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ABSTRACT The clinical sub-speciality departments are increasing. It is usually difficult for patients without
medical education to choose a suitable department when they need to make an online registration with
doctor. A novel approach is presented for departments recommendation in this paper. The ICD codes and
symptoms of medical health data are used to describe the patients’ characteristics, diseases, and departments
in the quantitative relation. The knowledge graph is built with the relations to automatically recommend
departments. The MacBERT-BiLSTM-CRF medical entity recognition model (MacNER) is proposed to
identify the patient’s symptoms, parts, treatment methods and drug entities to structure a knowledge graph.
The knowledge graph is used to provide knowledge for the intelligent department recommendation. The
identified entities are mapped to nodes in the graph with the entity mapping method. Finally, an algorithm
named Feature Rate Multiply Converse Disease Rate (FRMCDR) is proposed. The most appropriate
department can be recommended by fusing the patient’s chief complaint and past medical history. The
experiment shows that our method obtained an 88.77% precision rate in the recommendation.

INDEX TERMS Intelligent recommendation, departments recommendation, knowledge graph, medical
entity recognition.

I. INTRODUCTION
Various forms of medical services such as online populariza-
tion of medical, remote diagnosis, and online question-and-
answer between doctors and patients are increasing with the
continuous development of the Internet and medical informa-
tion technology. Artificial intelligence has also entered the
medical field early, such as imaging diagnosis [1], as well
as disease screening and prediction using various statistical
models. The online registration service has been popularized
in major hospitals today in China. Many general hospitals,
especially the provincial and municipal tertiary hospitals,
often have dozens of departments. These departments may
even be divided into hundreds of subspeciality sections
according to different diseases. In large special hospitals,
a department in a general hospital can be further divided into
various subspeciality sections or sub-departments. For exam-
ple, you can find the menopause clinic and infertility clinic
in an obstetrics and gynaecology hospital, which are both
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parts of gynaecology clinic. Patients can ask the nurses in the
hospital which department they should go to when registering
on the spot. However, because of the online reserved regis-
tration service, a large number of registration sources have
been reserved in advance. Therefore, an automatic depart-
ment guide for patients is an urgent need nowadays.

There are two categories of intelligent department rec-
ommendation approaches at the moment: template-based
[2], [3], [4] and model-based [5], [6], [33], [34]. With the
template-based method, a series of rules are established to
step patients in describing their symptoms, and the system
tells which department the patients should go to. For exam-
ple, Cui and Liu [2] developed an offline intelligent guid-
ance robot, which designed a graphical interface that guided
patients to choose uncomfortable positions. Then the manual
question-and-answer rules were introduced to have a conver-
sation with the patient to collect information from patients.
Appropriate departments were recommended by calculating
the weights that match the existing medical knowledge bases
of the corresponding departments. An auxiliary diagnosis and
treatment system was developed by Quan et al. [3], which
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interacted with patients in the form of an interactive interface
as well. The recommendations of the department were made
by analyzing the symptoms entered by the patient and the
established disease database. In addition, the guidance robots
developed by Chen et al. [4] and Cui and Liu [2] added sensor
modules.

The model-based method does not require a set of pre-
defined rules and conditions. Only the text input by the patient
is required, and the traditional machine learning models or
deep learning models could be used for classification. Ya [5]
built an online consultation platform and used the linear
support vector machine(SVM) to recommend departments
for patients by vectorizing the consultation text. Similarly,
Wang et al. [33] proposed a method of classifying chief
complaints based on a cloud platform to achieve the pre-
diction. The convolutional neural network (CNN) and the
recurrent neural network (RNN) were used by Zhou et al.
[6] to construct a model called CRNN. The recommended
department was obtained by taking the output of the multi-
layer perceptron (MLP). Wang et al. [34] proposed a self-
learning framework to provide a treatment recommendation
for the doctors. The above methods, however, did not take
into account the requirement of medical interpretability and
the relevance of knowledge and lacked specific descriptions
between the patient’s condition and the department.

An intelligent guidance method is presented to try to
solve the problem. It not only relieves the strain on medical
resources but also protects the privacy of patients as much
as possible. At the same time, compared to the traditional
template method, there is no need to manually define a series
of rules in advance. Natural language processing (NLP) tech-
niques are used to automatically extract information from
text. Furthermore, in terms of interpretability, a knowledge
graph is constructed to illustrate the relationship between the
patient’s condition, disease, and department. By using the
data that are processed by the model to build a knowledge
graph, a system of intelligent recommendations for depart-
ments is designed. The contributions of this paper can be
summarized as follows:

• We not only consider the patient’s main complaint text
but also the patient’s past medical history information,
to describe the patient’s attributes and characterize the
patient’s characteristics from multiple aspects.

• We propose the MacNER model and FRMCDR algo-
rithm to improve the effectiveness of the whole system.
Meanwhile, the different entity similarity methods are
applied to achieve the goal of entity normalization.

• Experimental results verify the effectiveness of the pro-
posed method. Compared to the traditional method, the
precision, recall and F1-score are improved by 7.71%,
7.31% and 7.5%, respectively.

II. RELATED WORK
In this section, the development of pre-trained models
and their application in medical named entity recognition
tasks are introduced. Then, the construction situation of the

medical knowledge graph using the named entity recognition
method and ElectronicMedical Records (EMRs) gained from
the hospital is given.

A. PRE-TRAINED MODEL
Since Transformer [8] is proposed, various pre-trained lan-
guage models have emerged one after another. Bidirectional
Encoder Representations from Transformers (BERT) pre-
trained model [9] is the most classic pre-trained language
model and frequently appears in many works. It had achieved
significant results on multiple natural language processing
tasks at that time. Then the Robustly Optimized BERT
Pretraining Approach (RoBERTa) model [10] is proposed.
It adjusts and improves the native BERT in pre-training pro-
cesses, such as the use of a dynamic Masking mechanism,
the removal of Next Sentence Prediction (NSP) tasks, etc.
It exceeded the performance of BEET on some tasks.

To apply language models in the Chinese field, the joint
laboratory of Harbin Institute of Technology and iFLYTEK
released the pre-trained language models based on Chinese
[7]. These models are released to address all kinds of Chinese
tasks. Experimentally, they expand the data in the pre-training
process and use the whole-word masking mechanism. At the
same time, the MacBERT their named pre-trained model was
released and achieved the best results on most Chinese tasks.

Related research [11], [12] using various BERT-based pre-
trained models in the named entity recognition task was pub-
lished. The BERT-base model added the Bi-directional Long
Short-Term Memory (BiLSTM) and Conditional Random
Field (CRF) layer was used to extract entities from Chinese
clinical texts. For example, Zhang et al. [13] solved the breast
cancer Named Entity Recognition (NER) task.

B. MEDICAL NAMED ENTITY RECOGNITION
The task of medical named entity recognition (MNER)
refers to identifying various entities, such as symptoms, dis-
eases, drugs, etc, from medical clinical texts. Currently, three
main approaches have been studied to solve this problem,
named dictionary-based and rule-based methods, statistics
and machine learning methods, and deep learning methods.

The dictionary and rule-based approaches focus on pro-
cessing the text to be processed in a matching way. There
were MedKAT [14], cTAKES [15], and other systems built
with the dictionary and rule-based methods. Intuitively, it can
achieve very good results with small datasets. But it generally
consumes a lot of manpower and is difficult to cover all med-
ical entities due to the complexity and diversity of medical
entities.

Supervised learning flourishes as the quality improvement
and type enrichment of data. Various machine learning meth-
ods have been applied in entity recognition tasks, such as
Hidden Markov Models (HMM) [16], Maximum Entropy
Markov Model (MEMM) [17], CRF [18], and so on. Among
them, CRF makes full use of contextual information and
achieves a good result.
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The deep learning method has been evolving with the
development of computer hardware. Therefore, methods inte-
grated deep neural networks with machine learning mod-
els are emerging to improve learning efficiency and result
accuracy. The model structure of combining the CRF layer
and BiLSTM layer together commonly is used. And the
performance of State-Of-The-Art (SOTA) in many NER
tasks is obtained [19], [20], [21], [22]. For example,
Dai et al. [22] constructed the BERT-BiLSTM-CRF model
that could achieve a 74.53% F1-score, which was supe-
rior to the other model without a BiLSTM layer or CRF
layer.

C. MEDICAL KNOWLEDGE GRAPH
Medical knowledge graphs have attracted attention from
academia and the healthcare industry in light of their
powerful functions in intelligent medical applications.
The development of knowledge graphs is prompted by
the establishment of various public datasets and knowl-
edge libraries. Xiong et al. [23] extracted various infor-
mation from the domain-specific corpus to construct a
prescription drug monitoring program for Chinese patent
medicines based on knowledge graphs. This method ensures
the safety of the patient’s medication. In addition, there
are free medical knowledge graphs such as the Chinese
Medical Knowledge Graph (CmeKG1) opened for med-
ical applications [24], and the OpenKG2 designed by
the University of East China University of Science and
Technology.

Electronic Medical Records (EMRs), including patients’
disease course records, examination results, doctor’s orders,
surgical records, nursing records, and other relational infor-
mation, promote the construction and development of
medical knowledge graphs. Li et al. [25] used EMRs and
natural language processing techniques to construct a knowl-
edge graph containing nine entities. Rotmensch et al. [26]
explored a method that could learn knowledge bases linking
diseases and symptoms to automatically construct knowl-
edge graphs from EMRs. As for the application of question
and answer, some researchers constructed medical knowl-
edge graphs by extracting entities and their relations from
documents [27], [28].

III. METHOD
The overall architecture of the entire intelligent guidance
system is depicted in FIGURE 1 and FIGURE 2. The
named entity recognition model is proposed for building
the knowledge graph. The entity normalization problem and
its solution are discussed. To recommend suitable depart-
ments, an algorithm for calculating relation weights called
FRMCDR (Feature Rate Multiply Converse Disease Rate)
is considered in the process.

1http://cmekg.pcl.ac.cn/
2http://www.openkg.cn/

FIGURE 1. The building of knowledge graph of intelligent guidance
system. The upper left part is model training, the upper right is data
cleaning, and the bottom is KG building with the triplet.

A. GENERAL FRAMEWORK
The overall framework of the intelligent guidance system
consists of two parts, which are illustrated in FIGURE 1 and
FIGURE 2.

The first stage, as shown in FIGURE1, ismainly composed
of three parts: model training, data cleaning and graph build-
ing. Firstly, the public entity recognition dataset was used to
train the model proposed in this paper. And then the trained
model was transferred to predict entities in the collected
dataset from the hospital. Secondly, the data obtained from
a regional specialized hospital are cleaned. The detailed pro-
cessing is shown in Section DATA PROCESSING. Finally,
the identified entities were stored in the graph according to
the defined triplet.

As shown in FIGURE 2, the reasoning process on the
knowledge graph built in the first stage mainly consists of
three parts. The first part, entity recognition, identifies four
types of patient characteristic entities (symptom, body, pro-
cedure and drug). MacNER model and Aho-Corasick (AC)
automata algorithm [29] are used to extract entities from
the patient’s chief complaint text and past medical history.
The AC automata algorithm is used to complement symptom
entities. Specifically, a post-processing way of constructing a
symptom corpus from some medical websites is introduced.
It could solve the problem of insufficient entities predicted
after model transferring. AC automata algorithm was used to
obtain symptom entities from the text. It should be noted that
the symptom entity set was obtained by removing duplicating
the symptom entities obtained by MacNER and AC automata
algorithm. It avoided repetitive operations when retrieving.
The second part is entity mapping. The problem should be
considered that the entities cannot be normalized to the nodes
in the graph, which is explained in detail in Section ENTITY
MAPPING. The last part is the FRMCDR algorithm. It has
better interpretability and accuracy than methods that only
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FIGURE 2. Flowchart of recommendation of intelligent guidance system,
which is composed of upper, middle and lower white parts.

consider the frequency of entities as relation weights. The
design of this algorithm is described in Section FRMCDR
ALGORITHM. By using the three components above, the
three departments with the highest scores are ultimately rec-
ommended to a patient.

B. MLM AS A CORRECTION STRATEGY
Since the BERT [9] is based on English, there are some
problems with the applicability of Chinese. Moreover, exper-
iments in the previous work [10] prove that removing the NSP
pre-training task of BERT is more beneficial for downstream
tasks. In addition, the Masked Language Model (MLM) pre-
training task of native BERT does not consider the rela-
tion between subwords after word segmentation by using
WordPiece embeddings [30]. Therefore, Google proposed the
Whole Word Masking (WWM) strategy to further improve
the reasoning ability of the languagemodel in the pre-training
stage.

To better exploit the knowledge from the existing pre-
trained language model, a Chinese-based pre-trained model
called MacBERT(MLM as correction BERT) [7] is released.
Referring to the WWM strategy, the pre-training task of

FIGURE 3. The structure of MacNER model and illustrattion.

TABLE 1. The different masking strategies.

BERT is improved according to the Chinese characteristics.
Formally, it adopts the MLM as a correction (MLMAC)
task instead of the MLM task. This aims is to convert the
task of predicting the original words represented by [MASK]
tokens into the task of text correction. Specifically, the task of
text correction is to correct words replaced by similar words
without using [MASK]. The reasons are, on the one hand,
that compensates for the impact of [MASK] on downstream
tasks due to the [MASK] does not appear except during pre-
training, and on the other hand, it is more natural than the
MLM task. The different masking methods described above
are shown in TABLE 1.
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FIGURE 4. The upper part of the figure is the instance layer of the medical knowledge graph, the lower is the concept layer of the medical knowledge
graph. The leftmost part of the figure is the legend. The dotted line indicates that there is a connection between the start node layer and the target
node layer.

At the same time, the NSP task of BERT is changed to
the Sentence Order Prediction (SOP) task. The SOP task
allows the pre-training model to judge the sequence of input
sentence pairs. The two improved pre-training tasks have
been shown to achieve significant results in some Chinese
tasks, such as machine reading comprehension, text clas-
sification, etc. So MacBERT is improved according to the
Chinese characteristics and explores more knowledge than
BERT. In addition, it collects more abundant corpora than
BERT for pre-training.

C. MACBART FOR NER
To better explore the knowledge of the pre-trained language
model, MacBERT is applied as the backbone for the NER
task on the collected dataset. The structure of this paper
proposedMacBERT-based entity recognition model is shown
in FIGURE 3. This model consists of three parts: the pre-
trained language model MacBERT, the Bi-LSTM layer, and
the CRF layer. Since MacBERT is used as the backbone for
the NER task, this model is named MacNER.

D. MEDICAL KNOWLEDGE GRAPH DEFINITION
The concept layer and instance layer of the medical knowl-
edge graph are shown in FIGURE 4. The schema of the graph
is represented by the triple G = ⟨Sk,Wk,Ok, ⟩, where G
represents the graph, Sk represents the subject, Ok represents
the object, and Wk represents the relation weight between Sk
and Ok .
For the subject Sk and the object Ok, there are three types

from the concept layer of FIGURE 4, called syndrome, dis-
ease and department. The syndrome set consists of four types
of entities, which are the patient’s symptoms, the drugs used,

the uncomfortable positions of the body, and the treatment
methods. They are briefly defined as symptoms, drugs, bodies
and procedures.

If there is no correlation between the patients’ symptoms
and diseases, it is difficult to infer which department the
patients should go to. Therefore, the relationship between the
syndromes and diseases must be considered. Wk describes
five kinds of relations, which are the relation of the patient’s
symptoms with the diseases, the sick position of the body
with the diseases, the drug used with the diseases, treatment
methods with the diseases, and the diseases with the depart-
ments. Specifically,Wk represents the correlation between the
former and the latter.

And the larger Wk is, the stronger correlation is. For
example, dysmenorrhea (set its id as i) in symptom is con-
sidered. According to the relation in the knowledge graph,
it can be known that dysmenorrhea is closely related to
disease1, disease2, disease3 and disease6. In other words,
Weighti,1, Weighti,2, Weighti,3 and Weighti,6 are larger than
other disease relation (solid lines are used in FIGURE 4).
The process of relation inference between entities in the
remaining syndrome sets and diseases is the same. The prob-
ability relationship between diseases and departments is the
same. Namely, there is a fixed relationship between diseases
and departments. It is concluded that the patients should go
to the menstrual disease clinic according to the FRMCDR
algorithm.

E. ENTITY MAPPING
Since we transfer the model to predict the entities, enti-
ties extracted from the patient’s complaint or medical
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history may be slightly different. It results in empty query
results when retrieving. For example, the symptom enti-
ties ‘‘ (leaking urine while running)’’ and
‘‘ (leaking urine while jumping)’’ are similar
symptom entities. But they are classified as completely
different entities when retrieved. So it is necessary to
consider a solution that entities can be normalized to graph
nodes.

We consider both the lexeme level and semantics level.
The three methods, Jaccard-similarity, Hamming-similarity
and Edit-similarity, solve the above problem by comparing
the entity similarity from the lexeme aspect. To be specific,
they are used to contrast the similarity between the entities
in the graph and the entities in the query. In addition, the
similarity of entities at the semantics aspect also needs to be
considered. So the Jieba3 tool of word segmentation performs
Chinese word segmentation on the patient’s complaint and
medical history text. And language model of word2vec [31]
is trained to obtain the word representation in our dataset. The
corpora obtained by entity recognition are added to the dictio-
nary set of the Jieba tool for word segmentation. Compared
to word-by-word segmentation, entity phrases can be seg-
mented. In this way, on the one hand, the size of the generated
corpora can be reduced, and on the other hand, some semantic
information can be preserved. Since there are long symptom
entities, they are split into several short entities by using Jieba
word segmentation. The different word representations are
obtained by adding the segmented short entity representa-
tions. So far, we can obtain word representations of the enti-
ties at the semantic level. Then the Cos-similarity similarity
algorithm is used to compare the entity similarity. In particu-
lar, word representation is treated as an all-zero vector when
the long entity after segmentation has no corresponding word
representation.

F. FRMCDR ALGORITHM
We define the following five types of relationships among
the entities and the disease: 1). S = {s1, s2, s3, . . . , si, . . .}
is represented as the set of symptom entities; 2). B =

{b1, b2, b3, . . . , bi, . . .} is represented as the set of body enti-
ties; 3). DR = {dr1, dr2, dr3, . . . , dri, . . .} is represented as
the set of drug entities; 4). P = {p1, p2, p3, . . . , pi, . . .}
is represented as the set of procedure entities; 5). D =

{d1, d2, d3, . . . , di, . . .} is represented as the set of disease
entities. We define Rel (·) as the relation pair, and Sum (·) as
the number statistics. Then the relationship between symptom
si and disease dj can be defined as Rel

(
si, dj

)
, and the total

number of occurrences of relation in the dataset is defined as
Sum

(
Rel

(
si, dj

))
.

Firstly, the most intuitive method is to select the most
frequent one. According to the weight calculation method of
probability statistics, its definition, between symptom si and

3https://github.com/fxsjy/jieba

disease dj, can be expressed as follows:

Weight⟨si,dj⟩ =
Sum

(
Rel

(
si, dj

))∑
sk∈S Sum

(
Rel

(
sk , dj

)) (1)

Similarly, the relat of residual entities and the disease
entities can be expressed according to equation (1).

Supposing the set of recommendation departments that
should be deduced is expressed as D̂EP = {dep1, dep2,
dep3, . . . , depi, . . .}, we define Ŝ = {s1, s2, s3, . . . , si, . . .} is
represented as the symptom entity set of the current patient,
B̂ = {b1, b2, b3, . . . , bi, . . .} is represented as the body entity
set, D̂R = {dr1, dr2, dr3, . . . , dri, . . .} is represented as the
drug entity set and P̂ = {p1, p2, p3, . . . , pi, . . .} is represented
as the procedure entity set. And D̂ = {d1, d2, d3, . . . , di, . . .}
is represented as the set of all diseases associated with the
patient’s syndrome. Then the probability of going to depart-
ment depi can be expressed as follows:

Possibility⟨depi⟩
=

∑
dj∈D̂

∑
fk∈F̂

(
Weight⟨fk ,dj⟩ × Weight⟨dj,depi⟩

)
(2)

In the equation (2), F̂ =
{̂
S, B̂, D̂R, P̂

}
represents the

patient’s syndrome set and Weight⟨dj,depi⟩ ∈ 0, 1. When
there is a relation between disease di and department depj,
Weight⟨dj,depi⟩ = 1, otherwise Weight⟨dj,depi⟩ = 0.

Nevertheless, there is a problem with the equation (2)
resulting in unsatisfactory results during the experiment. For
instance, when the patient’s chief complaint text is ‘‘
12 , 30 , 5-6 , ,
(menarche 12 years old, cycle 30 days, menstrual period
5-6 days, face and back acne, infrequent dysmenorrhea)’’,
there are two symptom entities ‘‘ (face and
back acne)’’ and ‘‘ (dysmenorrhea)’’ in the chief com-
plaint text. It is found that there are two diseases related
to ‘‘face and back acne’’ and forty-eight diseases related
to ‘‘dysmenorrhea’’ after searching in the knowledge graph.
The weight of the relationship between each symptom entity
and the disease entity can be calculated by the equation (1).
We found the disease most related to ‘‘face and back acne’’ is
‘‘ (pubertal disease)’’ with a weight of 1/9; the
disease most related to ‘‘dysmenorrhea’’ is ‘‘ II

(cervical epithelioma grade II)’’ with a weight of 1/8. If the
final department is selected according to the equation (2),
the recommended departments may be the cervix-vaginal
outpatient department, menstrual disease outpatient depart-
ment, and gynaecological endocrinology outpatient depart-
ment. However, the result of queried data shows that the
patient is treated in the adolescent outpatient department.

The reason that affects the accuracy of the guidance effect
is that the symptom entity ‘‘dysmenorrhea’’ often appears in
the patient’s chief complaint text. So it cannot well reflect
which symptoms of the patient are the most characteristic,
or the most distinguishing feature of the disease. Therefore,
we improve the calculation method of relationship weight,
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reduce the influence of high-frequency feature entities, and
enhance the inference effect of low-frequency feature enti-
ties. A new calculation method of relation weight named
FRMCDR is proposed. As the name implies, the new relation
weight method is composed of two parts. The first part is the
feature rate, which specifically represents the frequency of
occurrence of four types of entities: symptom, body, proce-
dure and drug. The other part is the inverse disease frequency,
which is expressed as the importance of the feature in the
diseases.

In the following, we describe the FRMCR algorithm
in detail. For example, Ŝ = {s1, s2, s3, . . . , si, . . .} is
the symptom entity set of the current patient, and D̂ =

{d1, d2, d3, . . . , di, . . .} is the set of all diseases related to the
patient’s syndrome. The

∥∥D̂∥∥ is represented as the number
of disease entity contained in the disease set D̂, and

∥∥D̂si∥∥
is represented as the number of disease entity associated with
the patient’s symptom si. For the symptom si, its Feature Rate
can be expressed as follows:

FR⟨si,dj⟩ = exp[
Sum

(
Rel

(
si, dj

))∑
sk∈Ŝ Sum

(
Rel

(
sk , dj

)) ] (3)

Then the Converse Disease Rate of symptom si is
expressed as follows:

CDR⟨si⟩ = log2

(
∥ D̂ ∥ +1

∥ D̂si ∥

)
(4)

The weight of the relationship between the patient’s symp-
tom si and the disease dj is determined as follows:

Weight′
⟨si,dj⟩ = FR⟨si,dj⟩ × CDR⟨si⟩ (5)

Finally, we reconstruct the equation (2) to the following
equation and get the final recommended department score:

Possibility⟨depi⟩
=

∑
dj∈D̂

∑
fk∈F̂

(
Weight′

⟨fk ,dj⟩ × Weight⟨dj,depi⟩
)
(6)

We describe the FRMCDR algorithm in the form of pseu-
docode in Algorithm 1 in order to describe the above algo-
rithm process more clearly.

IV. EXPERIMENT
In this section, we will describe the data situation and the
parameter settings of the model in the experiments.

A. DATA COLLECTION
For the training dataset, we use the dataset published by
Alibaba Tianchi [32], which contains 8 Chinese tasks, among
which the Chinese Medical Named Entity Recognition
(CMeEE)4 task dataset was used for model training.
It contains nine types of entities, Diseases (Dis), Clini-
cal Manifestations (Sym), Drugs (Dru), Medical Equipment

4The CMeEE dataset is a publicly accessed dataset, but test set are stored
online for testing, so we repartition the dataset

Algorithm 1 FRMCDR Algorithm

Input: Symptom entity set Ŝ; Body entity set B̂; Drug
entity set D̂R; Procedure entity set P̂;
Knowledge Graph G; Department Score set
DSS.

// Calculation
for F̂ = {̂S, B̂, D̂R, P̂} do

for all fi ∈ F̂ do
search from G where node type is F̂ and
node name is fi;
get disease result set D̂fi ;
compute FR weight score through
equation (3);
compute CDR weight score through
equation (4);
compute Weight′ overall weight score
through equation (5);
put Weight′ in DSS;

end for
end for
// Sort
for dss ∈ DSS do

merge and compute possibility of department
that patient should go thorough equation (6);

end for
return sort score of departments

FIGURE 5. Text length statistics in CMeEE. The horizontal coordinate is
the interval of the text length and ordinate is the corresponding quantity.

(Equ), Medical Procedures (Pro), Body (Bod), Medical Test
Items (Ite), Microorganisms (Mic) and Department (Dep).
The statistics of the number of entities and the text length
on the training, validation and test sets for the entire CMeEE
dataset are shown in TABLE 2 and FIGURE 5, respectively.

In addition, we collect the consultation data of a regional
specialized hospital from January to December 2021. The
data include age, gender, weight, patient complaints, brief
medical history, physical examination, clinical diagnosis,
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TABLE 2. The entity number in the CMeEE dataset.

TABLE 3. A record of a patient in collected data.

department and other information. The original dataset con-
tains a total of 531,374 records in 164 departments. The goal
of our experiment is that provide recommendations for the
subspecialties of gynaecology. A total of 109,533 records are
screened for subspecialties of gynaecology. TABLE 3 shows
a sample record of patient, including the chief complaint text,
themedical history text, the clinically diagnosed diseases, and
the visiting department.

We obtain 239 and 258 symptom phrases of gynaecological
diseases from some medical websites, such as xunyiwenyao5

and 39health.6 It served as an expanded data set to enrich
symptom entities and improve the effectiveness of the intel-
ligent department recommendation.

B. DATA PROCESSING
1) DATASET CLEANING
Since some medical records not contain chief complaints or
the chief complaint only contains one or two characters, the
collected data need to be cleaned.We use the template to filter
some invalid text and delete it.

5http://zzk.xywy.com/
6http://www.39.net/

FIGURE 6. The length statistics of the text we collected.

2) DATASET ANNOTATION AND DIVISION
We used ‘‘BIO’’ (B-begin, I- inside, O-outside) labels to tag
different types of entities. In addition, we separated each text
with a full stop ‘‘ ’’ in Chinese. The training and valida-
tion sets of the CMeEE dataset were used for training and
validation models. The best performance was selected when
validating and making predictions on our dataset.

We divided our collected data into two parts. About 80%
of the data is identified by our model and then used to build
a knowledge map. The rest of the data is used as a test set to
evaluate our approach. In the prediction process, we obtained
the predictions for four entities, Sym, Dru, Pro and Bod,
and formed a triplet of them with the patient’s corresponding
medical department and the ICD-10 of clinically diagnosed
diseases. These triplets were used to construct the medical
knowledge graph according to FIGURE 4.

3) DEPARTMENT SELECTION
The sub-department under the gynaecological outpatient ser-
vice is the research goal. We further analyze the data and
found that there are some similar departments in func-
tion. For example, ‘‘Gynecological Endocrinology Outpa-
tient Clinic’’ and ‘‘Famous Gynecological Endocrinology
Outpatient Clinic’’ are the same departments, but one is a non-
famous doctor and the other is a famous doctor. In addition,
the name of the department contains ‘‘Special’’, such as
‘‘Cervical Vaginosis Special Outpatient Clinic’’, which is the
same as the name of the corresponding department without
the word ‘‘Special’’. Therefore, we consider merging simi-
lar departments whose name is slightly different after con-
sulting experts. For example, ‘‘Uterine Fibroids Outpatient
Clinic’’, ‘‘Uterine Fibroids Special Outpatient Clinic’’ and
‘‘Adenomyosis Specialist Outpatient Clinic’’ were merged
into ‘‘Uterine Fibroids Outpatient Clinic’’. The selection and
merging of all departments are shown in TABLE 4. Finally,
we obtain 11 departments corresponding to 25,106 records,
which detailed length statistics of the text in FIGURE 6.
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TABLE 4. Selection and merging of departments. C. EXPERIMENTAL SETTINGS
We implement our method based on HuggingFace7 and
Pytorch.8 The pre-training models that we use are the base
version (L = 12, H = 768, A = 12) as the backbone. And
we use a two-layer bidirectional LSTM layer with a hidden
layer of 256 dimensions and a CRF layer as a classifier. For
all experiments, all models are trained on an NVIDIA TITAN
V GPU with a memory size of 12G for 30 epochs and 7k
steps with a batch size of 64. We use the AdamW optimizer
and linear learning rate warm-up for more than 10% of the
training steps. The learning rate is set to 1e-4 and the dropout
rate is 0.5. For the sequence input to the model, we set the
longest sequence length of the input text to 128. The vector
dimension used to calculate entity similarity is 300. For other
hyper-parameter, we follow the default setting. We sample
different datasets and repeated experiments on each dataset
3 times with different random seeds. Precision(P), Recall
(R) and F1-score (F1) are taken as evaluation criteria.

V. RESULTS AND ANALYSES
We use the CMeEE dataset as the rich-resource dataset and
medical domain corpus to train our model and selected the
best checkpoint on the test set to predict the entities on
our collected data, which are used to build the knowledge
graph. We verify the effectiveness of our proposed FRMCDR
algorithm based on the knowledge graph. And then the results
of the combination of differentmappingmethods are obtained
based on the FRMCDR algorithm. For all ablation exper-
iments, unless otherwise specified, we compare our model
with several models for recommendation by departmental
with the base settings.

A. RESULTS
In this section, we compared the effectiveness of our proposed
FRMCDR algorithm with the base settings according to the
equation (2), and the results were shown in TABLE 5.We also
conducted relevant experiments on entity mapping methods.
From FIGURE 7, we can see that considering entity mapping
can improve the results of guidance.

1) RECOMMENDATION ALGORITHM
The result of different methods on the test set we divided
is shown in TABLE 5. It can be seen that the FRMCDR
algorithm is better than the original calculationmethod.With-
out considering the AC automata, our method can improve
precision, recall, and F1-score by 4.27%, 3.63%, and 3.95%,
respectively. It shows that the influence of feature frequency
needs to be considered in the process of department recom-
mendation. This shows that high-frequency entities can not
accurately and directly reflect the characteristics of patients,

7https://github.com/huggingface/transformers
8https://github.com/pytorch/pytorch
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FIGURE 7. Precision-score(a), Recall-score(b), and F1-score(c) of rate for
different entity mapping methods. And only one method is used on the
diagonal.

but some low-frequency entities can dominate the character-
istics of patients, which can be considered distinctive features
of patients. After considering the distinctive characteristics of
patients, the overall department recommendation effect has
been improved.

TABLE 5. The performance of FRMCDR and AC automata algorithm.

In addition, we use AC automata to increase symptom
entities to solve the model’s inability to identify any entity.
After adding some entities, the overall effect can be partly
improved. It can improve the precision by 2.46%, the recall
by 2.31%, and the F1-score by 2.38%.

2) MAPPING METHODS
In the previous section, we discuss results without consider-
ing the failure of entity normalization. Now, we will discuss
the entitymappingmethods from the lexeme level and seman-
tics level to map the entities to the graph.

We compare Jaccard-similarity, Hamming-similarity, and
Edit-similarity with the Cos-similarity algorithm in combi-
nation. It can be seen from FIGURE 7 that the method that
uses Edit-similarity and Cos-similarity algorithms can obtain
88.77% in precision, which is the highest score in precision.

The recall rate can achieve 89.57% by combining the
Edit-similarity and Cos-similarity algorithms.When the Cos-
similarity method and the Jaccard-similarity method are
adopted, the F1-score can reach 89.16%, which is 1.17%
higher than the F1-score without using the entity mapping
method.

Compared with the methods considering semantic sim-
ilarity, the three methods of Jaccard-similarity, Hamming-
similarity, and Edit-similarity are not ideal, and the best pre-
cision rate is 87.61%. Although only using the Cos-similarity
method precision rate can reach 88.17%, there are still more
than 100 records that cannot be normalized to the entity nodes
of the graph. Therefore, it is necessary to consider the simi-
larity of lexeme-level, so that all entities can be normalized
to the graph.

From the overall results, the combination of the similarity
method at the lexeme level and semantics level, compared
with only considering the similarity from one aspect, can
further improve the effectiveness of the recommendation of
the department.

B. ANALYSES
In the following section, we conduct some ablation exper-
iments to further analyze our approach from effectiveness,
adaptability, and influence of entity and feature type.

9We have done some post-processing for entities, such as removing
‘‘[UNK]’’ tokens from entities, expanding entities to add semantics, and
removing entities with length less than 3 to reduce data noise
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TABLE 6. Result for different models.

1) EFFECTIVENESS OF MODEL
In order to verify the advantages of our model, we compared
the effects of our model on department recommendation
with those of several basic models on the test set. We com-
pare BERT-BiLSTM-CRF, RoBERTa-BiLSTM-CRF, BERT-
CRF, BERT [9], BiLSTM-CRF and MacNER [7]. BERT,
released by Google, is the backbone of BERT-BiLSTM-CRF
and BERT-CRF models. And RoBERTa and MacBERT were
the Chinese-based full-mask language models released by
the joint laboratory of Harbin Institute of Technology and
iFLYTEK. The recommended results of the different models
mentioned above are shown in TABLE 6. Our model achieves
the best results with a 79.96% precision rate, 81.16% recall
rate and 80.56% in F1-score.

It can be seen that the precision rate of BERT, RoBERTa
and MacBERT with BiLSTM and CRF modules can achieve
78.79%, 78.07% and 79.96%, respectively, which are higher
than the BiLSTM-CRF without the pre-trained language
model. In addition, the CRF layer is still very helpful for
the final result. For BERT, the precision rate of BERT-CRF
achieves 74.97%, which is 6.24% higher than only the
BERT model. It can prove that BiLSTM and CRF can
perform better on downstream tasks than single-language
models [20], [21], [22].

2) ADAPTABILITY OF MODEL
We present the performance of different models in TABLE 7
on our test dataset that is described in Section DATASET
ANNOTATIONANDDIVISION to measure the adaptability
and transferability of our model.

There are three metrics defined for convenience of expres-
sion. The number of Entity Mapping Failures (NEMF) rep-
resents the number of patients’ records mapping failures.
Similarly, the Number of Vacant Entities (NVE) represents
the number of patient records without any entities identified,
and the Number of Test Records (NTR) represents the num-
ber of patient records that are used to retrieve. For exam-
ple, for the BERT-BiLSTM-CRF, among the 5,021 patients’
records, 423 records do not contain any entity, and among
the remaining 4,598 patients’ records, 374 records cannot be

TABLE 7. The comparison of different models from the entity level.

directly mapped to the four types of entity nodes in the graph.
As shown in TABLE 7, in our model, only 251 patients’
records cannot be directly mapped to the graph and the value
of NVE is 397. Compared with the second-ranked model,
BERT-BiLSTM-CRF, more than 100 records can be queried
for a department recommendation. It not only indirectly
explains why our model is better than BERT-BiLSTM-CRF,
but also reflects adaptability and transferability. Although the
BERT model and our model are similar in NVE, the value of
NEMF is more than 1,200, which means that about 30% of
the data in the whole test dataset cannot be queried. So the
result is dissatisfactory.

3) INFLUENCE OF ENTITY AND FEATURE TYPE
FIGURE 8 shows the number of entity recognitions of differ-
ent models. It can be observed that the BERT-BiLSTM-CRF
model and the RoBERTa-BiLSTM-CRFmodel have a similar
number of entity recognition. The former is only better in
symptom recognition than the latter, which indirectly reflects
that the effect of the BERT-BiLSTM-CRFmodel in TABLE 6
is better than the RoBERTa-BiLSTM-CRF model. And the
BERT model alone recognizes the fewest entities, so it is
worse than the other models.

The BiLSTM-CRF model could recognize 1,400 body
entities, which is more than four times the number of other
models.We analyze these entities and find that they contained
a lot of punctuation marks, and the identification results
are not accurate body parts, such as ‘‘ ’’. Therefore,
we believe that the BiLSTM-CRFwas not ideally transferable
in recognizing body entities, and does not learn more repre-
sentations and knowledge on another rich-resource dataset.
And we also observe the same situation in other types.

We find that the guidance effect would be better if the
model identified more symptom entities by comparing the
number of different entities. This can also indirectly reflect
the rationality of using the AC automaton to increase the
symptom entity. Moreover, the effect of the CRF layer on
the quantity of entity recognition is obvious. Since the BERT
model has no CRF layer, the number of entities recognized
is the smallest, and the guidance effect is the worst. In terms
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FIGURE 8. Comparison of the number of different types of entities identified by different where All is the sum of the number of all
entities.

TABLE 8. Evalutation on our model using different entity types.

of both the overall number and the number of single-category
entities, the BERT-CRFmodel is better than the BERTmodel.

In addition, we also verified the influence of feature types
on the recommendation effect. There are four types of entities
extracted from the chief complaint text and medical history,
which respective contributions are displayed in TABLE 8.
The NVE of combining four types is better than only one
type being used. The result proves combination of the chief
complaint text and medical history is meaningful for the
recommendation. Although the value of NVE is 4,052 when
only considering the drug entity, it can obtain 74.51% in
precision, reflecting the FRMCDR algorithm’s effectiveness.

VI. CONCLUSION
This paper proposes a department recommendation method
based on the medical knowledge graph. The model is trained
on a public entity recognition dataset, which adds BiLSTM

and CRF layers to MacBERT, and then it is transferred
to predict the several types of entities on patients’ chief
complaints and past medical history texts collected from
a regional specialized hospital. The FRMCDR relationship
weight calculation algorithm is proposed to select the appro-
priate departments for patients. For the cases where entities
cannot be directly mapped to the nodes in the graph, dif-
ferent entity mapping methods are compared. The proposed
method obtains a precision rate of 88.77% in the recom-
mendation. It can recommend patients to the corresponding
departments, which solves the problem that patients do not
know which department to register. The findings from a
series of experiments are summarised as follows: the pre-
training method of MacBERT does bring certain benefits
to downstream tasks, especially in the scenario of model
migration; the FRMCDR algorithm captures the weight of
features in the recommendation process; different mapping
methods can further improve the recommendation effect,
of which the Cos-similarity method is crucial; a maximum
difference of approximately 13 percent in the effectiveness
of recommendations when considering patient characteristics
together compared to considering a single characteristic.

In future work, we will continue to consider the recom-
mended methods of other departments because we only focus
on gynaecological clinics, but there are other specialized
departments. In addition, we will utilize additional medical
data and mine information for department recommendations
and further improve the performance and availability.
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