpus. Section 2.3
describes the structure of the bi-directional LSTM with attention layers. Section 2.4 describes the
multitask mechanism, which consists of the sequential inference task and the entity discovery task.

2.1. Related Work on Clinical Named Entity Recognition

The development of clinical named entity recognition systems approximately goes through three
stages, which are rule-based systems (also known as knowledge-based or lexicon-based), feature
engineered machine learning systems, and deep learning systems. Rule-based systems mainly rely
on search patterns in the form of characters and symbols which contain the content information
of some specific entity. Once the search patterns are built, the rule-based system searches records
based on these pre-defined patterns. Prior works commonly built regular expressions to express the
recognizing rules for named entities, and those regular expressions contained names or part of the
names of target entities. Savova et al. extracted peripheral arterial disease (PAD) if the phrase in
medical notes matched the pre-defined regular expressions. [27]; Bedmar et al. used similar methods
to extract drug entities [28]. The rule-based system works like a retrieval system, and it compares
every phrase to its regular expressions to check if the phrase is a named entity. However, the system
can recognize an entity only if it fits some regular expressions; in other words, if the system has more
regular expressions, it would recognize more entities. A well-performed rule-based system needs
abundant lexicon resources to pre-define search patterns [6,29]. Knowledge bases like Unified Medical
Language System (UMLS) [30] and DrugBank [31] are commonly used for the pre-definition work.
Furthermore, a rule-based system can accurately identify a named entity that appears in its lexicon but
becomes helpless for named entities not in its lexicon. Hence, the rule-based system usually has high
precision but low recall [7]. Also, building and maintaining a domain-specific lexicon with regular
expressions needs many resources. In the face of those shortcomings, machine learning-based systems
were put forward.

Machine learning-based systems allow the system itself to learn rules and patterns from clinical
records, which decreases the manual work in constructing them. SVM, logistic regression (LR),
and CRF are the most commonly implemented algorithms in these systems [29]. These systems
achieved relatively excellent performance [32–35]. For implementing algorithms like SVM, LR,
and CRF, pivotal content and structural information should be provided and converted into particular
forms to allow the learning model to understand sequences and learn patterns. Therefore, feature
engineering becomes essential in machine learning-based systems [14]. For example, Roberts et al.
implemented SVM to recognize anatomic locations from medical reports, and nine features including
lemmas of words, grammatical dependency structure information, and path along the syntactic parse
tree were engineered [32]. Sarker et al. implemented three classification approaches including SVM,
naïve Bayes, and maximum entropy to extract adverse drug reaction entities; n-grams features, UMLS
semantic types, sentiment scores, and topic-based features were engineered [33]. Rochefort et al.
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identified geriatric competency exposures from students’ clinical notes with LR; features including the
number of notes, bag of words features, concept code features, Term Frequency–Inverse Document
Frequency (TF-IDF) features, and semantic type features were engineered [34]. Deleger et al. recognized
pediatric appendicitis score (PAS) from clinical records with CRF, and more than 20 features were
engineered [35]. Manual feature selection is time-consuming, and, as there is no general standard,
the manually identified features are usually incomplete [14]. Moreover, some of the features are also
based on the medical knowledge base [33,34], which indicates that feature engineering processes also
need abundant knowledge resources. Feature engineered machine learning systems can learn rules
and patterns through a training process, which dramatically improves efficiency, and studies showed
that these systems achieve considerable performance [32–35]. However, the system’s performance
highly relies on the features that humans selected, which decreases the robustness of the system.

Along with the development of deep learning in NLP, systems based on deep learning methods
were proposed. Compared to systems based on machine learning algorithms, one of the best advantages
of deep learning systems is the avoidance of manual work. It benefits from unsupervised pretrained
embeddings like Word2vec [22] and GloVe [23]. Actually, the first neural network architecture proposed
by Collobert et al. for NER tasks constructed features by orthographic information and lexicons which
also contained manual work [25], whereas Collobert et al. improved his model by replacing those
manually built features with word embedding, which converts a word into an N-dimension vector
through an unsupervised training process [36]. Studies on CNER based on deep learning methods
mainly follow two directions. One is to optimize the learning model, and the other is to construct or
pre-train better embeddings, which can provide more information for the learning model.

For the studies on learning models, Collobert et al. firstly proposed a model with convolution
layers to capture local information in the sequence [36]. Models based on Recurrent Neural Network
(RNN) were proposed due to its superior ability in sequence learning. Huang et al. proposed a
bi-directional LSTM model for sequence labeling and showed that assembling a CRF layer on top of an
LSTM could improve performance [37]. Lample et al. proposed the biLSTM–CRF model for NER [38].
The biLSTM with CRF-based model showed its success in many CNER studies. Chalapathy et al.
extracted clinical concepts with a biLSTM–CRF architecture, and achieved 83.88% F1 score, 84.36%
precision score, and 83.41% recall score on the 2010 I2B2/VA dataset (the version with 170 training
notes), which was better than all prior work [7]. Xu et al. extracted disease named entities with the
same architecture, and achieved 80.22% F1, which was also better than prior work [39]. Wu et al.
compared CRFs, Structured Support Vector Machines (SSVMs), semi-Markov, Convolutional Neural
Network (CNN), and biLSTM–CRF on the 2010 I2B2/VA dataset (the version with 349 training notes)
and found that biLSTM–CRF achieved the best performance among all learning models with 85.94%
F1 score [14]. Xu et al. combined biLSTM–CRF with a global attention mechanism, and conducted
experiments on the 2010 I2B2/VA dataset (the version with 170 training notes). They achieved 85.71%
F1 score, 86.27% precision score, and 85.15% recall score, which performed the best compared to prior
work [19]. At present, biLSTM–CRF is the most approved learning architecture for CNER tasks.

For studies on embeddings, word embedding was widely used in NER tasks. Chalapathy et al.
compared random embedding, Word2vec, and GloVe in biLSTM–CRF, and found that the system with
GloVe outperformed others [7]. Habibi et al. showed that the pre-training process of word embedding
is crucial for NER systems, and, for domain-specific NER tasks, domain-specific embeddings could
improve the system’s performance [40]. Liu et al. used pretrained Word2vec embeddings on (Medical
Literature Analysis and Retrieval System Online) MEDLINE and Wikipedia corpus and achieved
considerable performance compared to other studies [41]. As a word can be seen as a sequence of
characters, and characters in a word contain parts of a word’s meaning and orthographic information,
character-level embedding is quite useful for NER tasks. Normally, character-level embeddings
are not pretrained; they are initialized randomly and trained by a sub-CNN or sub-RNN in the
whole architecture. Liu et al. combined Word2vec embedding and an LSTM-trained character-level
embedding as features of a word, which performed much better than only word embeddings [41].
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Zeng et al. combined a Word2vec embedding, and a CNN-trained character-level embedding as
features of a word, which performed better for some indicators [18]. Along with the development
of contextual word embeddings, studies [20,21] showed that contextual embeddings achieved better
performance than previous work [7,14,19]. Just like Word2vec embedding, a domain-specific pretrained
contextual embedding model performs better in the domain-specific NER task. Zhu et al. compared
general pretrained ELMo and clinical pretrained ELMo, and found that clinical ELMo performed
much better than general ELMo. They achieved 88.60% F1 score, 89.34% precision score, and 87.87%
recall score on the 2010 I2B2/VA dataset (the version with 170 training notes) [24]. Si et al. compared
Word2vec, GloVe, fastText, ELMo, BERT-base, BERT-large, and Bio-BERT, and found that BERT-large
achieved the best performance [42].

In general, systems with biLSTM–CRF architecture and contextual word embedding set
the new state-of-the-art record in many CNER datasets at present [24,42]. However, methods
that combine character-level embedding and attention mechanisms, such as in References [41]
and [19], with contextual word embeddings are yet to be tested. Moreover, among the existing
studies [7,14,19,40–42], the systems all had a relatively low recall, which indicates that those systems
were not sensitive enough to unknown entities. Aguilar et al. proposed a multitask system for NER
in social media in order to reduce noise, and their system achieved the highest F1 score and decent
precision score compared to other systems [26]. Aguilar et al.’s work indicates that we can try to
introduce the multitask mechanism in CNER tasks to make the system more sensitive to emerging
clinical concepts.

In our work, we design a multitask attention-based biLSTM–CRF model (Att-biLSTM–CRF) to
test the effect of the multitask mechanism in the CNER task. Compared with rule-based systems
and machine learning-based systems, our work is based on deep learning, whereby we do not
rely on human-designed rules and manually engineered features, which significantly improves our
system’s robustness and usability. Compared to prior work based on deep learning, we combine the
biLSTM–CRF architecture, clinical pretrained context embedding, attention mechanism, and multitask
mechanism in order to achieve better performance than prior work. Specifically, we test whether the
multitask mechanism can improve the system’s recall.

2.2. ELMo Contextual Word Embedding

ELMo is a pretrained contextual word embedding model. It is a bidirectional LSTM (biLSTM)
language model which can generate context-dependent word embeddings [20]. The prediction process
of the biLSTM language model is to maximize the log-likelihood of the probability of token i from
both directions.

N∑
i=1

(log p(ti | t1, t2 . . . , ti−1; Θx,
→

ΘLSTM, Θs) + log p(ti | ti+1, ti+2 . . . , tN; Θx,
←

ΘLSTM , Θs)), (1)

where ti is token i, (t1, t2 . . . ti−1) is the forward context of token i, (ti+1, ti+2 . . . , tN) is the backward

context of token i, Θx represents the parameters of the token’s representations,
→

ΘLSTM represents

the LSTM parameters in the forward direction,
←

ΘLSTM represents the LSTM parameters in the
backward direction, and Θs represents the parameters of the Softmax layer. Then, ELMo combines the
representation from each layer of token i as follows:

Ri =
{
hLSTM

i, j

∣∣∣∣ j = 0, 1, . . . , L
}
, (2)
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where Ri is the representation of token i, and hLSTM
i, j is the hidden layer which is equal to [

→

h
LSTM

i, j ;
←

h
LSTM

i, j ].
ELMo collapses the representations from all layers into one single vector. For a specific task, the ELMo
representation of token i is calculated by

ELMotask
i = γtask

L∑
j=0

stask
j hLSTM

k, j , (3)

where γtask is the scalar factor to adjust the scale of vector based on the feature of a specific task, and stask
j

is the normalized weight of each layer.
ELMo showed better performance in several NLP tasks compared to other context-independent

embedding models like Word2vec and GloVe [20]. For some specific domains, a domain-pretrained
ELMo model had better performance than generalized ELMo [43,44]. In the clinical NER task,
the LSTM–CRF model with ELMo pretrained on the medical corpus Multiparameter Intelligent
Monitoring in Intensive Care III (MIMIC III) [45] significantly outperformed the same model with
generalized ELMo [24]. In our work, we use the MIMIC III medical corpus pretrained ELMo to produce
word embeddings as input variables. Thus, the main comparison is between our work and previous
work with clinical ELMo embeddings.

2.3. The Att-biLSTM Model

A recurrent neural network (RNN) is a type of neural network designed to handle sequential
data. For sequential data such as stock price data within a period and every token in one sentence,
the data in step t typically have some relationships with the previous step. In a language model,
the RNN can “remember” the information before the current step, which makes it suitable for sequence
prediction [46]. Particularly, for a sequential data series xtask = {x0, x1, x2, . . . , xt, . . . , xn} where xt is the
t step of xtask, the model calculates the hidden cell output ht by xt and ht−1 for each step at first; then,
computing hidden state outputs of all the steps, the model computes its output otask, and each ot is
calculated by ht. The mathematical expression of the forward propagation process is as follows:

it = tan h(Uxt), (4)

ht = Wht−1 + it + biash, (5)

ot = Vht + biaso, (6)

where U is the weight of the input layer, W is the weight in the hidden cell, and V is the weight
of the output layer. U, W, and V are shared for all steps. Commonly, after computing the outputs,
another layer is added based on the task. For a classification task, a softmax function is usually used to
normalize the probability of each class.

Theoretically, a naïve RNN model can handle the previous information for each step. However,
in practice, the problems of vanishing gradient and exploding gradient in backpropagation through
time (BPTT) result in it failing to learn enough information from previous steps and handle long-term
dependencies [47]. Facing this dilemma, the LSTM model was implemented. The LSTM model combats
the vanishing gradient and exploding gradient problem by its gating and cell state mechanism [15].
The mechanism includes a forget gate f, an input gate I, and a cell state C. The forward propagation
process in an LSTM cell is as follows:

ft = σ
(
W f hht−1 + W f xxt + bias f

)
, (7)

It = σ(Wihht−1 + Wixxt + biasi), (8)

Ct = ftCt−1 + ittanh(WChht−1 + Wcxxt + biasC), (9)
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zt = σ(Wzhht−1 + Wzxxt + biaso), (10)

ht = zttanh(Ct), (11)

where ft is the forget weight, and σ is the sigmoid function which restricts ft between [0, 1]. In the
range, 0 means to completely forget previous information, and 1 means to completely remember the
previous information. It is the input weight of cell t, and it decides how much information should
enter the cell. Ct is the value of the current cell t. It consists of previous information adjusted by the
forget gate and current information by the input gate. At last, the output of the LSTM cell ht is the
cell state value normalized by a tanh function and then adjusted by zt, in which zt decides how much
information should be added to the output.

In our work, the model needs to decide a token’s label not only by the previous tokens but also by
the tokens behind it; thus, we use a two-layer biLSTM to gather information on each token from both

directions (shown in Figure 1). As described above, a single bidirectional LSTM generates an output
→

h t

and, for a biLSTM, it uses two independent single LSTM layers to generate an output [
→

h t,
←

h t]. [
→

h t,
←

h t]
is the final representation of token t in our model.
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Figure 1. The architecture of attention-based bidirectional Long Short-term Memory (Att-biLSTM).
The biLSTM layer captures input data and generates embeddings from two directions. The embedding
of each token from two directions is concatenated into one vector as the output of the biLSTM layer.
Then, the vectors go through a multi-head self-attention layer. A relu function activates the outputs
of the attention layer. Dropout is applied in the biLSTM layer. This part is a part of the encoder in
our model.

Considering that, when human beings classify a token into some kind of entity, they may rely on
some similar representations around it, we add a multi-head self-attention layer [48] after the biLSTM
layer. In this layer, we compute the attention score by a query vector (Q), a key vector (K), and a value
vector (V).

Attention(Q, K, V) = softmax

QKT√
dk

V, (12)

where dk is the number of dimensions in K to scale the dot product of Q and K. Based on the self-attention
mechanism, Q, K, and V are computed from the same input, which is the biLSTM representation in
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our model. Specifically, Q = [
→

h t,
←

h t]WQ, K = [
→

h t,
←

h t]WK, and V = [
→

h t,
←

h t]WV . We use two heads to
capture information from different perspectives; then, we concatenate the attention matrices and send
them into a dense layer to obtain the final representation. The architecture of the Att-biLSTM part in
our work is shown in Figure 1.

2.4. Multitask Mechanism

After the model obtains the representations from the Att-biLSTM, it separates the NER task into a
primary task and a secondary task. The primary task is a sequential inference task, and the secondary
task is an entity discovery task. The two tasks are conducted simultaneously.

In the sequential inference task, the representation vectors are sent to a CRF model to decide
which label should be assigned on each token. The reason that we do not use a dense layer and softmax
function to estimate the class of each token is that the label of each token has sequential dependence,
and the softmax function can capture the dependence information. For instance, it is impossible that a
label representing the beginning of an entity follows another beginning label in one entity in the real
data, but it may happen in the prediction if we use a dense layer and a softmax function. The CRF
model can infer the dependence of token t with token t − 1 and token t + 1 in a sequence by its state
transition algorithm [13]. Thus, a CRF layer is used to infer the sequence in our model. Specifically,
giving a sequence x = {x0, . . . , xt, . . . , xn} and its label sequence ytask =

{
y0, . . . , yt, . . . , yn

}
, it complies

with the following Markov property:

P
(
yt

∣∣∣x, y0, . . . yt−1, yt+1, . . . , yn
)
= P

(
yt

∣∣∣x, yt−1, yt+1
)
. (13)

Then, P(ytask
∣∣∣x) is a chain conditional random field, and the conditional probability of ytask is

P(ytask1

∣∣∣x) = exp
(∑n,K1

i,k λktk(yi−1, yi, x, i) +
∑n,K2

i,l µlsl(yi, x, i)
)

Z(x)
, (14)

where tk is a transition eigenfunction, sl is a state feature function, λk and µl are weight parameters,
K1 is the number of transition features, and K2 is the number of state features. Z(x) is a normalization
function to normalize the probability. tk and λk can be united into one feature function: fk(y, x) =

n∑
i=1

fk(yi−1, yi, x, i). Then, the probability of given sequence x with label sequences ytask1 is expressed by

the following equation:

P(ytask1

∣∣∣x; w) =
exp

(∑m
k=1

∑n
i=1 wk fk(yi−1, yi, x, i)

)
∑z

y′=0 exp
(∑m

k=1
∑n

i=1 wk fk
(
y′i−1, y′i , x, i

)) , (15)

where w is the weight matrix of fk, and z is the set of labels in the label sequence. To maximize
P(ytask1

∣∣∣x; w), we optimize w by the log-likelihood estimation algorithm. To obtain the label sequence
ytask1, we use the Viterbi algorithm to decode the label sequence solved by the CRF layer. Before the
representations enter the CRF layer, they go through a dense layer first, and this dense layer has 13
output neural cells which represent all 13 labels.

In the entity discovery task, the representations generated from the Att-biLSTM are sent into a
binary classifier; this classifier classifies a token as being an entity or not. A dense layer with two
output neural cells is used to represent the two classes, and a softmax function is used to normalize
the probability. The following equation expresses the probability of given sequence x with label
sequences ytask2:

P(ytask2

∣∣∣x; w) =

∑n
i=1 exp

(
xTwi

)
∑K

k
∑n

i=1 exp
(
xTwk

i

) . (16)
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In the backpropagation process, the loss values of two tasks are combined by a linear process,
which is

losstotal = γ1losst1 + γ2losst2, (17)

where γ1 and γ2 are factors of two loss values, and they represent the priority of the two tasks. In every
backpropagation process, the model computes the total loss and conducts gradient descent. The entire
architecture of our model is shown in Figure 2. The source code of our model was published online in
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Figure 2. The architecture of our model. Firstly, the tokens in a sequence enter the pretrained
Embeddings from Language Models (ELMo) model, and ELMo outputs the contextual embeddings
of each token. Then, the Att-biLSTM layer receives the contextual embeddings and outputs the
encoded vector of each token. At last, the encoded vectors are sent to the softmax layer to conduct
the entity discovery task and to the Conditional Random Field (CRF) layer to decode the sequential
labels synchronously.
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3. Results

To test the model’s performance, in this section, we describe the process of experiments and
the experimental results. Section 3.1 describes the dataset we use. The dataset 2010 I2B2/VA is a
public dataset for the CNER task, and several studies conducted experiments on this dataset [7,19,24].
Section 3.2 describes the experimental setting such as hyperparameters and the learning optimizer.
Section 3.3 describes the evaluation metrics, for which exact precision, recall, and F1 are used. Section 3.4
describes the results of our experiments.

3.1. Dataset

To examine our model, we used the 2010 I2B2/VA dataset from the 2010 I2B2 challenge. This
dataset is a set of medical records contributed by Partners Healthcare, Beth Israel Deaconess Medical
Center, and the University of Pittsburgh Medical Center [8]. The records in the dataset are in text format,
and the dataset is already separated into a training set and testing set. There are three different entities
in the dataset: problem, test, and treatment. The descriptions of records, sentences, and tokens are
shown in Table 1. In the training set, there are 7073 problem entities, 4844 test entities, and 4606 entities.
In the testing set, there are 12,592 problem entities, 9225 test entities, and 9344 treatment entities.

Table 1. Descriptions of training set and testing set in the 2010 Informatics for Integrating Biology &
the Bedside/ Veterans Affairs (i2b2/VA) dataset.

Dataset Records Sentences Tokens Tokens Per Sentence

Training set 170 16,315 149,666 9.17
Testing set 256 27,626 267,758 9.69

3.2. Experimental Setting

In our experiment, we labeled the data with BIEOS format (label prefix B is the token in the
beginning of an entity, label prefix I is the token inside an entity, label prefix E is the token at the end of an
entity, label prefix O is the token outside any entity, and label prefix S is a single entity). For the training
progress, we used the Adam optimizer [49] to train the model and tune the hyperparameters by random
search [50]. The early stopping strategy was used to prevent overfitting. The final hyperparameters
are shown in Table 2. We implemented our model on the pytorch library on Python 3.7.

Table 2. Hyperparameters chosen in our work.

Hyperparameters Value

Dimension of Embeddings from Language Models (ELMo) 1024
Bidirectional Long Short-term Memory (biLSTM) hidden size 256
Number of biLSTM layers 2
Number of attention heads 2
Dropout rate 0.5
Learning rate 0.001
Batch size 64
Epochs 100

3.3. Evaluation Metrics

The evaluation metric followed the regulation “Evaluation Methods and Procedures for 2010
I2B2/VA Challenge” [51]. We used the exact F1, exact precision, and exact recall score to evaluate
the performance of our model as most works using this dataset did. “Exact” means that the concept
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entities extracted must match the ground-truth entities exactly both in terms of boundaries and concept
type. The definitions of precision, recall, and F1 are shown below.

Precisionc =
TPc

TPc + FPc
, (18)

Recallc =
TPc

TPc + FNc
, (19)

F1c =
2 ∗ (Recallc ∗ Precisionc)

Recallc + Precisionc
, (20)

where c is the tag of an entity; TPc stands for the true positives of entity c, which means that the actual
tag of this entity is c, and the predicted tag is also c; FPc stands for the false positives, which means
that the actual tag of this entity is not c, but the predicted tag is c; and FNc stands for false negatives,
which means that the actual tag of this entity is c, but the predicted tag is not c. Specifically, as we used
the exact metrics, we treated a predicted entity as a true positive only if it matched both the boundary
and tag type of the corresponding actual entity. Micro F1 was used to integrate all F1c.

3.4. Results

We trained the model with different ransom seeds 10 times, and the mean and standard deviations
of metrics are reported. Table 3 shows the performance of our model, and the performances from other
models which experimented on the same dataset. Our solution in single-model mode achieved an exact
F1 score of 87.53 ± 0.11%, exact precision of 87.75 ± 0.18%, and exact recall of 87.32 ± 0.26%. Before our
work, the best performing single model was the “ELMo (clinical) + BiLSTM–CRF (single) model” [24],
which also used clinical pretrained ELMo word embeddings. We obtained an improvement of 0.69%
in mean F1, an improvement of 0.31% in mean precision, and an improvement of 1.06% in mean recall
compared with the best performing model.

Table 3. Results of experiments on the 2010 i2b2/VA dataset.

Solutions F1 Precision Recall

GloVe-biLSTM–CRF [7] 83.88 84.36 83.41
Clinical Named Entity Recognition system

(CliNER) 2.0 [52] 83.8 84.0 83.6

Att-biLSTM–CRF + Transfer [19] 85.71 86.27 85.15
ELMo (General) + BiLSTM–CRF (Single) [24] 82.54 ± 0.14 83.26 ± 0.25 81.84 ± 0.22

Word2vec + multitask-Att-biLSTM–CRF 78.70 79.98 77.47
ELMo (General) + multitask-Att-biLSTM–CRF 83.00 82.91 83.09

ELMo (Clinical) + BiLSTM–CRF (Single) [24] 86.84 ± 0.16 87.44 ± 0.27 86.25 ± 0.26
Our model (Single) 87.53 ± 0.11 87.75± 0.18 87.32 ± 0.26

ELMo (Clinical) + BiLSTM–CRF (Ensemble) [24] 88.60 89.34 87.87
Our model (Ensemble) 88.78 89.11 88.46

Additionally, we build an ensemble model based on 10 single models trained on different random
seeds [53]. The ensemble model classified tokens based on a voter mechanism that chose the most
voted label by the 10 single models. The results of our ensemble model are also shown in Table 3.
We can see that our ensemble model achieved an F1 score of 88.78, precision of 89.11, and recall of 88.46.
Compared to the previous best solution “ELMo (clinical) + BiLSTM–CRF (ensemble)”, our model
improved by 0.18% in F1 and 0.59% in recall, but had a lower performance for precision (−0.23%).
The F1 and precision had a slight variation between our model and the previous best solution, but we
can see a noticeable improvement in recall, just like the comparison between the single models.
The improvement in recall agrees with the aim of the multi-task mechanism in our model, which was
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to enhance the model’s sensibility to unknown tokens. To see how the multitask mechanism performed
if different embedding methods were implemented, we changed the embedding part of our system
to general pretrained Word2vec and general pretrained ELMo, and the results are shown in Table 3.
The result shows that the system with Word2vec embeddings performs not as good as we expected.
The reason may be that the hyperparameters and label format of our system were adjusted for the
contextual word embedding. However, the system with general ELMo performed better compared
to the result in Reference [24]. The result indicates that the multitask mechanism may have better
performance with contextual word embeddings.

The evaluation of the prediction for each type of medical entities is shown in Table 4. We can see
that the performance of our system on predicting problem entities was better than the other two kinds
of entities in all three indicators, and the prediction of medical test was a little worse than problem
and treatment entities. The reason for this difference may be the imbalance of the training dataset, in
which there were 7073 problem entities, 4844 test entities, and 4606 entities. However, the prediction
results of the three entities were quite close with tiny standard deviations (0.21 F1 score, 0.25 precision,
and 0.16 recall), which indicates that our system is stable when predicting the different types of entities.

Table 4. Evaluation of each type of entity.

Entity Type F1 Precision Recall

Medical Test 88.37 88.61 88.13
Problem 89.03 89.40 88.66

Treatment 88.96 89.34 88.58
SD 0.21 0.25 0.16

Some works using the 2010 I2B2/VA original dataset are not reported in Table 3, because those
works used the original larger dataset of 2010 I2B2/VA which contained 349 records in its training set
and 477 records in its testing set [41,42]. For some reason, I2B2 now only provides a smaller dataset
with 170 records in the training set and 256 records in the testing set. Theoretically, the same model
trained on the larger dataset should perform better than on the smaller dataset. However, our model
performed even better than most models trained on the original larger dataset [12,41]. For the works
conducted on the smaller dataset, the solution “ELMo (clinical) + BiLSTM–CRF (ensemble)” [24] was
the previous state-of-the-art model, and the result shows that our model significantly outperformed
the state-of-the-art model in recall and slightly outperformed it in F1 score.

4. Discussion

The experimental results both on the single model and ensemble model showed the ability to
improve the system’s recall using an additional entity discovery task. According to the results from
previous CNER models [7,12,19,24,41,42], those models with a single task always had a relatively
lower recall compared to their precision; however, it could be used to discover more entities in practice.
In our model, the multitask mechanism was used to balance discovering more entities and correctly
identifying entities, and the use of the additional task can be seen as a process to add extra weights to
discovering clinical entities. For the models with a single task, the model optimizes parameters only
by the loss of the ground-truth tags and estimated tags by cross-entropy. Compared to the models
with a single task, the multitask model tends to optimize parameters based primarily on if a token is
an entity, and correspondingly reduces the reliability on a token being assigned the right tag. In the
backpropagation process, gradients are independent of each other in the softmax and CRF parts.
Then, by backpropagating to the encoder parts, the gradients from the two parts are merged; thus,
the multitask mechanism mainly changes the way of encoding.
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5. Conclusions

In this paper, we firstly discussed recent work on clinical named entity recognition and highlighted
the new improvements brought by contextual embeddings. Then, we proposed the multitask
Att-biLSTM–CRF model with contextual embeddings. The multitask mechanism separates the
entity recognition task into two simultaneous sub-tasks, entity discovery and sequential inference.
Our experiment conducted on the 2010 I2B2/VA dataset showed that our model achieved better
performance than the previous state-of-the-art solution. Notably, our model improved the recall
significantly, which agrees with what we expected.

Our algorithm improved the perception of unknown entities just as we hypothesized, which
means that the system should have a better capability to deal with emerging medical concepts without
extra training resources. This idea could not only be applied in medical concept extraction, but also
other medical named entity recognition applications such as drug names and adverse drug reactions,
as well as named entity recognition tasks in other fields. For future studies, we want to put forward
two ideas. One is a transfer learning idea. We can already see the improvements brought by the
multitask mechanism in this paper, and the multitask mechanism can be seen as a task-oriented
regularizer. Therefore, it could be meaningful to train the model for the entity discovery task so as
to regularize the model first, and then implement transfer learning to train the same model for the
sequential inference task. Another idea is that, in previous work, character-level embedding was very
useful for improving the system’s performance; thus, it would be worthwhile to build a model with
combined character-level embedding and contextual word embedding.

Supplementary Materials: The source code is available at https://github.com/jeffy129/multi_cner.
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