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Abstract. Chinese medical named entity recognition(CMNER) is the basis for 

processing Chinese medical data. However, the structure of Chinese medical data 

is complex, and there are problems such as easy confusion of entity types, blurred 

entity boundaries, and irregular grammar, which brings difficulties and chal-

lenges to the task of CMNER. The current mainstream CMNER models usually 

use a single feature channel to extract features, which cannot make full use of the 

characteristics of text vectors, and the entity recognition effect is poor.There-

fore,this paper proposes a Chinese medical named entity recognition method 

based on pre-training model and multi-channel feature fusion. The RoBERTa-

wwm pre-training model is used to obtain word vectors of medical texts and en-

hance their semantic features. The obtained word vectors are passed through the 

BiGRU module extracts global features and the CNN module extracts multi-scale 

local features and fuses them. Finally, the fused features including enhanced se-

mantic features, contextual global features and multi-scale local features are input 

into the Conditional Random Field (CRF) for entity recognition.Excellent results 

have been achieved on the Yidu-S4K dataset, Chinese diabetes annotation dataset 

and cMedQANER dataset.Experimental results show that compared with many 

current models, the method proposed in this paper has better performance. 

Keywords: Named entity recognition, Pre-trained language model, Multi-fea-

ture fusion, Medical data mining. 

1 Introduction 

In recent years, the amount of Chinese medical data has been growing at an exponential 

rate. The data mainly includes disease information, electronic medical records, diag-

nostic data, and inspection data. Data mining and analysis of medical data play an im-

portant role in intelligent assisted consultation and medical information retrieval, and 

help provide patients with more accurate treatment plans[1]. 



2  X.Geng et al. 

 

The named entity recognition task is one of the basic tasks of natural language pro-

cessing[2] and plays a vital role in application fields such as information extraction[3], 

question answering systems[4] and knowledge graphs[5].There is a large amount of 

unstructured data in Chinese medical data, such as diseases, drugs, diagnoses, etc. Ef-

ficient identification of these medical entities will help promote the informatization of 

medical work[6].However, extracting entities from medical text is a difficult task. First, 

the extracted entity types are easily confused, for example, whether `constipation' be-

longs to the `disease' type or the `symptom' type;Secondly, some Chinese medical en-

tities are relatively long. When identifying these entities, it is easy to identify the entity 

boundaries incorrectly, resulting in poor results.Therefore, this paper proposes a Chi-

nese medical named entity recognition model based on pre-training model and multi-

channel feature fusion. The main contributions are as follows: 

(1) A CPMFF model is proposed that combines a pre-training model and multi-

channel feature fusion. The RoBERTa-wwm pre-training model[7] is used in the em-

bedding layer to obtain text word vectors, which strengthens the connection between 

words and sentences. The text Semantic features have been enhanced to reduce the im-

pact of entity types in the data that are prone to confusion on the model. 

(2) Use multi-channel to extract features of medical text. Obtain enhanced word 

vectors through the RoBERTa-wwm pre-training model, use the BiGRU[8] module to 

extract global contextual features; use the CNN[9] module to obtain multi-scale local 

features; then perform feature fusion to obtain word vectors containing multi-level fea-

tures, which are input to In the CRF layer, the recognition effect of the model is im-

proved. 

(3) In order to avoid model overfitting, a Dropout layer is added to each module 

to improve the model's generalization ability and enhance the model's robustness. 

2 Related Work 

Methods based on machine learning can be mainly divided into two types: one is to 

treat entity recognition as a classification problem, and the commonly used method is 

support vector machine (SVM)[10].The other is to treat entity recognition as a sequence 

labeling task. Commonly used methods include Maximum Entropy Markov Model 

(HEMM)[11], Hidden Markov Model (HMM)[12], and Conditional Random Field 

(CRF)[13].Methods based on machine learning have higher accuracy and have certain 

generalization capabilities, but they rely on manually formulated feature sets. 

Currently, in the field of CMNER, methods based on deep learning have occupied a 

dominant position. Commonly used deep learning methods include convolutional neu-

ral network (CNN)[14], and recurrent neural network[15].Zhao et al.[16] fused word 

vector embedding and word-level information embedding as the input of the model, 

which enhanced the significance of entity features.Kong et al.[17] proposed a model 

that relied entirely on convolutional neural networks and built a multi-level CNN to 

obtain the feature information of text vectors. 

With the development of pre-trained models, the BERT pre-trained model[18] has 

attracted great attention.Hu et al.[19] proposed to fine-tune the BERT model to 
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represent text, use the attention mechanism to obtain information between sentences, 

and use BiLSTM to fuse contextual information of sentences to improve the model 

effect.Li et al.[20] proposed a syntax dependency-guided BERT-BiLSTM-GAM-CRF 

model, which embeds the self-attention method guided by syntax parse trees into the 

Transformer of the BERT model. 

Currently, most existing CMNER models use a single feature extraction channel, 

which cannot fully utilize the features of text vectors.Therefore, this paper proposes a 

CPMFF model that combines a pre-training model and multi-channel feature fusion, 

which can obtain multi-granularity medical text features and improve the recognition 

accuracy of the model. 

3 CPMFF Model 

3.1 Overall Structure Of The Model 

The CPMFF model proposed in this paper introduces the idea of enhanced word vectors 

and multi-channel feature fusion.This model can better integrate and obtain the global 

features and local features of the enhanced text vector during the calculation process of 

the model, enhance the relationship between word vectors within the sentence, and im-

prove the model recognition effect.The overall structure is shown in Figure 1. 

 

Fig. 1. Model structure diagram based on pre-trained model and multi-channel feature fusion. 

First, the processed text is mapped to a vector representation through the embedding 

layer, and the RoBERTa-wwm pre-training model is used to map the input text se-

quence into a word vector, and then the vector representation obtained through the em-

bedding layer is input to the encoding layer. 

BiGRU is a bidirectional GRU model, consisting of GRUs in two directions, which 

process the right-to-left and left-to-right information of the input sequence respectively, 

so that the model can take into account global context information at the same 

time.CNN obtains local information of the input text vector through convolution calcu-

lation.In the encoding layer, BiGRU is used to obtain global features, and the obtained 

global features are output after passing through the Dropout layer;Capture the multi-
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scale local features of each word by sliding different convolution kernels on the input 

text vector through a one-dimensional convolution operation,Use the ReLu activation 

function to introduce nonlinearity,1D Pooling reduces feature dimensions and extracts 

key features,Output after passing through the Dropout layer.Fusion of the acquired 

global features and multi-scale local features makes full use of the input text vector 

features. 

Finally, the fused feature vector is input to the decoding layer.In the decoding layer, 

CRF are used to introduce constraints for the final predicted labels, perform global op-

timization on the generated label sequence, improve the accuracy of label prediction, 

and output the sequence labels corresponding to each word in the text to obtain the final 

prediction result. 

 

3.2 Embedding Layer 

BERT is a pre-training model based on a two-way Transformer architecture. By utiliz-

ing large-scale text data for pre-training to obtain vocabulary and sentence-level fea-

tures, it can better understand the semantic features of text vectors. 

The RoBERTa-wwm model is further improved based on the BERT model.The 

structure of this model is consistent with BERT. Compared with BERT, it has a larger 

number of parameters and uses more training data.The following main improvements 

have been made: 

(1) Adopt dynamic masking strategy. The BERT model randomly replaces some 

words with Mask during the data preprocessing stage to obtain a static mask, while the 

RoBERTa-wwm model uses a dynamic mask, generating a new mask each time a se-

quence is input to the model. Dynamic masks are more computationally efficient than 

static masks. 

(2) The RoBERTa-wwm model introduces the Whole Word Masking mechanism, 

which masks the input data more extensively based on words.This method is more suit-

able for Chinese that does not use obvious separators, and improves the model's ability 

to process Chinese data. 

This article inputs the input sequence W=[w1,w2,w3,...,wn]into the RoBERTa-

wwm model, and uses the character vector output by the Transformer Encoder as the 

feature vector of the input sequence, denoted as X=[x1,x2,x3,...,xn], hi represents the 

vector representation of the i-th character. The Transformer Encoder structure is shown 

in Figure 2. 

 

Fig. 2. Transformer Encoder structure diagram. 
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3.3 Coding Layer 

Global feature extraction based on BiGRU. GRU, like LSTM, was proposed to solve 

problems such as long-term memory and gradients in backpropagation. It is an im-

provement of recurrent neural networks.The structure of GRU is simpler than that of 

LSTM. There is one less gate structure inside, and there are only two gates: update gate 

and reset gate.Compared with LSTM, using GRU can achieve comparable results, and 

is easier to train, which can greatly improve training efficiency.The unit structure of 

GRU is shown in Figure 3. 

 

Fig. 2. GRU unit structure. 

rt and zt in the unit represent the status of the reset gate and the update gate at time t 

respectively. The corresponding calculation formula is as follows: 

 𝑟𝑡 = 𝜎(𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1 + 𝑏𝑟), (1) 

 𝑧𝑡 = 𝜎(𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1 + 𝑏𝑧), (2) 

 ℎ̃𝑡 = tanh(𝑊𝑐𝑥𝑡 + 𝑈𝑐(𝑟𝑡 ∗ ℎ𝑡−1) + 𝑏𝑐), (3) 

 ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ̃𝑡 + 𝑧𝑡 ∗ ℎ𝑡−1, (4) 

Where tx is the input at the current moment, ht is the hidden state at the current 

moment, ht-1 is the hidden state at the previous moment, σ is the sigmoid activation 

function, br , bz , bc are bias terms, Wr , Wz , Wc , Ur , Uz and Uc are weight matrices, 

and * represents the dot multiplication operation between vectors. 

The status of the GRU model is output sequentially from front to back, showing 

strong capabilities in processing sequential data, but ignores backward connections for 

information capture.In the CMNER task, the output at the current moment is related to 

the state of the previous moment and the state of the next moment.Therefore, this paper 

uses BiGRU with a forward GRU and a backward GRU, which can obtain contextual 

global feature information in two directions by processing the same sequence in differ-

ent directions.This is more conducive to extracting deep features of text.The weighted 

sum of the forward hidden layer state ℎ⃗ 𝑡−1 and the reverse hidden layer state ℎ⃖⃗𝑡−1 at 

time t-1 is used to obtain the hidden layer state of BiGRU at time t. The calculation 

formula is as follows: 

 ℎ⃗ 𝑡 = 𝐺𝑅𝑈(𝑥𝑡 , ℎ⃗ 𝑡−1), (5) 
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 ℎ⃖⃗𝑡 = 𝐺𝑅𝑈(𝑥𝑡 , ℎ⃖⃗𝑡−1), (6) 

 ℎ𝑡 = 𝑊𝑡ℎ𝑡
⃗⃗  ⃗ + 𝑈𝑡ℎ𝑡

⃖⃗ ⃗⃗ + 𝑏𝑡 . (7) 

Local Feature Extraction Based On CNN. CNN is a hierarchical feed-forward neural 

network that extracts local features of data through convolution calculations. Since 

medical text data is 1-dimensional sequence data, the local feature information of each 

word is obtained in the model by using a 1-dimensional convolution operation to slide 

on the input medical text vector, as shown in Figure 4.Then the ReLu activation func-

tion is used to introduce nonlinearity, and 1D Pooling reduces the feature dimension 

and extracts key features. 

 
Fig. 4. convolution operation. 

Given the text vector X=[x1,x2,x3,...,xn], the convolution kernel 

W=[w1,w2,w3, ...,wn], where n is the length of the input sequence and k is the size of 

the convolution kernel. The local feature information yi obtained after the convolution 

operation can be expressed by the following calculation formula: 

 𝑦𝑖 = ∑ wj
k−1
j=0 ⋅ 𝑥𝑖+𝑗 , (8) 

where xi+j represents the k consecutive elements starting from position i in the input 

sequence, and wj is the weight of the convolution kernel. 

When performing a convolution operation, if there are no other words in the con-

text of the current word, then fill it with 0s. In order to obtain local features of different 

scales, convolution kernels of different sizes can be used to perform convolution oper-

ations on the input text vectors to obtain multi-scale feature representations of sentences. 

 

3.4 Multi-feature Fusion 

After going through the above modules, the word vector Hi with the global context fea-

ture information of the text vector and the word vector Yi with the multi-scale local 

feature information of the text vector can be obtained respectively.In order to make the 

final word vector Xi have the above features and not cause over-fitting, the word vectors 

are first spliced through the formula(9), then through the Dropout layer, and finally the 

processed fusion feature vector is input to the CRF layer. 

 X𝑖 = 𝐶𝑜𝑛𝑐𝑎𝑡(H𝑖 , 𝑌𝑖), (9) 

where i is the serial number. 
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3.5 Decoding Layer 

This paper uses CRF as the decoding layer. CRF can define a transfer matrix by con-

sidering the dependence between adjacent tags to represent the probability of transfer-

ring from one tag to another, so that the generated tag sequence satisfies certain 

rules.The model learns the transfer matrix to make the predicted label sequence output 

by the model more accurate. 

For a set of input sequences X=[x1,x2,x3,...,xn] and label sequence 

Y=[y1,y2,y3,...,yn], the CRF score calculation formula is as follows: 

 𝑆(𝑥, 𝑦) = ∑ C𝑦,𝑦𝑖+1

𝑛
𝑖=0 + ∑ 𝑃𝑖,𝑦𝑖

𝑛
𝑖=1 , (10) 

where C represents the transfer matrix of the score, and P is the output score matrix. 

C𝑦,𝑦𝑖+1
 represents the probability from label i to label i+1, and 𝑃𝑖,𝑦𝑖

 represents the prob-

ability that the i-th sequence is marked as yi. After softmax processing, the probability 

of label sequence Y is as follows: 

 𝑃(𝑌 ∣ 𝑋) =
𝑒𝑆(𝑥,𝑦)

∑ 𝑆𝑌∈𝑌𝑋
(𝑥,𝑦)

, (11) 

𝑌𝑋 represents all possible labeling sequences. Finally, it is decoded through the 

Viterbi algorithm and the optimal sequence is output. The formula is as follows: 

 𝑌̃ = argmax(𝑆(𝑥, 𝑦)). (12) 

4 Experiments 

4.1 Datasets 

The data set used is a Chinese medical data set. The Yidu-S4K data set is derived from 

the CCKS 2019 evaluation task 1, which is the data set of "Named entity recognition 

for Chinese electronic medical records". It mainly includes 6 entity types: disease and 

diagnosis, examination, examination, surgery, medicine and anatomical parts.The Chi-

nese Diabetes Annotation Dataset (DiaNER) comes from the first season of Ruijin Hos-

pital's MMC artificial intelligence-assisted knowledge graph construction competition. 

This dataset contains content related to the field of diabetes.Most of the data comes 

from various professional authoritative documents related to diabetes. Entity types in-

clude 15 categories such as disease names, clinical manifestations, and examination 

methods.The cMedQANER data set comes from ChineseBLUE. This data set is a 

named entity recognition data set constructed based on Chinese medical data. It mainly 

includes 11 entity types such as disease, physiology, location, time and examina-

tion.The statistics of the data set are shown in Table 1. 

Table 1. Statistics on the number of entities in the dataset. 

Dataset Train Dev 

Yidu-S4K 8249 2062 
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DiaNER 30212 4316 

cMedQANER 1673 175 

 

4.2 Data Set Annotation And Evaluation Indicators 

There are many methods for sequence annotation. The most common ones are BIO and 

BIOES annotation methods. There is not much difference in performance between the 

two. However, BIOES needs to predict more labels and requires more computing re-

sources. Therefore, this paper uses the BIO annotation method.In the BIO annotation 

method, B represents the starting position of the entity, I represents the interior of the 

entity, and O represents the non-entity part. 

This article uses three indicators: precision (P), recall (R) and F1 value to evaluate 

the effect of the model.Use a confusion matrix to calculate the above three evaluation 

indicators. The confusion matrix consists of true examples TP, true negative examples 

TN, false positive examples FP and false negative examples FN. 

The precision rate P represents the proportion of true positive examples among the 

positive examples predicted by the model. The formula is as follows: 

 𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (13) 

The recall rate R represents the proportion of true positive examples predicted as 

positive examples to all positive examples. The formula is as follows: 

 𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (14) 

The F1 value is the harmonic average of precision and recall. The higher the F1 

value, the better the overall performance of the model. The formula is as follows: 

 𝐹1 =
2∗𝑃∗𝑅

𝑃+𝑅
 (15) 

4.3 Experimental settings 

The experiment is based on pytorch, uses GPU acceleration, and uses the environment 

configuration shown in Table 2 for training.  

Table 2. Experimental parameter settings. 

Projects Environment 

Operating System Windows 11(X64) 

CPU i7-12700H@2.30 GHz 

GPU NVIDIA GTX 3060 

Python 3.8.18 

PyTorch 1.12.0 

The experimental parameter are shown in Table 3. 
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Table 3. Experimental parameter. 

Parameters Value 

EMBEDDING_DIM 768 

BiGRU_Hidden_dim 256 

CNN_out_size 256 

Learning_rate 0.0001 

Batch_size 32 

Epoch 50 

kernel_size 1,3,5 

 

4.4 Experimental Results And Analysis 

To verify the effectiveness of the CPMFF model proposed in this paper, comparative 

experiments were conducted with the HMM, CRF, IDCNN-CRF[21], BiGRU-CRF[22], 

BiLSTM-CRF[23], and BERT-BiLSTM-CRF[24] models on the Yidu-S4K dataset, 

Chinese Diabetic Named Entity Recognition dataset (DiaNER), and cMedQANER da-

taset. The results are shown in Table 4 and Figure 5. 

Table 4. Experimental results of different models. 

Model 
Yidu-S4K DiaNER cMedQANER 

P R F1 P R F1 P R F1 

HMM 53.12 52.36 52.74 46.96 46.15 46.55 49.27 51.34 50.28 

CRF 65.58 65.06 65.32 55.17 55.56 55.36 55.73 53.85 54.77 

IDCNN-CRF 71.36 70.51 70.93 61.55 62.13 61.84 59.56 55.15 57.27 

BiGRU-CRF 74.88 71.48 73.14 64.11 63.14 63.62 70.55 61.87 65.92 

BiLSTM-CRF 71.28 70.74 71.01 63.00 61.42 62.20 59.98 54.25 56.97 

BERT-BiLSTM- 

CRF 
80.96 80.49 80.72 65.48 64.53 65.01 77.77 80.15 78.94 

Ours 82.53 80.55 81.53 67.41 66.34 66.87 79.34 82.28 80.78 

 

 

Fig. 3. Comparison of experimental results of each model. 
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It can be seen from the experimental results that the traditional statistical learning 

methods HMM and CRF have the worst performance.HMM assumes that the current 

state is only related to the previous state, which limits its ability to model long-distance 

dependencies. In the named entity recognition task, a wider range of contextual infor-

mation needs to be considered.The F1 values of HMM in the three datasets are only 

52.74%, 46.55%, and 50.28% respectively, indicating that the statistical learning 

method is not applicable in the CMNER task.The structure of BiGRU is simpler than 

BiLSTM, with fewer parameters. However, in the three datasets, the F1 values of 

BiGRU-CRF are 2.13%, 1.42%, and 8.95% higher than those of BiLSTM-CRF, respec-

tively.And the smaller the amount of data in the dataset, the better the effect of BiGRU-

CRF is than BiLSTM-CRF. At the same time, BiGRU-CRF requires fewer computing 

resources and is faster in calculation.Theoretically, BiLSTM can better solve the prob-

lem of long-distance dependence and obtain more contextual information. BiLSTM-

CRF should be better than IDCNN-CRF.However, in the cMedQANER dataset, the F1 

value of IDCNN-CRF is 0.3% higher than BiLSTM-CRF. This shows that convolu-

tional neural networks can also take long-distance dependencies into account well. 

After BiLSTM-CRF was added to the pre-trained model BERT, the improvement 

effect was very obvious. In the Yidu-S4K dataset, the F1 value increased from 71.01% 

to 80.72%, an increase of 9.71%. In the DiaNER dataset, the F1 value increased from 

71.01% to 80.72%. 62.20% increased to 65.48%, an increase of 3.28%. In the 

cMedQANER dataset, the F1 value increased from 56.97% to 78.94%, an increase of 

21.97%.It shows that the pre-training model BERT can enhance the semantic features 

of word vectors.The CPMFF model proposed in this paper further integrates contextual 

global information and multi-scale local information based on the improved RoBERTa-

wwm pre-training model. The performance of the model has been improved, and the 

F1 values on the three datasets have increased by 0.81% and 1.86\% respectively. and 

1.84%. 

This paper designed three ablation models to further analyze the contribution of 

the RoBERTa-wwm pre-training model, global features and local feature fusion to the 

overall model. 

(1) BASE: Use the BERT-BiLSTM-CRF model as the baseline model. 

(2) BASE-Ro: Based on the baseline model, the RoBERTa-wwm pre-trained 

model is used in the embedding layer to obtain text vectors. 

(3) BASE-Ro-GRU: Based on the baseline model, the RoBERTa-wwm pre-

trained model is used in the embedding layer to obtain text vectors, and the BiGRU 

module is used in the encoding layer to extract global features. 

(4) BASE-GRU-CNN: Based on the baseline model, the BiGRU module is used 

in the coding layer to extract global features, the CNN module is used to extract multi-

scale local features, and the global features and multi-scale local features are fused. 

Ablation experiments were conducted on the CPMFF model on three datasets, and 

the experimental results are shown in Table 5. 

Table 5. Experimental results of ablation experiments. 

Model Yidu-S4K DiaNER cMedQANER 



 CMNER Based on Pre-trained Models and Multi-channel Feature Fusion 11 

P R F1 P R F1 P R F1 

BASE 80.96 80.49 80.72 65.48 64.53 65.01 77.77 80.15 78.94 

BASE-Ro 82.06 80.12 81.07 66.87 64.36 65.59 78.02 81.34 79.65 

BASE-Ro-

GRU 
80.92 80.84 80.87 66.57 65.80 66.18 79.94 80.90 80.42 

BASE-

GRU-CNN 
80.52 81.80 81.15 68.45 63.25 65.75 81.52 78.19 79.82 

Ours 82.53 80.55 81.53 67.41 66.34 66.87 79.34 82.28 80.78 

 

It can be seen from the experimental results in Table 5 that compared with BASE, 

the BASE-Ro, BASE-Ro-GRU and BASE-GRU-CNN models all show better perfor-

mance.Compared with BASE, the F1 value of BASE-Ro increased by 0.35%, 0.58%, 

and 0.71% respectively, indicating that using the improved RoBERTa-wwm pre-train-

ing model in the embedding layer can obtain enhanced text semantic features and im-

prove the accuracy of the model.BASE-Ro-GRU improved by 0.15%, 1.17%, and 1.48% 

respectively. On the basis of using the RoBERTa-wwm pre-training model, obtaining 

global features through BiGRU can achieve better results.BASE-GRU-CNN improved 

by 0.43%, 0.74%, and 0.88\% respectively, and enhanced the performance of the model 

by combining global features and multi-scale local features.The experimental results 

show that the enhanced text semantic features and multi-channel feature fusion have a 

significant positive impact on CMNER, and at the same time verify the effectiveness 

and structural rationality of the model in this paper. 

5 Conclusions 

In order to make full use of various features of the input text, this paper proposes a 

CPMFF model that combines pre-training models and multi-channel feature fusion.By 

enhancing text semantic features and integrating global features and multi-scale local 

features of input text vectors, the feature vectors of Chinese medical texts are fully 

utilized.Improved the recognition effect of medical entities such as diseases, symptoms, 

anatomy and medicines in the CMNER task.The model in this paper was compared 

with currently commonly used named entity recognition models on three Chinese med-

ical data sets, and ablation experiments were also conducted. All achieved better results, 

verifying the advancement of the model. 

The CMNER task is a complex task, and there are many challenges that need to be 

faced. The accuracy of entity recognition can be further improved.The research in this 

paper mainly focuses on the encoding layer. In the future, attention mechanism can be 

introduced to obtain features more relevant to Chinese medical entities.The embedding 

layer also has room for improvement, and other additional external information can be 

considered to enhance the performance of the model. 
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