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Local and global character representation
enhanced model for Chinese medical named
entity recognition
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Abstract. Chinese medical named entity recognition (CMNER) aims to extract entities from Chinese unstructured medi-
cal texts. Existing character-based NER models do not comprehensively consider character’s characteristics from different
perspectives, which limits their performance in applying to CMNER. In this paper, we propose a local and global character
representation enhanced model for CMNER. For the input sentence, the model fuses the spacial and sequential charac-
ter representation using autoencoder to get the local character representation; extracts the global character representation
according to the corresponding domain words; integrates the local and global representation through gating mechanism to
obtain the enhanced character representation, which has better ability to perceive medical entities. Finally, the model sent the
enhanced character representation to the Bi-LSTM and CRF layers for context encoding and tags decoding respectively. The
experimental results demonstrate that our model achieves a significant improvement over the best baseline, increasing the
F1 values by 1.04% and 0.62% on the IMCS21 and CMeEE datasets, respectively. In addition, we verify the effectiveness of
each component of our model by ablation experiments.
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1. Introduction

Chinese medical named entity recognition
(CMNER) aims to extract specific entities from
unstructured medical texts and identify their types,
such as symptoms, drug names, body parts, etc. This
task is the basis of downstream tasks such as infor-
mation retrieval and intelligent question-answering
in the medical domain. In the past researches, named
entity recognition(NER) is usually formalized as
a sequence labeling problem, in which a sentence
is divided into multiple tokens as the input, and
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the model outputs the corresponding entity tags
of tokens. For Chinese NER, tokens commonly
have two forms, i.e. character granularity and word
granularity [1, 2]. The sequence model based on
word granularity may encounter the problem of
improper word segmentation, resulting in wrong
entity boundaries. Therefore, most Chinese NER
models are based on character granularity. However,
Chinese characters do not contain independent
semantics, and character-based models may result
in the incomplete entity or wrong categories. To
solve this problem, researchers mainly consider how
to introduce much more word information for the
character-based model. For example, Zhang et al. [3]
proposed Lattice model, integrating the embedding
of matched words with character embedding in a
unique way to enhance character representation. Ma
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et al. [4] proposed SoftLexicon, which classifies
the matched words into four sets and integrates the
word embedding of the four sets with character
embedding. Liu and Xiao et al. [5] proposed a
model that injects lexical features into the bottom
layer of BERT, and character information and word
information can fully interact in BERT.

The above methods show that character feature
enhancement can make up for the ability deficiency
of Chinese characters to independently perceive enti-
ties. However, these character enhancement methods
do not comprehensively consider the character’s char-
acteristics from different perspectives, which limits
their performance in applying to CMNER. In fact,
Chinese characters in medical domain have useful
characteristics for identifying domain entities, which
is mainly manifested in two aspects:

1) The local characteristic. A Chinese character
has a kind of glyph structure commonly composed
of radicals and other components, and we call it the
local characteristic. A character containing some spe-
cific radical usually belongs to a medical entity, and
Chinese characters with the same medical radical
component have similar medical entity categories.
For example, Chinese characters constructed by the
medical radical component " " are usually the char-
acters of medical entities and mostly related to disease
entities, such as " cancer", " Scar", " plague"
and " epidemic". Characters composed of the med-
ical radical " " are related to body parts, such as
" brain", " liver", " kidney", " lung", etc. This
local characteristic can be obtained by the spacial and
sequential ways. As shown in Fig. 1, for the spacial
way, a Chinese character can be regarded as a two-
dimensional image with specific radical. On the other
hand, from the perspective of sequence, a character
can be disassembled into sequences of the radical
and the other components. Spatial and sequential rep-
resentation can highlight the radical from different
aspects to enhance the ability of Chinese characters
indicating medical entities.

2) The global characteristic. Medical words
constituted by specific Chinese characters also indi-
cate a specific entity. For example, the character
" brain" in Figure 1 constitutes medical words such
as " meningitis" and " cerebral infarction",
while those domain words belong to medical enti-
ties. Medical words responding to a character need
to be obtained from the entire medical dataset, so we
call it the global characteristic. Using these medical
words to obtain the global representation can further

improve the entity-representing ability of Chinese
characters.

Drawing on the aforementioned analysis, we intro-
duce a novel approach to address the limitations of
existing CMNER models. Our proposed method inte-
grates both local and global information of Chinese
characters, aiming to enhance the model’s ability to
accurately perceive potential entity boundaries and
categories. By leveraging this comprehensive infor-
mation, we expect to improve the overall performance
of CMNER and provide more precise and reliable
results in identifying medical entities. Comparing
with previous works, the major contributions of our
paper are three-fold:

1) We propose a local and global character repre-
sentation enhanced model for CMNER. To the best of
our knowledge, it is the first attempt to integrate the
local and global information of Chinese characters to
enhance their ability of perceiving the potential entity
boundaries and categories, and thereby to improve the
performance of NER.

(2) We use the autoencoding mechanism to fuse the
spatial local representation and the sequential local
representation, and use the interaction gating mech-
anism to control the contribution of local and global
representation, so as to obtain the comprehensive
character representation from different perspectives.

(3) Extensive experiments on two benchmark
datasets show that our proposed method significantly
outperforms the other baseline methods, and the in-
depth analysis shows the effectiveness of local and
global representation, as well as fusing and gating
mechanism.

2. Related works

Before the emergence of deep learning, researchers
mainly adopted traditional machine learning meth-
ods for NER. Lafferty [6] first proposed CRF, and
McCallum [7] first successfully applied it to NER.
Settles [8] proposed the method of combining CRF
with feature set for biomedical NER task. Ju [9] uses
SVM to identify the names of the specified type from
the biomedical text, and Tang [10] developed a NER
system based on SVM to identify the clinical enti-
ties in the hospital charging summary. In addition,
they extracted two different types of word features
and integrated them with the clinical NER system
based on SVM. Liu [11] first established a medi-
cal dictionary, and then studied the role of different
types of features in the Chinese clinical text NER
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Fig. 1. Local and global characteristic of characters.

task based on CRF. Although the research has made
great progress, they have to spend a lot of energy
on feature engineering [12] to obtain better recogni-
tion results. In addition, there are still many problems
such as high-dimensional sparse data, poor scala-
bility, cold start and difficulties of user preference
modeling, which makes medical NER based on tra-
ditional machine learning unsatisfactory.

For medical NER, Yao et al. [13] used neural net-
works to train a large number of medical texts to
generate word vectors, and then build multi-layer
CNNs for NER. Li et al. [14] used Bi-LSTM as the
basic NER structure, and Zeng et al. [15] combined
BiLSTM and CRF to achieve good results in the
drug name recognition task. After that, the attention
mechanism was introduced to highlight the impor-
tant information in the input sequence. Luo et al.
[16] constructed a model combining BiLSTM-CRF
and the attention mechanism in document-level com-
pound named entity recognition, and obtained global
information by introducing attention mechanism to
ensure the consistency of the same entity labeling in
document-level data. Medical texts contained intri-
cate information, including a large number of domain
words and professional knowledge, which requires
more efficient ways to solve the task of medical NER.

For Chinese NER, the comparison between word-
based method and character-based method indicated
that the latter was a better choice empirically [17,
18]. In order to compensate for the lack of semantic
expression by characters alone, researchers integrated
lexical information into character-based models. The
typical method was Lattice-LSTM [3] which can
automatically find more useful words from the con-
text and pass to each character to enhance the
character representation for NER. On this basis, many

methods tried to improve Lattice method. Gui et al.
[19] proposed the LR-CNN model to solve the prob-
lem that Lattice structures cannot effectively handle
lexical information conflicts or parallelized comput-
ing. SoftLexicon [4] introduced lexical information
through label and probability methods at the char-
acter representation layer. Yan et al. [20] took full
advantage of these models in enhancing the ability
of capturing remote context dependencies. Besides,
there were also many methods exploiting external
knowledge for Chinese NER [21, 22]. He et al. [23]
used knowledge-graph to enhance word represen-
tation. Yin et al. [24] introduced the radical-level
features to obtain more structural information, and
used the self-attention mechanism to capture the
dependencies between characters. Meng et al. [25]
used Chinese character images to extract features
such as strokes and structure of Chinese charac-
ters, achieving promising performance. In the above
works, it has been proved that the feature extension
and enhancement of Chinese character can result in
better NER performance.

3. Methodology

In this section, we will introduce our proposed
approach. Formally, we denote a Chinese sentence
C = {c1, c2 · ··, ci· · ·, cn} as an model input, where
ci is the i th character in the sentence. The model
outputs BIO{Symptom, Drug, Body · · ·} tags for
each character. The overall framework is illustrated
in Fig. 2, which mainly consists of five modules:
1) local character representation, 2) global char-
acter representation, 3) local and global character
representations integration, 4) context representation
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Fig. 2. The architecture of our model.

extraction based on Bi-LSTM, and 5) tags decoding
base on CRF.

3.1. Local character representation

For each character ci, We obtain the spacial repre-
sentation xs

i , the sequential representation xo
i and the

regular Char2vec representation xw
i respectively, and

then fuse them by autoencoder mechanism.

3.1.1. Spacial representation
First, we regard a character ci as a two-dimensional

image. From the perspective of spatial processing, we
can obtain its spacial representation by the image fea-
ture encoder. Referring to the practice of the model
proposed by Meng et al.[25], we converted ci charac-
ter into six 8-bit gray images corresponding to six
different fonts c

image1
i , c

image2
i , . . . , c

image6
i , where

c
imagej
i is the j th font with 12×12 pixels. We con-

catenate different image pixel matrices to obtain the
total structure image c

image
i ∈ R

12×12×6:

c
image
i = Concat[cimage1

i ; cimage2
i ; . . . ; cimage6

i ]
(1)

Where Concat[.] is concatenation operation.
Then, we used a convolution operation Conv1 with

5×5 convolution kernel size and 384 output channels
to obtain hidden vector h

image
i ∈ R

8×8×384:

h
image
i = Conv1(ximage

i ) (2)

Next, we put h
image
i into a image max-pooling oper-

ation Maxpooling1 with template size of 4×4, and
a convolution operation Conv2 with 1×1 kernel size
and ds output channels, to obtain hidden layer vector
hs

i ∈ R
2×2×ds .

hs
i = Conv2(Maxpooling1(himage

i )) (3)

We put hs
i into the group convolution opera-

tion GroupConv with convolution kernel size of
2, and perform the dimension conversion operation
Reshape to obtain the final spacial representation
xs
i ∈ R

ds of the character.

xs
i = Reshape(GroupConv(hs

i )) (4)

3.1.2. Sequential representation
As mentioned in the introduction, radical compo-

nents in a character have strong function to indicate
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entity, which may not be fully reflected only by the
spacial representation. Therefore, we need to further
emphasize the role of the radicals as independent
components in a character. We divide a character
into radicals and the other components, and then use
the sequence feature encoder to extract the sequential
representation of the character.

First, we split the character ci into K parts Oi =
{o1

i , o
2
i , · · ·, oK

i },according to the split structure of
Chinese characters in the Xinhua dictionary. If the
number of components is less than K, the vacant
position is filled with "<PAD>". We randomly embed
each of the character components using embedding
operation Er:

ek
i = Er(ok

i ) (5)

The obtained random embedding sequence of charac-
ters {e1

i , e
2
i , · · ·, eK

i } is sent to convolution operation
Conv3 with convolution kernel size of 3 to obtain the
character hidden vector sequence hl

i ∈ R
db :

hl
i = Conv3(e1

i , e
2
i , · · ·, eK

i ) (6)

we apply a max-pooling operation Maxpooling2 to
the hidden vector, and then send it to a full con-
nection operation Fc to obtain the sequential local
representation xo

i ∈ R
do of the character.

xo
i = Fc(Maxpooling2(hl

i)) (7)

3.1.3. Char2Vec representation
Character-based Chinese NER models usually use

Char2-Vec vector trained on large-scale corpus as the
initial embedding of characters [26], which contains
the context local information of characters. In our
model, we also use the pre-trained character embed-
ding lookup table Ec to get Char2Vec vectors, which
is trained by Word2Vec model on a massive Chinese
corpus Gigaword1. We map the character ci to its
Char2Vec representation xc

i ∈ R
dc :

xc
i = Ec(ci) (8)

3.1.4. Local representation fusion
After obtaining the three local vectors of a char-

acter, it is necessary to fuse them to obtain the
comprehensive local representation. Because of the
great differences in the three representations, we use

1https://www.flyai.com/m/gigaword chn.all.a2b.bi.ite50.vec

the autoencoding mechanism to fuse them. Specifi-
cally, we concatenate xs

i , x
o
i and xc

i to obtain the initial
splicing vector xd

i ∈ R
ds+do+dc :

xd
i = Concat[xs

i ; x
o
i ; xc

i ] (9)

Then, we performs the following two linear transfor-
mations and activation functions on xd

i to obtain the
hidden vector xl

i ∈ R
dt :

xl
i = Relu(Linear(Tanh(Linear(xd

i )))) (10)

where Linear(.) is a linear transformation, Tanh(.) is
Tanh activation function and Relu(.) is Relu activation

function. We obtain the reconstructed vector xd̃
i by

reconstructing the hidden vector xl
i:

xd̃
i = Linear(Relu(Linear(xl

i))) (11)

We sum up the mean squared error between between

xd
i and xd̃

i of each character in the sentence to get the
fusion loss of the sentence.

Lossf = ‖x
∼
d
i − xd

i ‖2 (12)

This loss will be added to the total loss of the
model. By this reconstruction process, the middle
layer obtains the compressed features to fit the entity
recognition through the following sequence annota-
tion task. We take the hidden vector xl

i of the middle
layer as the final local representation of character.

3.2. Global character representation

In this module, we obtain the global representation
of characters by utilizing the domain word vectors
which commonly contains entity information. The
global representation of a character is decided by four
situations that the character appears in domain words.
We perform the following steps:

Firstly, we use the medical segmentation tool
pkuseg2, an open source segmentation Toolkit, to seg-
ment the collected medical corpuses3, and train word
embedding on the segmented corpuses by skipgram
model [27]. We set the window size of skipgram to 4,
and remove the words less than 5 times. Then we get a
medical domain dictionary D and a word embedding
lookup table Ed for each domain word.

Next, we make the character ci as a query to search
domain words in dictionary D. If a word w in D con-
tains the character ci. we assign w to one of the four

2https://github.com/lancopku/pkuseg-python
3https://github.com/senjinwang/Chinese medical NLP
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sets B(ci),M(ci),E(ci),S(ci) according to the differ-
ent positions of ci in w, Specifically, according to
ci appears at the beginning, middle, or end of the
domain word, the word w is classified into the set
B(ci),M(ci),E(ci) respectively, if ci is same as w (that
is, the character is an independent word),the word w

is classified into the word set S(ci).
Then we count the weight qw

i that represents how
important the word w to the character ci:

qw
i =

m

M
(13)

where m is the frequency of w containing ci, and M is
the frequency of all words containing ci in the training
dataset. We multiply the word vector of each word in
the set B(ci) by the weight qw

i and add them up to get
the beginning global vector x

g
i (B) of the character ci:

x
g
i (B) =

∑
w∈B(ci)

qw
i Ed(w) (14)

Similarly, we can obtain the middle global vector
x
g
i (M), the end global vector x

g
i (E), and the single

global vector x
g
i (S) of ci. In the end, we combined

the four vectors of character ci to obtain the global
representation x

g
i ∈ R

dg .

x
g
i = Concat[xg

i (B); xg
i (M); xg

i (E); xg
i (S)] (15)

3.3. Local and global representation integration

After obtaining the local and global representation
of a character, we use gating-mechanism to control
their contributions to the comprehensive represen-
tation, since one of the representations may have
information redundancy compared to the other. The
calculation formula is as follows:

gl
i = σ(Wlx

l
i + Ulx

g
i + bl) (16)

g
g
i = σ(Wgx

l
i + Ugx

g
i + bg) (17)

Where, gl
i and g

g
i is the local and global gating to

control the proportion of local and global representa-
tion respectively by adaptive learning of the model.
Wl, Ul, Wl, Ug, bl and bg are learnable parameters. σ
denotes the sigmoid function, which is employed to
regulate the weight of the gating mechanism within
a specific range.

Finally, the local and global representation is mul-
tiplied by its corresponding gating and concatenated
to be the comprehensive representation xc

i ∈ R
dl+dg .

xc
i = Concat[gl

i � xl
i; g

g
i � x

g
i ] (18)

3.4. Context representation extraction

Character-based NER is a continuous tokeniza-
tion task with strong constraint relations between
neighboring characters. Therefore, the contextual
information of the characters in the sentence
sequence should also be considered. We feed the
sequence of comprehensive character representations
into the Bi-LSTM network to extract the context rep-
resentation hc

i ∈ R
dh :

hi = Concat[
→
hi;
←
hi] (19)

→
hi =

→
LSTM(xc

i ) (20)

←
hi =

←
LSTM(xc

i ) (21)

Where
→
hi and

←
hi denote the hidden layer vectors

obtained by the forward sequence encoding and the
reverse sequence encoding of the sequence, respec-
tively.

3.5. Tags decoding

In the tags output stage, we use CRF as the decoder.
CRF will affect the results of the current tag based
on the results of the previous tag. Specifically, CRF
is composed of an emission matrix and a transition
matrix. The emission matrix M ∈ R

n×tags records the
probability of each tag, and Mi,j denotes the proba-
bility of the ith word being launched (predicted) to
the jth entity tag. n is the number of characters in a
sentence, and tags are the number of entity tags. The
transition matrix T ∈ R

tags×tags is used to simulate
the relationship between adjacent tags to be learned
in the CRF layer,where Ti,j denotes the probability of
the jth tag transferring to the ith tag. It is a learnable
parameter matrix that can help us to model the trans-
fer relationship between tags explicitly and improve
the accuracy of named entity recognition. We use H
to represent the hidden vector matrix of the input
sequence, and send it to CRF to find the tag sequence
with the largest probability by minimizing the nega-
tive maximum likelihood function. The formula is as
follows:

M = σ(WtH+ bt) (22)

φ(S, y) =
n∑

i=1

Mi,yi +
n−1∑
i=1

Tyi,yi−1 (23)
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p(y|S) = eφ(S,y)∑
y′∈Y eφ(S,y′) (24)

Where φ(S, y) is the sum of the emission probabil-
ity between the observation sequence and the tag
sequence and the transfer score of the tag sequence,
S denotes the observation sequence, y is the real
sequence tags. Wt ∈ R

dh×tags and bt ∈ R
n×tags are

the parameters of the linear layer, and Y denotes the
set of valid tag sequences. We calculate the negative
log likelihood function as the label classification loss
of the sentence:

Losscls = −log p(y|S) (25)

Finally, we add the classification loss and the fusion
loss of characters in the sentence to get the sentence
loss, and sum up the loss of all sentences in the train-
ing set to get the total loss of the model.

Losstotal = Losscls + λLossf (26)

4. Experiments

We first introduce the datasets, experimental
parameters setting and evaluation metrics. Then we
present the experimental results of the proposed
method and comparison model on the two public
datasets, we conduct ablation and parameters experi-
ments on the dataset, Finally, the results and analysis
are given. Our model is implemented using PyTorch
and requires a minimum 8GB of graphics memory
for model training. With a relatively small parame-
ter count of 11.4 million, our model is more compact
compared to other existing models. For training, we
utilize a GTX 3090 GPU with 24GB of memory on
a Linux platform. It takes approximately 1025 sec-
onds to complete one epoch and around 23 hours to
finish the entire training process. During the train-
ing process, we continuously evaluate the model’s
F1 score on the validation set after each epoch. The
model parameters achieving the highest F1 score on
the validation set are saved, and this saved model
is further evaluated on the test set. Once the model
is trained and saved, it can efficiently extract specific
entities from input sentences and provide correspond-
ing labels. It is important to note that if the sentence
length exceeds 512 characters, proper segmentation is
required to ensure the model’s optimal performance.

Table 1
Statistics of datasets

Datasets statics Train Dev Test

IMCS21 Sentence 54252 6712 6796
Entity 35033 4398 4309

CMeEE Sentence 15205 2564 2496
Entity 58119 9554 9523

4.1. Datasets

To evaluate the performance of our model, we
conduct experiments on two medical datasets. One
is IMCS21 provided by the Chinese Conference on
Computational Linguistics (CCL), which includes
more than 60K sentences, and contains five entity
types, including symptom, drug name, drug type,
examination and operation. Another is CMeEE from
the Chinese Biomedical Language Understanding
Evaluation, which contains more than 20K sentences.
The dataset contains nine categories of medical enti-
ties such as common pediatric diseases, body parts,
clinical manifestations, medical procedures and so
on. The IMCS21 dataset contains a significant num-
ber of short sentences with sparse entity distributions,
while the CMeEE datasets mostly consist of longer
sentences with denser entity distributions, where enti-
ties tend to be longer than those in the former dataset.
This presents a greater challenge for entity recog-
nition in the latter dataset. These two datasets are
publicly available4, and details are shown in Table 1.

4.2. Evaluation metrics

To evaluate the performance of the model, the eval-
uation metrics adopted in this paper is the precision
rate (P), the recall rate (R) and f1-score (F1):

P = N

M
× 100% (27)

R = M

Z
× 100% (28)

F1 = 2× P × R

P + R
× 100% (29)

Where N is the number of entities correctly predicted
by the model. A correctly predicted entity means that
both its boundaries and type should be correctly pre-
dicted. M is the number of the predicted entity by the
model, and Z is the total number of labeled entities
in the test data.

4https://tianchi.aliyun.com/dataset/95414
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Table 2
Experimental parameter settings

Parameter Value

Spacial representation dimension 128
Sequential representation dimension 128
Char2Vec representation dimension 50
Local representation dimension 200
Global representation dimension 200
Bi-LSTM hidden dimension 400
Learning rate 0.0015
Learning decay rate 0.05
Training batch size 32
Dropout rate 0.5

4.3. Experimental parameter setting

In our model, we adopt Adam optimizer with the
learning rate of 0.0015 and the decay step of 0.05.
The hyper-parameter λ is set to 0.1 by experimental
comparison. Details of parameters settings are shown
in Table 2:

4.4. Compared methods

BiLSTM-CRF [28]: The model uses Bi-LSTM to
encode character sequences and input hidden vectors
to CRF layer for decoding to obtain sequence labels.

Lattice [3]: The model encodes all the characters in
the sentence and words recognized by the dictionary,
so as to integrate potential word information into the
character-based LSTM model.

WC-LSTM [29]: The model is an improved
Lattice-based method. The dimension of word
embedding is fixed and word embedding is only fused
into the last character in the word.

IDCNN [30]: It is iterated dilated convolutional
neural networks, which adds a division width to the
convolution kernel of CNN to increase the receptive
field, so that each convolutional output contains a
larger range of information. It can alleviate the disad-
vantage of CNN with weak feature extraction ability
on the input of long sequences.

LR-CNN [19]: The model continuously extracts n-
gram information through multi-level CNN, weights
different words weights through hierarchical atten-
tion, and finally extracts features by fusing attention.

LGN [31]: The model adopts the lexicon-based
graph neural network. Each character is taken as a
node, and the edge is formed by the matched words.
Based on the interaction of multiple graphs between
characters, potential words, and the whole sentence,
the problem of word ambiguity in NER can be effec-
tively solved.

SoftLexicon [4]: The model improves the way of
introducing word information based on Lattice. By
integrating lexical information into character repre-
sentation, it can be transferred to different sequence
annotation frameworks, and it is easy to merge with
the pretraining model.

FLAT [32]: The model flattens the Lattice structure
from a directed acyclic graph to a flat Transformer
structure, which takes advantage of long-distance
dependencies of Transformer and designs the clever
position code to improve the performance of NER.

MECT [26]: The model exploits multiple data
embedding, integrates radical, character and word
information through cross transformer network, and
uses random attention to further improve perfor-
mance.

5. Result analysis

5.1. Overall results

Experimental results of the different models on
CmeEE and IMCS21 are given in Table 3. We can
observe that: 1) Our model achieves the best perfor-
mance on the two datasets. Compared with MECT,
which has the best performance among the baselines,
the F1 value of our model improves by 1.04% in
CMeEE and 0.62% in IMCS21. Our model achieved
the highest F1 score on both the text-long and entity-
dense CMeEE dataset as well as the text-short and
entity-sparse IMCS21 dataset. This indicates that our
model has the capability to effectively process texts
of varying lengths and densities of entities. Based
on this observation, we can speculate that our model
exhibits a certain degree of generalization capability.
2) On the whole, the performance of BiLSTM-CRF
and WC-LSTM are the lowest. It maybe owing to that
BiLSTM-CRF uses only the contextual information
of characters, omitting important semantic of words.
WC-LSTM has a low performance because its short-
est word-first strategy is not suitable for these medical
datasets with long entities. CNN-based models such
as IDCNN and LR-CNN achieve lower F1 values than
MECT and FLAT because they are limited in learning
global semantic features. 3) Our model, MECT and
Lattice+Glyce outperformed LGN, SoftLexicon, and
FLAT on the whole, which shows that the external
glyph or radical information is helpful for CMNER.
4) All the models have better results on IMCS21 than
CMeEE. While our model can enhance the accuracy
of entity boundaries and categories, it struggles to
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Table 3
Experimental results of different models on CMeEE and IMCS21

Model CMeEE IMCS21
P R F1 P R F1

WC-LSTM 55.63 49.00 52.10 90.97 91.23 91.10
BiLSTM-CRF 58.07 55.01 56.50 90.55 91.44 90.99
IDCNN 58.57 55.81 57.16 90.24 93.39 91.79
LR-CNN 59.91 58.53 59.21 89.99 93.32 91.63
LGN 58.16 58.66 58.41 90.45 93.46 91.93
Lattice 59.34 56.94 58.11 90.40 93.53 91.94
Lattice+Glyce 59.62 60.49 60.05 91.38 92.83 92.10
SoftLexicon 59.96 58.97 59.46 91.09 92.27 91.67
FLAT 56.67 64.01 60.12 89.97 93.81 91.85
MECT 59.50 62.49 60.96 90.93 93.41 92.02
Our model 60.93 63.15 62.02 91.40 93.92 92.64

process complex, lengthy texts and entity-dense med-
ical datasets. In the case of CMeEE datasets with
longer sentence and entity-dense, the model identifies
multiple continuous entities as a single entity, lead-
ing to a lower recall rate and fewer predicted positive
entities.

5.2. Ablation study of local and global
representation

We performed the following ablation experiments
to verify the effect of the local and global character
representation.

w/o local: remove the local character representa-
tion from our model.

w/o global: remove the global character represen-
tation from our model.

w/o spacial&sequential: remove the spacial and
sequential representation in the local character repre-
sentation.

w/o spacial: only remove the spacial representa-
tion in the local character representation.

w/o sequential: only remove the sequential rep-
resentation in the local character representation.

Experimental results are shown in Table 4. It can be
seen that the removal of local or global representation
leads to a huge decrease of the F1 value by 8.44% and
5.06%, respectively, which verifies that both local and
global representation plays an important role in guar-
anteeing the performance of our model. What’s more,
the spacial and sequential ways are helpful to repre-
sent the local information of characters completely,
and support the model to gain the best performance.

Table 4
Ablation results of the local and global representation

Model P R F1

w/o local 53.89 55.32 53.58
w/o global 59.48 54.63 56.96
w/o spacial&sequential 60.28 62.10 61.17
w/o spacial 61.16 61.44 61.30
w/o sequential 59.95 62.49 61.35
Our model 60.93 63.15 62.02

5.3. Experiment analysis of local representation
fusion

5.3.1. Comparison of fusion methods
In order to verify the effectiveness of the proposed

local fusion method, we conducted experiments on
CMeEE with the other local feature fusion methods.

FusionCAT: concatenate the Char2Vec, sequen-
tial and spacial representation directly as the local
representation.

FusionMLP: put the Char2Vec, sequential and
spacial representation to three linear layers respec-
tively and add up the output vectors of the linear layers
as the final local representation.

The experimental results are shown in Table 5. It
can be seen that the autoencoding fusion of our model
gets the best result, and the F1 value is 0.51% and
1.67% higher than other methods. FusionMLP has
the highest R value and lowest P value, which may
be because the direct concatenating can use the three
local vectors to identify entities comprehensively, but
introduces redundant information at the same time
to misidentify entities. In contrast, the autoencoding
approach can better fuse the three representations,
thus fulfilling the accuracy and recall of entity recog-
nition better at the same time.
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Table 5
Experiment results of different fusion methods

Model P R F1

FusionCAT 59.80 63.33 61.51
FusionMLP 60.82 59.67 60.24
Our model 60.93 63.15 62.02

Fig. 3. The effect of fusion vector dimension.

5.3.2. Effect of hidden vector dimension
We further explored the effect of the hidden vector

dimension in the autoencoder. We perform experi-
ments with the dimension of the hidden vector xl

i from
50 to 250 on CMeEE. From the results shown in Fig-
ure 3 , we can find that the performance of our model
is best when the dimension is about 200. The per-
formance decreases if the hidden vector dimension is
too low, due to the insufficient representing ability of
the hidden vector.

5.4. Experimental analysis of representation
integration

In order to verify the effectiveness of the local and
global representation gating methods on our model,
we also conducted experiments on the CMeEE
dataset with three other methods.

IntegrationADD: add the local and global rep-
resentations together and then feed it into Bi-LSTM
for encoding.

IntegrationCAT: concatenate the local and
global representations directly and feed it into BiL-
STM for encoding.

IntegrationGAT ADD: multiply the local and
global representation by their corresponding gating
and add them up, then sent the summation into BiL-
STM for encoding.

The experimental results are shown in Table 6.
We can see that IntegrationADD is not as effective
as IntegrationCAT , due to the latter method may
save local and global information more completely.
Our model uses the gating mechanism to process

Table 6
Experiment results of different integration methods

Model P R F1

IntegrationADD 53.89 55.32 53.58
IntegrationCAT 59.31 53.71 56.37
IntegrationGAT ADD 60.28 62.10 61.17
Our model 60.93 63.15 62.02

Table 7
Analysis of entity recognition errors

Model CMeEE IMCS21

Error types BE EE TE BE EE TE

LR-CNN 2021 2238 1936 223 218 46
SoftLexicon 2165 2406 1932 212 210 47
FLAT 2039 2384 1887 206 217 51
Our model 1788 2012 1864 165 165 39

the local and global representations, and then con-
catenate them together, which can select the most
important information, so as to obtain the optimal
performance.

5.5. Error analysis

Table 7 shows the number of recognizing errors
of different models on the two datasets, including
the beginning boundary error (BE), the end boundary
error (EE), and the entity type error (TE). Compared
with the other models, the number of BE, EE and TE
of our model are reduced obviously. It shows that the
model in this paper significantly improves the per-
formance of medical entity boundary and entity type
recognition.

5.6. Case study

Figure 4 lists several instances from CMeEE. We
can see from the first sentence that LR-CNN and Soft-
Lexicon are unable to recognize the second entity
that follows the first, demonstrating the limitations
of their recognition capabilities for numerous con-
secutive entities. For the second sentence, the type
of the entity " RNA ” (viral RNA
protein complex)" is predicted incorrectly by LR-
CNN, which may owe to that the model uses CNN to
obtain the context representation, while CNN cannot
extract the remote information of characters suffi-
ciently. The boundary of this entity is recognized
incorrectly by SoftLexicon. The reason may be that
the model introduces too much word information
to harm judging the character boundary. Our model
can effectively recognize the boundaries and types
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Fig. 4. Case analysis.

of medical entities owing to its reasonable utiliza-
tion of the local character information and the global
word information. Furthermore, in this particular
case, the longer entity includes the two characters
present in the shorter entity. If both entities have been
labeled correctly in the training corpus, some high-
performing models can accurately recognize them.
However, if a model is trained solely on the entity
" (virus)," the characters " (virus)" in the
longer entity " RNA (viral RNA pro-
tein complex)" may be erroneously identified as a
separate entity.

6. Conclusion

In this paper, we propose a novel character
representation enhanced model to improve the perfor-
mance of NER in medical Chinese text. According to
the observation that both certain radicals inside the
character and certain domain words containing the
character imply medical entity meaning, we propose
to combine these local and global representations
by autoencoding and gating mechanism, therefore to
improve the medical entity-aware ability of charac-
ters. The proposed model demonstrates satisfactory
results for medical named entity recognition, as con-
firmed by the ablation study, which highlights the
usefulness and rationalization of the proposed mod-
ules. However, real industrial settings often face
challenges such as high labeling costs and insuffi-
cient generalization. To address this, hybrid systems
combining the rules-based model with our model are

typically used. We’ll investigate this further in the
future.
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