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Abstract

Background: Clinical named entity recognition (CNER), whose goal is to automatically identify clinical entitiesin electronic
medical records (EMRs), isanimportant research direction of clinical text datamining and information extraction. The promotion
of CNER can provide support for clinical decision making and medical knowledge base construction, which could then improve
overall medical quality. Compared with English CNER, and due to the complexity of Chinese word segmentation and grammar,
Chinese CNER was implemented later and is more challenging.

Objective:  With the development of distributed representation and deep learning, a series of models have been applied in
Chinese CNER. Different from the English version, Chinese CNER is mainly divided into character-based and word-based
methods that cannot make comprehensive use of EMR information and cannot solve the problem of ambiguity in word
representation.

Methods: In this paper, we propose a lattice long short-term memory (LSTM) model combined with a variant contextualized
character representation and a conditional random field (CRF) layer for Chinese CNER: the Embeddings from Language Models
(ELMo)-lattice-L STM-CRF model. The lattice LSTM model can effectively utilize the information from characters and words
in Chinese EMRs; in addition, the variant ELMo model uses Chinese characters as input instead of the character-encoding layer
of the ELMo model, so as to learn domain-specific contextualized character embeddings.

Results: We evaluated our method using two Chinese CNER datasets from the China Conference on Knowledge Graph and
Semantic Computing (CCKS): the CCKS-2017 CNER dataset and the CCKS-2019 CNER dataset. We obtained F1 scores of
90.13% and 85.02% on the test sets of these two datasets, respectively.

Conclusions: Our results show that our proposed method is effectivein Chinese CNER. In addition, the results of our experiments
show that variant contextualized character representations can significantly improve the performance of the model.

(IMIR Med Inform 2020;8(9):e€19848) doi: 10.2196/19848
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Introduction

Background

Electronic medical records (EMRS) are an important data
resource to describe patients’ disease conditions or treatment
processes. They are records written by clinicians using
unstructured free text to describe medical activities for
individual patients. By analyzing EMRS, a large amount of
patient-related medical knowledge can be mined [1]. With the
generation of alarger number of EMRs and the potential demand
for medical information services and medical decision support,
they have attracted much attention from researchers.

Clinical named entity recognition (CNER) aimsto automatically
identify clinical entities in EMRs and classify them into
predefined categories, such as disease, image review, |aboratory
examination, operation, drug, and anatomy [2]. CNER is the
key component of clinical text mining and EMR information
extraction research and is used for clinical decision support in
medical informatics [3]. At the same time, CNER can also
provide support for disease diagnosis and medical knowledge
base construction, so asto improve overall medical quality [4].
Compared with English CNER and due to the complexity of
Chinese word segmentation and grammar, Chinese CNER was
implemented later and is more challenging. As a public task,
Chinese CNER has been introduced three times at the China
Conference on Knowledge Graph and Semantic Computing
(CCKS), from 2017 to 2019, in order to promote theinformation
extraction of Chinese EMRs. In this paper, we conducted
research and experiments with our Chinese CNER approach,
based on the CCKS-2017 (Task 2) CNER dataset and the
CCKS-2019 (Task 1) CNER dataset.

CNER is generaly performed as a sequence tagging problem
to identify and extract entity references related to clinical
medicine. For the English CNER task, severa neura network
architectures have been proposed and achieved excellent
performance; among them, the most widely used system is a
combination of bidirectional 1ong short-term memory (BiLSTM)
and conditional random fields (CRFs) [5-7]. Maand Hovy [8]
presented the BiLSTM-convolutional neural network
(CNN)-CRF model with CNN and achieved an approximately
equal performance. Compared to named entity recognition
(NER) in other fields, Chinese CNER is more challenging.
Medical texts often use nonstandard abbreviations, or the same
entity has multipleforms; for example, “ B F)$R” (oxaliplatin)
is the same as “ B> F4H” (oxaliplatin) [9]. The more critical
problem is that the Chinese grammatical structure is more
complex than the English structure, and there is no natural
word-segmentation boundary in Chinese, which may lead to
word-segmentation error propagation in CNER [10]. In view
of the dependence of Chinese word segmentation, Zhang and
Yang [11] put forward an innovative lattice long short-term
memory (LSTM) model for Chinese NER. Lattice LSTM is
character based and effectively utilizes the corresponding
potential word information, which is superior to character-based
and word-based modelsin many Chinese general datasets.

Compared with statistical learning methods, which need to
design or extract hand-crafted festures based on domain-specific
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knowledge, deep learning methods usually use distributed
representation as the input feature. Traditiona pretrained
character-embedding models, such asword2vec [12] and Global
Vectorsfor Word Representation (GloVe) [13], train embedding
based on their syntactic and semantic similarity in sentence-level
contexts, but the training result is a context-independent
character vector. In fact, a character may have completely
different meanings in different contexts. For instance, in the
sentence “EE AREE, TSHA30BAFTPERMLIT (K42
BZ240M GBS BKE;E, IREAOOMGHEEEF) , THZIRF,
FBAEEMER, the meanings of both characters “JIfi” are
different depending on their context. Reasonably, the two
characters “Jlii” should have different vector representations.
The Embeddings from Language Models (ELMo) [14] model,
which provides deep contextualized word representations, allows
the same word to have different vector representations in
different sentences. The ELMo model was originally proposed
for English text and generates specific English word vectorsfor
each sentence, not character vectors. However, thelattice LSTM
model is essentially based on Chinese characters; therefore, we
modified the ELMo model to replace the character-encoding
layer with domain-specific Chinese characters as input, so that
the domain-specific ELMo embedding of Chinese characters
was obtained.

In this paper, we propose alattice LSTM model combined with
avariant contextualized character representation and CRF layer
for Chinese CNER. By taking advantage of the lattice LSTM
structure, our approach can control the long-term state with the
combination of word information to make full use of EMR
information. Moreover, avariant ELMo model isprojected into
the lattice LSTM model to help it obtain contextual semantic
information. Finally, a CRF layer is used to capture the
dependencies between adjacent labels. We can summarize the
main contributions of our work as follows:

1. We used the medical field texts to train domain-specific
character embedding and word embedding; sincetraditional
word embedding is difficult to usefor capturing contextual
semantics, the addition of the variant ELMo model can help
the model combine the contextualized character
representations on the basis of character information and
potential word information.

2. Thisisthefirst timethevariant ELMo embedding has been
integrated into the lattice LSTM model and applied to
Chinese CNER research. Compared with other prevalent
models, it has achieved relatively competitive results with
F1 scores of 90.13% and 85.02% on two Chinese CNER
datasets, respectively.

Prior Work

CNER

In thefirst research studies on CNER, rule-based methods [15]
and dictionary-based methods [16] were the most common
methods. For instance, Savova et al [17] and Zeng at a [18]
combined manual rules and heuristic rules to identify medical
entities with good results. Because of the grammatical
complexity of Chinese clinical texts, rule-based methods need
alot of hand-crafted rules, which cannot identify enough entities
and are difficult to transfer to other fields. Statistical learning
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algorithms are mainly based on single-word classification or
sequence tagging, which can consider the tagging results of
adjacent wordsjointly [19,20]; these algorithmsinclude support
vector machines (SVMs) [21], CRFs[22], and structured SVMs.
Finkel et al [23] used CRF to establish an automatic annotation
model for NER, which mainly considered the characteristics of
words, prefixes, parts of speech sequences, and word
morphologies. However, statistical learning methodsrely heavily
on complex feature engineering and resourcesfor specific tasks.
Collobert et al [24] took the lead in solving the NER problem
with aneural model, and used the word embedding asthe input
feature. With the extensive application of deep learning in the
field of natural language processing (NLP), various neura
networks have been applied to sequence tagging tasks [25].

Systematic research on EMR entity recognition was initiated
by i2b2 (Informatics for Integrating Biology and the Bedside)
as a public evaluation task in 2010 [26]. This evaluation first
classified EMR entities [27], mainly identifying three types of
entities: medical problems, treatment, and examination. For
Chinese CNER, Feng et al [28] first carried out CNER research
on Chinese EMRS, using the CRF model and manually compiled
dictionaries. Inthe Chinese CNER, the open dataset isextremely
lacking, and only the CCKS evaluation tasks published the
datasets; they were published three times, between 2017 and
2019. The BiLSTM-CRF model, with self-taught and active
learning proposed by Xia and Wang [29], reached an F1 score
of 88.98% on the CCKS-2017 CNER dataset. Sincethereisno
clear word-boundary information in Chinese text, Chinese
CNER systems can be generally divided into character-based
and word-based methods. However, the character-based method
may lose word-level information, while the word-based method
suffers from word-segmentation error propagation.

Word Embedding

In general, the deep learning method uses word embedding
trained from a large-scale unlabeled corpus as a model input
instead of feature engineering. The most representative,
pretrained word vectors—word2vec [12], GloVe [13], and a
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semisupervised learning method [ 30]—can capture fine-grained
semantic and syntactic information from unlabeled text. Most
of the pretrained word-embedding models are trained on the
genera corpus, and the semantic similarity measurement built
for a general purpose is not effective in a specific field. In
specific fields such as clinical text mining, there are many
clinical entities and syntactic blocks that contain rich domain
information, and the semantics of words are closely related to
them; therefore, we need to use a specific corpus to train
domain-specific embedding [31].

Most of the embedding models only produce
context-independent representation for each word, so it is
difficult to obtain contextual semantic information. Current
research focuses on contextua vector representation; for
example, context2vec [32] uses the LSTM model to encode
context around a center word or some unsupervised language
model [33]. Devlin et al [34] proposed a pretrained language
model, Bidirectional Encoder Representations from
Transformers (BERT), which achieved state-of-the-art results
in many NLP tasks. This paper adopts the contextualized
word-embedding (ie, ELMo) model introduced by Peters et a
[14] and modifiesit to adapt to Chinese characters.

Methods
Model

Overview

In this section, we propose the EL M o-lattice-L STM-CRF model
in detail; its architecture is shown in Figure 1. First, we
concatenated the ELMo embedding and the word2vec
embedding as the input of the character-embedding part of the
lattice LSTM model. Second, embedding of the subsequence
from lexicon D was used as the input of the word-embedding
part. Findly, a CRF layer was used to predict the label
probability. We illustrate these three parts of the
ELMo-lattice-L STM-CRF model with real clinical text (ie, “ B
{R$5RE” [gastric mucosa]) as an example.
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Figure 1. Architecture of the ELMo-lattice-L STM-CRF model. B-IMG: beginning of image entity; c: cell memory; CRF: conditional random field;
ELMo: Embeddings from Language Models; h: hidden state; I-IMG: inside of image entity; LSTM: long short-term memory; superscript c: character

sign; superscript w: word sign; x: embedding of a character or word.
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Thelattice LSTM model can be regarded as an extension of the
character-based method, which takes the addition of character
embedding and weighted-word embedding as the input of the
model. Theinput isasequence of mcharactersas(cy, Cy,..., Cy),
together with words that are obtained by matching the clinical
text in lexicon D. We used the Gensim word2vec tool to train
theunlabeled clinical corpusto obtain domain-specific character
embedding and word embedding. Thisclinical corpusincludes
the CCKS-2017 CNER dataset, the CCK S-2019 CNER dataset,
the unlabeled corpora provided by these two tasks, ahealth care
and learning community [35], and the China National
Knowledge Infrastructure (CNKI) medical abstracts[36], with
atotal of 526,631 sentences. In the known literature, there is
no publicly available medical domain lexicon D, so we use the
annotated entities in the Chinese CNER datasets provided by
the CCKS-2017 and CCK S-2019 datasets and the dictionaries
captured through open sources; finally, we built a medical

terminology dictionary at ascale of about 23 kB. Theterm de,e

denotes the subseguence of matching lexicon D in clinical text,
beginning with character index b and ending at index e, as an

examplein Figure 1; the sub%quencevvdL2 is“BE" (gastric),
andw?, ,is“ BRFERE" (gastric mucosa). Theterm X", . isthe
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LSTM functions are shown below:
%= 0 (W [y, x3) + by (1)
0= 0 (W [y, X) + by (2)
i%= 0 (W [h'y, X)) + by (3)
(c%)~ = tanh (W [hC_4, X4]) + by(4)
ci =S x iy +i5x (%)~ (5)
‘= 0% x tanh (c%) (6)

where i, 0%, f%, and ¢ represent input, output, forget gates,
and the cell memory, respectively. W and b are model
parameters and o () denotes the sigmoid function.

A word cell ¢", ., whichis calculated by the following formula,
is used to represent the recurrent state of X", ¢:

e = 0 (WY [X"he h%]) + by (7)
"he= 0 (W™ [X"ye h%l) + by ()

(b9~ = tanh (W, [x", h%]) + be (9)
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C'he= f'he X € + iy e X (C"h )~ (10)

wherei", cistheinput gate and f*}, . isthe forget gate. Compared
withthe standard L STM model, thereisno output gate for word
units, since label prediction is only on the character sequence.

At each time step, multiple information ¢, flows into c%
through recurrent paths. Take the previous clinical text as an
example: theinput resourcesfor ¢ include x, (“ BR” [mucosa)),
34 (“FABE" [mucosd]), and ¢y, (“BFFIR" [gastric
mucosa]). We add all ¢", o with weights b “0(b 7|i%, - . D) to
% an additional gate i, controls the contribution of each
subseguence into ¢

i%e= 0 (X% C"yd) + b' (10)

The function for calculating cell values ¢’ becomes equation
12. Among them, the gate values i, and i are normalized
(sumto 1) to a%,; and a%:

¢ = ZWeightsacb,t x ¢+ a x (€9~ (12)

The final hidden vectors h¢ are till calculated according to

equation 6. According to the above deduction, we find that the
lattice LSTM model can focus on relevant words dynamically
during NER labeling and can make comprehensive use of the
character information and word information of clinical text.

ELMo

Unlike most widely used, pretrained word-embedding models,
ELMo [14] word representations are calculated by the entire
input sentence. The sentencefirst passes through a convol utional
character-encoding layer; it is then sent to the two-layer
bidirectional language model (BiLM) layer, and the resulting
vector is sent to the scalar mixer layer to get the ELMo
embedding. Specifically, given asequence of N tokens (ty, t,,...,
ty), @ BiLM computes and combines the current tokens' t,

probabilities in both the forward and backward directions. Its
goal isto maximize the following likelihood values:

SNe1 (10gp (tlty, - tis; By BLsru(right),8y) + logp
(tdtie 1.+ -t By B srm(lEft), B9)) (13)

Where 6,, 6, 6 gmy(right), and 6, gry(left) are the token
representation, the Softmax layer, and the forward- and
backward-direction LSTM parameters, respectively.

For each token t,, an L-layer BiLM calculates a set of 2L+1
representations as follows:

R = (XM, hMy;right), hM(left)ji=1,...L} =
{h"™M1i=0,...L} (14)
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Where h*™,  is the token layer and hM; = [h™};(right);
htMy;(left)] for each BiLSTM layer.

For these representations, the paper makes a scalar mixer with
the following formula:

ELMOtaSkk: E(Rk, etaﬂ( - YtaskZLj:O StaskJ hLMkJ (15)

Here, % is the Softmax-normalized weight, and the scalar
parameter Y s used to scale the whole ELMo vector.

In the specific application, the model is pretrained on a
large-scale unlabeled corpus. After the model istrained, a new
sentence is input to get the contextualized ELMo embedding
of each word in the current context. The original ELMo model
was proposed for English text, and English words are divided
into English character sequences as input, resulting in ELMo
embedding of English words. Che et a [37] applied ELMo to
multiple languages, including Chinese. They used the Chinese
word-segmentation tools to segment text into words, and then
used the ELMo model to obtain the contextualized word
embedding.

In the method we proposed, in addition to the standard input of
the lattice LSTM model, we integrated the domain-specific,
pretrained ELMo embedding of Chinese characters as one of
the input features. For obtaining the ELMo embedding of
Chinese single characters, we used space to cut the corpusinto
single-character forms. Then, we modified the ELMo model;
the architecture of the variant ELMo model is shown in Figure
2. We removed the convoluted character-encoding layer, and
the embedding of Chinese characters was used as the input for
training, with the dimension of character embedding set to 100.
The input-sentence embedding was sent to the two-layer
BiLSTM layer and two-layer representations were obtained. In
the original work, the hidden size of the LSTM unit was set to
be larger, and the dimension needed to be mapped to 512
through the linear layer, so that the output vector dimension of
each character by each BiLSTM layer would be 1024. In our
approach, we also modified the linear layer and mapped the
hidden size of the LSTM cell to 50 through the linear layer; the
output vector dimension of each token by each BiLSTM layer
become 100. We then concatenated the input-sentence
embedding and two-layer representations of the two-layer
BiL STM; theresulting vector was sent to the scalar mixer layer.
Finally, pretrained EL Mo embedding of Chinese characterswas
obtained by equation 15. At the pretrained stage of the ELMo
model, we used the same unlabel ed clinical corpusasdonewith
the training-character embedding. In the application, aclinical
sentence was sent into the pretrained ELMo model, sothe ELMo
embedding was obtained.
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Figure 2. Architecture of the variant Embeddings from Language Models (ELMo) model. concat: concatenate; LSTM: long short-term memory.

Scalar Mixer

CRF

A CRF layer is used on hidden vectors (h%;, h,..., h%). The

CRF decodes h*; into k-dimensional vectors, which denote label
prediction probabilities. The score of the prediction sequence
Y = (Y1, Yor Yar--r Vi) 1S cOmputed by the following formula:

SXy) = Y=g Pij +y™ Ayiayy(y (16)

where p;; denotes the probability of label j for word i, A
represents the tagging transition matrix, and A; ; represents the
score of the transition from label i toj.

Finally, the conditional probability P(y|X) is caculated as
follows:

P(yIX) = exp(score(Xy)) / 3 exp(score(Xy')) (17)

where X = (Xq, X, X3,..., X), Which represents the character
sequence input.

Modd I mplementation

In order to evaluate the performance of our approach, we
implemented a series of basic models for comparison, aslisted
below:

1. Char-BiLSTM-CRF. This is a character (char)-based
baseline model [29] without word segmentation;
domain-specific character embedding was used as input.
The pretrained character embedding was trained using the
self-constructed clinical corpus mentioned in the Lattice
LSTM section, and its dimension is 100.

2. BERT-BILSTM-CRF. We used the pretrained
RoBERTa_middle embedding model [38,39]—an improved
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version of BERT—as the input into the BiLSTM layer
instead of the character embedding.

3. Word-BiLSTM-CREF. Thisis aword-based baseline model
with reference to Wu et a [40]. We used the jieba
segmentor [41], which includes the lexicon D, to segment
the corpus. The Chinese word embedding in the medical
field was trained by the word2vec tool, and the dimension
was set to 100.

4. Word-BiLSTM-CRF (char CNN). On the basis of the
word-based baseline model, the character-level embedding
of words or subsequences wasintroduced [8]. The Chinese
character in aword or subsequenceisthe smallest semantic
unit, which carries certain information. The dimension of
character-level embedding was set to 50, and the embedding
lookup table was randomly initialized. The final state of
character-level embedding was obtained by a CNN model;
it was then concatenated with the word embedding to obtain
the distributed representation of the word subsequence.

5. Word-BiLSTM-CRF (char LSTM). Similar to the above
structure, the difference is that the LSTM model was used
to encode character-level embedding [42].

6. ELMo-lattice-L STM-CRF. Thisstructure was our proposed
method. The pretrained word2vec character embedding was
combined with the medical field, pretrained, ELMo
character embedding as the character part input of the
model. The word subsequence was obtained by matching
sentencesin lexicon D, and its embedding was the same as
that of the word-based baseline mode.

Parameter Settings

In this study, we cut sentences into character sequences and
limited the length to no more than 200. The BIO (beginning,
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inside, outside) schema was taken to annotate the entity. As
mentioned earlier, the pretrained character embedding, word
embedding from lexicon D, and ELMo embedding were all
100-dimensional vectors. The number of layers of LSTM was
1 and the hidden size was 200. We set the epoch to 10, the batch
sizeto 1, and the dropout rate was 0.5. We adopted categorical
cross-entropy to compute thelossfunction. A stochastic gradient

Table 1. Hyperparameter settings of the proposed approach.

Lietd

descent optimizer, with a learning of 0.015 and decay rate of
0.05, was used to update parameters. The detailed settings of
hyperparameters are shownin Table 1; similar parameterswere
used in other baseline models. On two Chinese CNER datasets,
we used the same parameters, embedding, and lexicon to
evaluate our method. Finally, we used the deep learning
framework pytorch [43] to implement our model.

Parameter Value
Character-embedding size 100
Embeddings from Language Models (ELMo) embedding size 100
Word-embedding size 100
Dropout rate 0.5
Long short-term memory (LSTM) hidden size 200
LSTM layer 1
Learning rate 0.015
Learning rate decay 0.05
Epoch 10
Batch size 1
Results distribution of the count of different types of entities is shown

Dataset and Evaluation Metrics

We conducted experiments based on two datasets, both of which
were processed to delete privacy in the annotation phase. The
first dataset wasthe CCK S-2017 CNER dataset, which contains
1596 labeled EMRs with five categories of clinical entities,
including diseases, symptoms, exams, treatments, and body
parts. We divided the dataset into two parts: 1198 EMRs were
taken as a training set and 398 EMRs were taken as test set.
Sequences that are too long will lead to the deterioration of
model performance, so punctuation was used to split EMRsinto
sentences [11]. Therefore, the training set contained 7906
sentences and the test set contained 2118 sentences. The detailed

in Table 2.

The second dataset was the CCK S-2019 CNER dataset, which
contains 1000 labeled EMRs. We divided the dataset into 900
training EMRs (5872 sentences) and 100 test EMRs (612
sentences). There were six categories of clinical entitiesin the
dataset: disease, image, laboratory, operation, drug, and
anatomy. The detailed distribution of the count of different types
of entitiesis shown in Table 3.

In this paper, we used standard evaluation metrics, such as
precision, recall, and F1 scores, to evaluate model performance.
Meanwhile, the evaluation metrics were strict, which requires
that the true label and prediction label have exactly the same
entity name, same boundary, and same entity type.

Table 2. The distribution of entities in the China Conference on Knowledge Graph and Semantic Computing (CCKS)-2017 clinical named entity

recognition (CNER) dataset.

Dataset Number of entities in each category

Sentence Disease Symptom Exam Treatment Body part
Training set 7906 722 7831 9546 1048 10,719
Test set 2118 553 2311 3143 465 3021

Table 3. The distribution of entities in the China Conference on Knowledge Graph and Semantic Computing (CCKS)-2019 clinical named entity

recognition (CNER) dataset.

Dataset Number of entitiesin each category

Sentence Disease Image Laboratory Operation Drug Anatomy
Training set 5872 3755 940 1167 932 1586 7524
Test set 612 362 34 37 116 242 898
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Experiments Results

In order to get convincing experimental results, we ran each
model five times and calculated the average precision, recall,

Lietd

and F1 scores as the final results. Table 4 shows the results of
various models with different architectures on the test set of
two Chinese CNER datasets.

Table 4. Results of various models with different architectures on two datasets.

Model CCKS22017 CNER® dataset CCKS-2019 CNER dataset
Precision, % Recall, % F1 score, % Precision, % Recall, % F1 score, %

Char®-BiL STM®-CRF® (basdline) 88.86 86.78 87.81 81.67 80.01 80.83
BERT'-BiL STM-CRF 87.42 86.37 86.89 79.58 80.67 80.12
Word-BiL STM-CRF (baseline) 85.87 86.33 86.10 79.63 80.07 79.85
Word-BiL STM-CRF (char CNN9) 88.23 86.90 87.56 82.69 81.72 82.20
Word-BilL STM-CRF (char LSTM") 89.86 87.34 88.58 83.58 82.21 82.89
ELMo-lattice-L STM-CRF 90,20/ 90.06 90.13 84.69 85.35 85.02

8CCKS: China Conference on Knowledge Graph and Semantic Computing.
BCNER: dlinical named entity recognition.

Cchar: character.

9BiL.STM: bidirectional long short-term memory.

€CRF: conditional random field.

’BERT: Bidirectional Encoder Representations from Transformers.

9CNN: convolutional neural network.

hLSTM: long short-term memory.

'ELMo: Embeddi ngs from Language Models.

IThe best experimental results areitalicized.

We observed that the character-based baseline model was better
than the BERT-BiLSTM-CRF model, which is also character
based and used the state-of -the-art pretrained BERT embedding.
The main reason for this result is that BERT embedding was
trained on the general field corpus rather than on the
domain-specific corpus, which reflects the complexity of
Chinese clinical texts. The character-based baseline model was
better than the word-based baseline model as a whole, which
shows that the character-based method can make better use of
medical text information in Chinese CNER tasks.

It can be seen from the table that the word-BiL STM-CRF (char
LSTM) model outperformed the character-based and word-based
baseline models and obtained competitive F1 scores of 88.58%
and 82.89% on two datasets, respectively. This shows that the
introduction of character-level embedding in the word-based
method can make relatively full use of character and word
information and can effectively improve the performance of the
model. In addition, we also observed that the LSTM model
captured the character-level semantic information of words
better than did the CNN model.

From theresults, we observed that the ELMo-lattice-L STM-CRF
model we proposed, which integrates lattice LSTM structure
and variant pretrained ELMo embedding, achieved excellent

http://medinform.jmir.org/2020/9/€19848/

results compared with the other model s on both Chinese CNER
datasets. Thiswas seen with the F1 scoresthat reached 90.13%
on the CCKS-2017 CNER dataset and 85.02% on the
CCKS-2019 CNER dataset. Compared with the
word-BiL STM-CRF (char LSTM) model, the F1 scores of our
method on both datasets were significantly improved by 1.55%
and 2.57%, respectively. Table 5 showsthe results of our method
compared with previous representative systems on these two
datasets [42,44,45].

Thesysteminthefirst line[42] also used both Chinese character
embedding and word embedding asfeature representations, and
an external health domain lexicon was adopted, which achieved
an F1 score of 87.95% on the CCKS-2017 CNER dataset. The
system in the second line [44] was similar to that in this paper.
It adopted a lattice LSTM structure and used an adversarial
training approach to improve the performance of the model; it
achieved agood result, with an F1 score of 89.64%. Theresults
show that our method surpassed these two systems by 2.18%
and 0.49%, respectively. For the CCKS-2019 CNER dataset,
Li et a [45] achieved the top performance by adopting the
method of transfer learning and ensemble; our method obtained
a similar score. By comparing our method with the previous
models, the effectiveness of our method is evident.
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Table 5. Comparative results between our approach and previous systems on two datasets.

Model CCKS%2017 CNER® datasat CCKS-2019 CNER dataset
Precision, % Recall, % F1 score, % Precision, % Recall, % F1 score, %
Recurrent neural network (char®-word) —d - 87.95 - — -
[42]
AT®lattice-L STM'-CRFI [44] 88.98 90.28 89.64 - — -
FSTL' (ensemble) [45] - - — - — 85.16
Our approach 90.20 90.06 90.13 84.69 85.35 85.02

8CCKS: China Conference on Knowledge Graph and Semantic Computing.
BCNER: dlinical named entity recognition.

Cchar: character.

dData not available.

EAT: adversarial training.

fLsT™: long short-term memory.

9CRF: conditional random field.

PES: fully shared.

ITL: transfer learning.

1The best experimental results areitalicized.

Discussion

Overview

By comparing the experimental results, we notice that our
method has excellent performance on the Chinese CNER task,
which surpassed the character-based and word-based methods.
In the future, we will conduct ablation experiments to further
explore the influence of the lattice LSTM structure and ELMo
embedding on the model performance.

Dataset Analysis

First, we analyzed the two Chinese CNER datasets. Figure 3
showsthe distribution of therelative locations of clinical entities
in the training set of the two datasets.

From the figure, we can intuitively observe that the distribution
of entity locations in the two datasets is similar and relatively

http://medinform.jmir.org/2020/9/€19848/

RenderX

uniform; however, the distribution of entities from the
CCKS-2019 CNER dataset is obviously more sparse than that
of the CCKS-2017 CNER dataset. This indicates that the
CCKS-2019 dataset |abel swere relatively unbalanced and there
were more outside labels, which explains the reason why the
results from the same modelsusing CCKS-2017 CNER dataset
were superior to those using the CCKS-2019 CNER dataset.
Meanwhile, Tables 2 and 3 showed that there were very few
image entities and laboratory entitiesin the test set—34 and 37,
respectively—compared with the training set from the
CCKS-2019 CNER dataset. This means that the distribution of
labelsin thetest set and training set from the CCKS-2019 CNER
dataset was quite different, which is another reason for the
weaker performance by the model when using the CCKS-2019
CNER dataset.
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Figure 3. Distribution of relative locations of entitiesin two Chinese clinical named entity recognition (CNER) datasets. CCKS: China Conference on

Knowledge Graph and Semantic Computing.
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Effectiveness of the Lattice LSTM Model

The comparison of the results of the standard lattice LSTM
model and the character-based and word-based methods from
using the two datasets is shown in Table 6. From the table, we
observe that the performance of the standard lattice LSTM
model surpassed that of the char-BiLSTM-CRF and
word-BiL STM-CRF (char LSTM) models. Compared with the
better-performing word-BiLSTM-CRF (char LSTM) model,
the performance of the model using the lattice LSTM on
CCKS-2017 CNER dataset improved by 0.84%; the performance

on the CCKS-2019 CNER dataset significantly improved by
1.29%. Although the word-BiLSTM-CRF (char LSTM) and
lattice LSTM models used the same word embedding and
lexicon, theword-BiL STM-CRF (char LSTM) model first uses
the lexicon for word segmentation, which imposes a hard
restriction on the use of its subsequences, whilethelattice LSTM
model isfreeto consider lexicon words. Thisprovides evidence
that thelattice LSTM model can dynamically integrate potential
word information, is superior to the character-based and
word-based methods, and can achieve excellent performance
in solving the Chinese CNER problem.

Table6. Comparison of results between character-based or word-based methods and the | attice long short-term memory (L STM) model on two datasets.

Model CCKS22017 CNER® dataset CCKS-2019 CNER dataset
Precision, % Recall, % F1 score, % Precision, % Recall, % F1 score, %
Char®-BiL STMY-CRF® (baseline) 88.86 86.78 87.81 81.67 80.01 80.83
Word-BiL STM-CRF (char LSTM) 89.869 87.34 88.58 83.58 8221 82.89
Lattice-LSTM-CRF 89.66 89.18 89.42 85.11 83.27 84.18

8CCK S: China Conference on Knowledge Graph and Semantic Computing.

BCNER: clinical named entity recognition.

Cchar: character.

dBiLSTM: bidirectional long short-term memory.
€CRF: conditional random field.

fLsT™: long short-term memory.

9The best experimental results areitalicized.

http://medinform.jmir.org/2020/9/€19848/

RenderX

JMIR Med Inform 2020 | vol. 8 | iss. 9| 19848 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Effectiveness of EL Mo Embedding

Table 7 shows the comparative results of different types of
character embedding that were added to the lattice LSTM model
using thetwo CNER datasets. Thefirst lineisthe standard lattice
LSTM model, and the second line is an embedding with equal
dimensions and random initialization. It can be seen that there
were slight improvements on both datasets, which may be due
to the increase in parameters. In the third line, the character
embedding trained by the GloVe tool [13] was added, and the

Lietd

F1 scores on the two datasets reached 89.70% and 84.62%,
respectively, which shows that the addition of domain-specific
character embedding is effective. The performance of the
ELMo-lattice-L STM-CRF (ML [many languages]) model, with
pretrained ELMo representation for multiple languages[37,46],
was dlightly reduced compared to the standard
lattice-L STM-CRF model. Thisislikely becausethe pretrained
ML model wastrained on the general field corpus, so there was
the problem of semantic inaccuracy.

Table 7. Comparison of different types of character embedding added to the lattice long short-term memory (LSTM) model using two clinical named

entity recognition (CNER) datasets.

Model CCKS22017 CNERP dataset CCKS-2019 CNER dataset

Precision, % Recall, % F1 score, % Precision, % Recall, % F1 score, %
L attice-L STMC-CRE 89.66 89.18 89.42 85.11 83.27 84.18
Random-lattice-L STM-CRF 88.79 90.32°€ 89.55 85.10 83.65 84.37
Glove-lattice-L STM-CRF 89.63 89.77 89.70 85.32 83.90 84.62
EL Mo lattice-L STM-CRF (ML) 89.90 88.69 89.29 82.23 84.09 83.15
ELMo-lattice-LSTM-CRF 90.20 90.06 90.13 84.69 85.35 85.02

8CCKS: China Conference on Knowledge Graph and Semantic Computing.

PCNER: clinical named entity recognition.

YL STM: long short-term memory.

dCRF: conditional random field.

®The best experimental results are italicized.
fGloVe: Global Vectors for Word Representation.
9EL Mo: Embeddings from Language Models.
ML many languages.

The experimental results show that our proposed method was
the best among all the methods, and it exceeded the standard
lattice LSTM model by 0.71% and 0.84% on two datasets,
respectively. Theseresults demonstrate that the pretrained ELMo
embedding trained on the medical corpus can further improve
the performance of the model. After adding the pretrained ELMo
embedding, the model used character information and weighted
potential word information in sentences through the lattice
LSTM structure; the model also obtained the domain-specific
contextualized character representations, so asto obtaintherich
semantic information of the EMRs, which is conducive to

http://medinform.jmir.org/2020/9/€19848/

improving the performance of the model in the Chinese CNER
task.

Error Analysis

We carried out error analysis on each entity category and on
the reasons for misclassification. As shown in Table 8, we
compared the results of our method with those of the
char-BiLSTM-CRF mode and the word-BiLSTM-CRF (char
L STM) model with respect to various entity categories: disease,
image, laboratory, operation, drug, and anatomy. Since the
distribution of results was similar, only the results of the
CCKS-2019 CNER dataset are used for illustration.
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Table 8. Comparison of the results regarding each entity category when using the China Conference on Knowledge Graph and Semantic Computing

(CCKS)-2019 clinical named entity recognition (CNER) dataset.

Model

F1 scores for each entity category, %

Disease Image Laboratory Operation Drug Anatomy All
Char®-BiL STMP-CRE® 80.23 7775 74.41 83,61 ¢ 8874  80.25 80.83
Word-BiL STM-CRF (char LSTM®) 81.45 80.56 77.41 81.54 91.86 84.56 82.89
EL Mo -lattice-L STM-CRF 83.66 85.23 78.28 82.12 97.05 83.79 85.02

8char: character.

bBiLSTM: bidirectional long short-term memory.
°CRF: conditional random field.

%The best experimental results are italicized.
€LSTM: long short-term memory.

ELMo: Embeddi ngs from Language Models.

From the table, our method showed a significant improvement
regarding image and drug entities, with F1 scores 4.67% and
5.19% higher than the previous best results; in particular, the
F1 scorefor the drug entity reached 97.05%. Through analysis,
we determined that the improvement of image entities was
mainly dueto the fact that image entities are mostly compound
words in Chinese CNER, such as “/LER2#8” (color Doppler
ultrasound of the heart), “ & BB F2#8" (color Doppler ultrasound
of the abdomen), and “RFAEF.#B” (color Doppler ultrasound
of theliver). For instance, “ 1L BEF 8" is often divided into two
parts: the anatomy entity “/(:ff” (heart) and the image entity
“¥#8” (color Doppler ultrasound). In the drug entity, single
characters in terms such as “ B0 F|$H” (oxaliplatin) and “#
Fi&” (Xeloda) are almost meaningless or even interfere with
semantic understanding. Lattice LSTM improves the accuracy
by constructing a medical domain lexicon and dynamically
integrating word information. However, we noticed that al the
methods did not perform well regarding the laboratory entity.
Thismay be because |aboratory entities are more complex than
other entity types, in which mixed representations occur more
often, such as“ca74-2," “[&]#coombsiztI&" (indirect Coombs
test), and “ gepdiE IR IE” (glucose-6-phosphate dehydrogenase
[G6PD] activity test); in addition, entities can betoo short, such

as“&.” (chlorine), “hb,” and “ph.” Thisisstill agreat challenge
for the research of Chinese CNER,; it is also the direction in
which future research is heading.

Conclusions

By introducing the lattice LSTM model and a variant ELMo
language model, this paper proposesanew Chinese CNER deep
learning method. Our approach allows the model to coordinate
the use of the character information and potential word
information and takes advantage of contextualized character
presentations, so as to make full use of EMR information.
Finally, we used the CRF layer to capture the dependency
between adjacent labels. We constructed a series of experiments
on two Chinese CNER datasets to eval uate the performance of
the model. The results showed that the
ELMo-lattice-L STM-CRF model that we proposed achieved
excellent results, with F1 scores of 90.13% and 85.02% on the
two datasets, respectively, which exceeded the performance of
the standard latticeLSTM-CRF model and achieved a
competitive system. Overall, the results show that our approach
for Chinese CNER is effective and can be used in future
research. In future work, we will further generalize our model
to improve its applicability and apply it to other small datasets
through transfer learning methods.
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