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ABSTRACT

This study proposes a multi-task multi-label doctor-patient dialogue dataset (TLMedDialog) that focuses
on gastrointestinal medicine. First, the study describes the labelling specification of the doctor-patient
dialogue dataset and then discusses the dataset’s labelling process and statistics. Based on this dataset,
the study then develops a knowledge-based medical dialogue model. The current medical dialogue text
generation process has many problems, such as insufficient medical entities in the responses, ambiguity in
medical entity relationships, and a lack of role information etc. This study proposes using entity prediction,
dialogue history, and medical knowledge graphs to assist in the generation of medical dialogue text
in order to improve the credibility and fluency of the process. The study also performs corresponding
performance comparisons for natural language understanding (including intent classification and medical
entity recognition (MER)) and dialog policy learning.

1. INTRODUCTION

The medical dialogue system has attracted wide attention from both academic and medical circles.
The construction of a complete medical dialogue system involves many aspects of medical language
analysis technology, such as intention understanding and named entity recognition. Medical dialogue text
generation is based on analysis of multiple rounds of doctor-patient dialogue generation tasks. Specifically,
it automatically generates natural and reasonable responses according to historical information on doctor-
patient dialogue to assist users in completing specific tasks in the information interaction process. The end-
to-end framework has achieved good results in the field of machine translation, and researchers have thus
applied it to doctor-patient dialogue generation tasks. They have used historical doctor-patient dialogue
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information as the input of the encoder and conducted encoder and decoder mapping to obtain the
doctor’s reply. However, some meaningless replies are frequently generated, and these may be considered
intentions and entities in conversational replies. In principle, the identification of intent and medical
entities can enable us to better understand medical texts [1].

To enable the provision of more effective medical consultation services, this study provides a multi-task
multi-label medical dialogue dataset as an important basis for the construction of smart medicine [1-6].
This study first describes the relevant research on the medical dialogue dataset. The dataset specifications,
annotation process, and statistics are then discussed. Subsequently, a knowledge-driven Chinese medical
dialogue text generation model is proposed. Finally, the validity of the dataset is verified via experiments,
and the results of the WeChat mini program display are presented. The contributions of the dataset and
knowledge-driven medical dialogue text generation model proposed in this study are as follows:

1) This study constructs a dataset with abundant labels, including multiple interrelated labels for
medical tasks (intention, slot, slot value, and entity). Provide data reference for building interpretable
and training data for building more accurate and intelligent medical dialogue systems. The dataset
proposed in this study is applicable to a variety of medical dialogue tasks including natural-language
understanding (NLU), Dialog Policy Learning (DPL), and natural language generation (NLG).

2) This study introduces medical knowledge (dialogue history, entity prediction, and knowledge graph)
to assist in the generation of medical dialogue to solve insufficiencies of knowledge modelling ability.
The multi-task medical dialogue model integrates knowledge models (doctor and patient intentions,
important entities appearing in the dialogue such as symptoms, diseases, drugs etc.) into dialogue
generation to generate high-quality responses.

2. RELATED WORK

2.1 NLU, DPL, And NLG Medical Datasets

NLU plays a crucial role in text understanding systems as well as in recommendation, question-answer,
text generation, and medical inquiry systems.

Terminology. In this paper, a dialogue denotes one complete doctor-patient consultation session. An
utterance denotes one continuous speaking segment produced by a single speaker (doctor or patient) and
is the basic unit for annotation and statistics. To avoid ambiguity, we use utterance consistently instead of
turn throughout the paper.

The CMDD medical dataset [1], first proposed by Lin et al. for NLU in the medical field, contains
2,067 doctor-patient utterances. Owing to the arbitrariness of spoken language, symptom entities in
dialogue are generally non-standard medical expressions, which are standardized during the annotation
process. In addition, the symptom entity in a doctor—patient dialogue may not be a real symptom;
therefore, it is also necessary to mark whether the symptom entity is a real symptom and use ‘True’ to
indicate when it is. This dataset promotes research into conversation-based symptom diagnosis and lays
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the foundation for subsequent development. The MSL medical dataset [2] proposed by Shi focuses on the
slot-filling task, which aims to classify sentences into predefined categories (slot-value pairs). This dataset
consists of 1,652 doctor-patient utterances. To construct the medical slot-filling model, the doctor-patient
dialogue is labelled by marking the disease entities appearing in each sentence with slot values. Owing
to the randomness of spoken language, the marked slot values need to be converted into standardized
expressions. The MIE medical dataset [3] proposed by Zhang extracts information from a doctor-patient
dialogue in order to transform it into electronic medical records. This dataset contains 1,120 doctor-
patient utterances. In the past, medical entities were often labelled in the form of BIO; however, such
labelling could not mark entities with unclear or discontinuous expressions, which is not rare in oral
expression. Therefore, the labelling method for this dataset was performed using a sliding window instead
of sequential labelling. It has four categories: ‘symptoms’, ‘surgery’, ‘tests’, and ‘others’. In addition, the
status of symptoms mentioned in the doctor-patient conversation can be marked as ‘present’ or ‘absent’
according to whether the patient actually has them.

The DPL can enable a dialogue system to generate more meaningful responses. The MZ medical dataset [4]
proposed by Liu is used for dialogue strategy learning aimed at doctor-patient dialogue generation based
on a template. The dataset consists of 710 doctor-patient utterances, consisting of self-reports from patients
and doctor-patient conversation data. Symptoms in the data are labelled, and symptoms mentioned
in patients’ self-reports are classified as ‘explicit’ whereas symptoms mentioned in doctor-patient
conversations are classified as ‘implicit’.

Natural language generation, which can generate a response based on a preceding dialog, is often
used in task-based dialog systems using pipeline and end-to-end methods. The COVID-CN dataset [5]
proposed by Zeng et al. uses an end-to-end approach for NLG. This dataset contains 1,088 utterances from
COVID-19-related patient-doctor dialogues. This dataset is not specially labelled, but the corresponding
doctor-patient conversations are collected, and pre-training models such as GPT are used to generate
the conversations. The MedDG medical dataset [6] proposed by Liu is also used for dialog generation.
Unlike traditional dialog generation, this dataset is used for two types of tasks: entity prediction and reply
generation using predicted entities. When the data are labelled, five entity categories are defined: ‘disease’,
‘symptom’, ‘drug’, ‘test’, and ‘attribute’. A multi-label classification of entities is performed using the
model to enable entity prediction through labelled entity information, so that the conversation generation
contains more medical entities.

The datasets provided in [1-4] are primarily focused on diagnosis and symptom extraction, while [5-6]
concentrate on specific diseases (such as COVID-19) or entity-driven dialogue generation. This paper
includes more comprehensive intents and slot values, and explores gastrointestinal diseases. It has greater
domain adaptability and annotation accuracy compared to existing datasets.
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2.2 End-to-end Conversation Model

Google’s Vinyals et al. [7] were the first to apply the sequence-to-sequence model of machine
translation to the dialogue generation task; it treats the reply generation problem as a translation problem.
It is unreasonable to encode all contexts indiscriminately. Tian et al. [8] proposed the WSEQ model, in
which cosine similarity is used to measure the importance of context clauses. Xing et al. [9] proposed
the HRAN model, which introduced the traditional attention mechanism to capture related clauses and
words in historical information at both sentence and word levels, respectively. Chen et al. [10] proposed
the HVMN model, which uses a memory network to enable the model to retrieve the relevant context
during decoding. Zhang et al. [11] proposed the ReCoSa model, which applies a self-attention mechanism
to solve the long-distance dependence problem and capture relevant historical information. The role of
external information (including common sense information and the speaker’s past experiences) is the
biggest difference between people and models. Kumar et al. [12] proposed a DMN model that combines
common sense information to generate more human responses. The topic constraint feature ensures
consistency between the generated replies and dialogue semantics. Mou et al. [13] proposed the seq2BF
model, which uses point-by-point mutual information to predict a noun as a topic word and then generates
a reply containing the topic word. Subject terms do not necessarily appear in the generated replies and
can be used as implicit constraints for them. Yao et al. [14] built Seq2Seq by introducing a network unit
that controls themes, which are reflected in status updates at every moment. Xing et al. [15] proposed a
TA-Seq2Seq model and introduced an LDA topic model to increase the occurrence probability of subject
words using the attention mechanism in decoding. Dziri et al. [16] proposed the THRED model, which
combines historical and thematic information to make responses more diversified.

Intention plays a key role in conversation, and determining the speaker’s motivation is the only way to
generate a reasonable response. Jo et al. [17] proposed an unsupervised model based on a conversational
behavior sequence, while Zhang et al. [18] proposed an HRG model that uses a layered response
mechanism to capture intent in a conversation.

End-to-end conversation models have strong single-task modeling capability, but they don’t model
knowledge well in complex tasks such as medical dialogue. In terms of task, only some medical tasks are
considered, and it is not possible to model the overall medical dialogue tasks that are interrelated.

2.3 Dialogue Model Based On Knowledge Base

Wen et al. [19] modularized each component of the model and modelled it using neural networks, thus
constituting a differentiable end-to-end model. Subsequently, Bordes et al. [20] constructed an end-to-end
memory network model, treated task-based dialogue as a reading comprehension task, and reasoned
through multiple rounds of reasoning by considering the user’s discourse, conversation history, and system
response as questions, contexts, and answers, respectively. Maddotto et al. [21] also used an end-to-end
memory network model and input knowledge base information into the memory network to make the
model more intelligent. Eric et al. [22] extracted information from a knowledge base and constructed a
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key-value storage network model. Lei et al. [23] proposed an end-to-end generation model that uses only
the conversation state rather than the conversation behaviour representation. First, the model encodes the
conversation history. Then, the conversation state is generated via LSTM and CopyNet. Finally, the model
uses the conversation state to generate natural and smooth responses.

There are many types of external knowledge, including structured knowledge maps, unstructured
background information, information about people, and topic information. Wu et al. [24] constructed the
DuConv dataset and used knowledge graphs and conversation objectives to guide the dialogue. Dinan
et al. [25] created the WoW dataset; the model needs to use Wikipedia to generate replies to ensure that
they include relevant information. Zhou et al. [26] constructed a Chinese multi-domain KdConv dataset,
which is mainly used in the study of knowledge-driven multi-round dialogue. Xing et al. [15] studied
several topics highlighted in multiple rounds of dialogue and proposed a Twitter LDA model to integrate
topic information into the dialogue system. Zhou et al. [27] focused on topic information in dialogues
and created a recommendation dialogue system based on topic clue words. Qian et al. [28] found that
dialogue systems contain different types of role information and therefore proposed building a dialogue
system that is consistent with a given role. Zhang et al. [29] manually collected a role-based dialog dataset
using Mechanical Turk; to ensure a consistent conversation state, the role information contained in a
conversation can be used as external knowledge to be integrated into the dialogue model. Mazare et al. [30]
built a large-scale role-based dialogue dataset to enrich dialogue scenes. To improve the quality of the
generated responses, Dinan et al. [25] used a two-stage framework of knowledge selection and dialogue
generation to complete the dialogue. Kim et al. [31] proposed an SKT with knowledge prior and posterior
distributions, which can improve knowledge-selection performance. Lian et al. [32] adopted BOW Loss to
enhance the correlation between knowledge and true responses.

Unlike general medical dialogue data, this paper focuses on medical dialogue data of specific
gastrointestinal diseases. Analyze and construct data for the specific domain. Unlike the traditional large
language models, the model proposed in this paper can perform NLU and DPL in medical dialogue
processes and provide feature embedding for the final NLG task.

3. PROBLEM FORMULATION

3.1 Labelling Specification

The raw data for this study were collected from the online consultation platform Haodaifu (www.haodf.
com). The dataset was marked with a fine granularity. The intention, slot value, and entity scope of each
utterance spoken by patients and doctors are annotated at the utterance level. Intents are considered to
determine the speaker’s motivation, which helps us to analyze the semantics of the generated statements.
Patient and doctor intents are specified by role; common intents include inquiries and chitchats. Slots are
designed to give each sentence a domain equivalent to an entity meaning and specify several slots for
conversation generation tasks. The slot values and entity ranges comprise specific tagging information for
each sentence and can be used for tasks such as named entity recognition, disease, and symptom prediction.
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A doctor-patient dialogue consists of multiple utterances; these do not necessarily alternate strictly, since

one speaker may produce several consecutive utterances. An utterance can have multiple intentions, and an

intention can have multiple slot values. Patient and doctor intentions are shown in Tables 1 and 2, respectively.

Table 1. Definition of patient intent.

Intention Role Explanation Example
Inform Patient The patient informs the doctor da bian zheng chang, ye bu e xin
RAEIEH, AT
Inquire Patient The patient asks the doctor wo de le ji xing fu xie,gai ru he zhi liao?
AT TR, ZTiayT
Want confirm Patient Want to get the doctor’s shi chang dao xi jun bu ping heng ma?
confirmation T W TE A AT
Confirm Patient Reply to the doctor for you
confirmation H
Deny Patient Deny the doctor’s confirmation fa shao mei you
REBA
Chitchat Patient Chitchat between patient and hao de, xie xie
doctor YFI, Wik
Table 2. Definition of doctor intent.
Intention Role Explanation Example
Diagnosis Doctor Doctor diagnoses patient zhe shi shi guan fan liu
AR R
Recommendation Doctor Advice given by a doctor to a jian yi chi dian ao mei la zuo
patient TN i B S
Not recommendation Doctor Things that doctors don’t advise  bi mian shi yong ci ji xing shi wu
patients to do WG R E B
Want confirm Doctor Want confirmation bian mi you me
ERA
Confirm Doctor Reply to the patient for shi de
confirmation R
Deny Doctor Deny the patient’s confirmation  bu ke yi
ASHTEA
Inquire Doctor The doctor questions the patient  hai you qi ta zheng Zhuang ma?
A HABREIR S ?
Chitchat Doctor Chitchat between doctor and hao de, xie xie
patient TFH,
1008 Data Intelligence
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The slot-value pairs are divided into slot and slot values. In a medical dialogue, slot-value pairs limit
the content communicated by doctors or patients, and convey the semantic information being expressed.
Slots can be regarded as a category, such as ‘diseases’, ‘symptoms’, and ‘drugs’. Slots represent specific
manifestations, and each slot position can have multiple slot values. Slot definitions are listed in Table 3. A
slot value can be obtained only through an analysis of a specific sentence.

Table 3. Slot definition.

Slot Slot value Explanation Example
Symptom Multiple values can be Statement for du gi zhou wei
identified from statements or symptoms that may [yin yin zuo tongl
with reference to standard occur i1 (YSH R ) |
medical terms
Disease Multiple values can be Statements that refer to  shu yu [gao zhi xing yi xian yan]
identified from statements or  diseases that may not J& T [=EfEIEBARAR] -
with reference to standard appear explicitly

medical terms

Drug dentified from the statement: 1€ name of the drug i shu duo jiu chi Isi mi dal
; X . VKA AR [0
there can be multiple values mentioned in the KB LEEIE]
statement
Check Identified from the statement; The statement mentions You cha
there can be multiple values the check that was [xue chang guil ma
done A LER 5
Symptomatic  Identified from the statement; Statement where [zuo ce lei gu bu weil hen teng
site there can be multiple values symptoms occur [0 ihE fac] 1R
Food name Identified from the statement;  The food mentioned in man xing chang wei yan hui fu qgi ke
there can be multiple values the statement yi chi [zhi shil ma
1BIEA S RE R Lz [21]
Treatment site  Identified from the statement The treatment site [san jia yi yuan] wu tong wei jing
mentioned in the yi ban qi bai duo
statement [=HEER] TRESE - RtH2
Department Identified from the statement The department dao [pifu kel kan yi xia
mentioned in the | [EKR H T
statement
Body part Identified from the statement ~ The part of the body  bu hui gian che dao
mentioned in the [zuo bian jian bul
statement Aept®] [eil)E#s]
Dosage of Identified from the statement The dosage pi wei xiu an pian lyi ci yi pianl
drug recommended by the  DEAERE R [—k—k]
doctor
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Table 3. Continued.

Slot Slot value Explanation Example
Frequency of Identified from the statement The frequency pei fei kang jiao nang,
medication of medication Lyi tian liang cil
recommended by the  B5HEREEE, [ RMk]
doctor
Preventive Identified from the statement  The advice provided  [shao chi dian rou zhi pin, he dou
measure in the statement zhi pin]l , [duo chi shu cai shui
for alleviating the  guol
condition [/Dnz sl i, A,
[ZzHKR]
Drug class Identified from the statement Class of drug . o
mentioned in the [a mo xi lin] shi xiao yan yao
Thy L3 s 21
staterent ((ZENER7N W e
State Positive, negative, other Whether the proposed
disease or symptom -
is real
Time The time and duration [iane san tian] le
Identified from the statement  of symptoms described ng '
b . [(P=K1 7.
y the patient
Behaviour Identified from the statement An expression that  yinyin [zuo tongl

refers to an action in a
statement

Faks ]
shi liang [shao chil
e [zl

3.2 Data Annotation Process

Doctor-patient dialogue data were annotated according to the information defined in the annotation

specification.

Two versions of the dataset were used: an unlabelled TLMedDialog (3,640 dialogues) and a labelled
TLMedDialog (2,347 dialogues). The former was used to fine-tune the model, and the latter was used to

evaluate the performance of the benchmark model. Figure 1 presents a flowchart of the labelling.

1010
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Collect raw doctor- Collect raw medical
patient conversation data knowledge maps
TLMedDialog ot Cleaning and filtering
annotated doctor-patient conversation
data
F lation of ifi
e T S
spectfication specifications 4@
Formulator l
Modify l

TLMedDialog has
been annotated

Figure 1. Annotation flowchart.
3.3 Data Statistics

Statistical analysis was performed on the labelled doctor-patient dialogue data to illustrate the
characteristics of the dialogue dataset. Table 4 presents the statistics. Figure 2 shows the number of
utterances distributed across different intent and slot types. For consistency, all average statistics are
recomputed using unified denominators, and label-related totals are reported on the labeled subset only.

Table 4. Dataset statistics.

Dataset Fine-tune Train Valid Test Total
Dialogue 3640 1463 487 487 6077
Utterance 42239 14863 4783 5125 67010
Utterance/dialogue 11.60 10.16 9.82 10.52 11.03
Character/dialogue 301.33 310.80 305.45 309.74 308.85
Character/utterance 20.46 19.58 19.34 19.44 19.60
Label/dialogue - 30.58 31.78 30.15 30.73
Label/utterance - 2.00 1.94 1.98 1.98

Note: Utterance denotes one continuous speaking segment by a single speaker. Total Dialogue and Total Utter-
ance are computed over all subsets (Fine-tune, Train, Valid, and Test). Label-related statistics (Label/dialogue and
Label/utterance) are computed on the labeled subsets only (Train, Valid, and Test), because the Fine-tune subset is
unlabeled.

Data Intelligence 1011
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Figure 2. Intent and slot distribution diagram.

4. THE PROPOSED APPROACH

The overall model framework of this paper is shown in Figure 3, including the Shared embedding
module, Entity prediction module, and Coding fusion module. The pipeline model sequentially connects the
output of each module to the input of the next module. Considering the essential impact of medical
knowledge and the difficulty of reproducing code, a simple and open-source GPT-2 is adopted as the base
model, which can also be quickly migrated to other open-source models. The medical dialogue generation

Entity
prediction
Right
shift
output
el
N .
NV Mask multi cross
attention
Knowledge . .
graph embedding Dialog embedding average
G
i S R
i i i Conversation History L__Ufﬂi_. GPT-2
! ¥ (H) + Query (Q) ! conversatio
! pooTTTTTTTTT T n history
1 1

Figure 3. Entity-aware medical dialogue model based on knowledge graph.
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task needs to provide the history of the doctor-patient dialogue (represented by H); this consists of multiple
utterances and can be represented as H = {U,, S, ..., U, S, ..., U, S}, where U, and S, represent the
utterances from the patient and the doctor, respectively.Given the external knowledge graph, the set of
medical entities is represented by £ = {e,, e, ..., e, ..., e }. The knowledge graph can be represented by
triples containing head entity h, relation r, and tail entity t. Each knowledge is formalized as a triple < h, r, t>,
defined as B, , and triples with e, as head entity are represented as G(e) = {B, ,, B, .-, B, -1 B, iciept-
Each piece of knowledge is composed of a series of words after word segmentation, which can be
expressed as B, =1E, v E 0 E -
patient query, denoted as Q, the model must generate a reply ¥, denoted as Y = {y,, v, ..., ¥, -, ¥}

-+ B, 1g - According to the dialogue history H and the current

where y is the i-th word in reply Y.

Shared embedded module: The knowledge graph G, the conversation history H, and the current patient
query Q are taken together as inputs, and the input representation is constructed as illustrated in Figure 4,
incorporating token, position, entity, and relation embeddings. The first part of the sequence contains specific
conversation information (conversation history and current patient query), and the second part contains
information related to the knowledge graph. These embeddings are used to encode both the dialogue
information and the structural information of the knowledge graph, enabling their effective integration.

voken (8IND) (o) (PeR) (o) (o) (@) () -
e () @ () @) () (D) @

Figure 4. Construction of the input representation with multi-source embeddings.

Entity prediction module: This module predicts entity information in the current response based on the
history of the doctor-patient conversation. In the coding layer (shown in Figure 5), different pre-training
models can be used to encode the history of the doctor-patient dialogue. For the pre-training model in
the general domain, unlabelled doctor-patient data can be used to continue the pre-training in order to
improve the generalisation ability of the model for medical tasks.

enseasen (2] G COEE) (D () ED(=) (D GO D B ) () ) (o)

Entity

embecding (P20 ) CED) D) D) (D (@) O O E @ @mEm@mE@E @@

Figure 5. Input sequence in entity prediction module.
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At the encoding layer, the conversation history is U, ., ={U,, U,, ..., U,}, and the historical entity is E,
.« =1E, E,, ..., E}, where K is the number of historical entities. The context vector by which the encoder

obtains the conversation history is expressed as follows:

H = Encoder(U, . , E,. ) )

The vector is transformed through the linear layer, and a sigmoid function is used to classify the model
with multiple labels, which is expressed as follows:

g = Linear(H) )
p = Sigmoid(w - g)
where g eR? is the logit vector obtained by applying a linear transformation to the context vector H, i.e.,
g = Linear(H), and w denotes the weight vector of the linear layer. The sigmoid function is then applied to
obtain the probability of each label. The binary cross-entropy loss is used to calculate the loss, as follows:

Loss = —ylog(p) — (1 — y)log(1 - p) (3)
where y € {0, 1} indicates whether the prediction entity is a real entity.

Coding fusion module: This module incorporates entity prediction, conversational context, and partially
generated results, ensuring that the response generation process considers more comprehensive information.
Given query Q e R%, key K =R%, and valueV e R, each attention head H, is calculated as follows:

H, = FW°Q, WK, WV) e R “)
where F denotes the scaled dot-product attention function.

. d,
Learnable parameters include W e R™ *%, WX e RP*% and W' e R» %

Thus, the dialogue context E,, with knowledge, the predicted entity E_,, and the encoding of the right-

shift output £, are fed into the Masked Multi-Head Cross-Attention (MMCA) module, which facilitates the

fusion of multiple information sources, and its formulations are given in Equations (5) and (6):
output,, = MMCA(E,, Ec,, Ecp) (5)

output,, = MMCA(E,,., E.,, E (6)

pre!/ =cur? cur)

In the formula, output.,, and output,

cur

and the knowledge graph. The previously decoded text is obtained using Equation (7):

fuse the encoding of the dialogue context of the prediction entity

=MMCA(E,,, E,., E,.) (7)

re pre/ —pre/ = pre:

output,

Finally, the obtained output,,, output

cur?

and output,,, are averaged as shown in Equation (8):

re

output = wg,*outpute,, + w,,output,,, + w,output,, (8)
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where w¢,,, w,,,, and w,, are learnable scalar weights.

5. EXPERIMENTS AND ANALYSIS

The experiments were conducted using an Intel Xeon Gold 6138 CPU (32GB memory) and an RTX
3090 GPU (24GB) with CUDA 11.1. The tasks of Intent Recognition, Dialogue Strategy Learning, Medical
Entity Recognition, and Medical Text Generation are compared using classic dialogue classification
models, fine-grained dialogue classification models, text sequence annotation models, and dialogue
response generation models, respectively.

5.1. Intention Recognition

This section compares between state-of-the-art intention recognition models based on pre-training. It
considers the following:

(1) BERT [33] is a self-supervised language model that defines two types of tasks for pre-training. The
basic model has 12 layers, 768 hidden layers, 12 heads, and 110 million parameters.

(2) Bert-wwm [34], based on BERT, is a Chinese full-word mask used to conduct the pre-training model.

(3) ALBERT-tiny [35] is a pre-training model based on two pre-training objectives: mask language
modelling and sentence ordering prediction.

(4) Roberta-wwm [36] removes the task of predicting the next sentence and dynamically changes the
mask mode applied to the training data, combining the advantages of RoBERTa and BERT-wwm.

(5) PCL-MedBERT [37] is a pre-trained language model used in the medical domain.

As shown in Table 5, RoBERTa-wwm achieves the best F1-score (82.09) among all intent recognition
baselines.

Table 5. Intent recognition.

Model Precision Recall F1-score
BERT 80.17 81.34 80.75
BERT-wwm 80.94 81.87 81.40
ALBERT-tiny 76.87 78.23 77.54
RoBERTa-wwm 81.84 82.34 82.09
PCL-MedBERT 80.78 81.69 81.23

Data Intelligence 1015
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5.2. Medical Entity Recognition

MER is a basic sequence labelling recognition method, mainly used to identify the categories and
boundaries of medical entities in dialogue text. A bidirectional LSTM (Bi-LSTM) can capture bidirectional
entity information accurately, combine it with a conditional random field (CRF) to effectively carry out
NER. As shown in Table 6, BERT-BiLSTM-CRF obtains the best overall MER performance with an F1-score
of 90.50.

Table 6. Medical entity recognition.

Model Precision Recall F1-score
CRF 80.32 81.45 80.88
BiLSTM 87.12 87.65 87.38
BiLSTM-CRF 88.35 88.87 88.61
BERT-CRF 89.56 88.78 89.17
BERT-BiLSTM-CRF 90.34 90.67 90.50

5.3. Dialog Strategy Learning

Given the conversation history H, and the current intent, the dialogue policy learning task aims to
generate the next action A, which is represented as a set of slot-value pairs. The main models are as
follows:

(1) Bert-WWM [34], based on BERT, adopts the Chinese full-word mask method to conduct a pre-
training model.

(2) PCL-MedBERT [37] is a retrained language model in the medical domain.
(3) GPT-2 [38] is a one-way transformer model that uses autoregression.

(4) In contrast to GPT-2, DialoGPT [39] is pre-trained on large-scale dialogues and can capture more
fine-grained dialogue flows.

As shown in Table 7, PCL-MedBERT vyields the highest Action Precision (50.34), while BERT-wwm
achieves the best Action F1 (49.98).
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Table 7. Dialog policy learning.

Model Action_Precision Action_Recall Action_F1
BERT-wwm 48.89 51.14 49.98
PCL-MedBERT 50.34 47.96 49.12
GPT-2 38.21 41.56 39.81
DialoGPT 39.65 41.89 40.74

5.4. Medical Text Generation
Main experiment: The main models are as follows:

(1) Seq2Seq [40] is a model with an attention mechanism. An encoder and decoder are used to
complete the training task, transforming one input sequence to another.

(2) HRED [41] uses a hierarchical encoder to encode the history of the doctor—patient conversation so
that the sentence-level representation of the preceding and subsequent messages can be obtained.

(3) GPT-2 [38] is a one-way transformer model that uses autoregression.

(4) MOSS [42] is a modular supervision network model in which an encoder-decoder training
framework is used to identify the medical entities in a response using conversation-state tracking.

(5) MedDGBERT-GPT [6] uses MedDGBERT to encode a history of doctor-patient conversations.
MedDGBERT is pre-trained using the MedDG dataset [6], and then GPT is used to generate final responses.

Table 8 presents the performance results of the comparison model (* indicates statistical significance,
p < 0.05). It shows that the entity-aware medical dialogue model with knowledge integration proposed in
this study outperforms other models on BLEU@N, distinct@N, and F1. Here, F1 is the entity-level F1 score
computed on medical entities in the generated responses, using exact word matching against the reference
entities. The proposed model shows better performance, which verifies its effectiveness.

Table 8. Performance comparison.

Model BLEU1 BLEU2 BLEU3 BLEU4 Distinct1 Distinct2 F1

Seq2Seq 19.24 13.32 9.54 6.38 0.57 5.14 14.32
HRED 23.35 16.74 12.44 8.57 0.65 6.96 15.14
GPT-2 26.33 19.54 15.37 11.25 0.77 11.10 16.23
MOSS 28.47 21.32 17.23 13.64 0.74 10.92 17.54
MedDGBERT-GPT 30.56 23.78 19.43 15.45 0.53 10.94 18.23
Ours 31.67* 24.85* 20.52* 16.56* 0.79* 11.14% 20.43*

Note: F1 denotes the entity-level F1 on medical entities in generated responses.
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Ablation experiment: To further evaluate the effectiveness of different components in the proposed
model, we conduct two ablation settings. w/o KG Embedding represents the model with the knowledge
graph embedding module removed, while retaining the entity prediction and fusion modules. w/o
Fusion Module represents the model with the coding fusion module removed. As shown in Table 9, both
ablation variants perform worse than the full model, demonstrating the effectiveness of each component.
Specifically, w/o KG Embedding yields the largest performance drop, indicating that the knowledge
graph embedding module provides useful structured medical knowledge and entity relations for response
generation. w/o Fusion Module also performs worse than the full model, suggesting that the coding
fusion module plays an important role in integrating dialogue context, predicted entities, and knowledge
information. Overall, these results verify that both the knowledge graph embedding module and the fusion
module contribute substantially to medical dialogue generation.

Table 9. Ablation analysis.

Model BLEU1 BLEU2 BLEU3 BLEU4 F1

w/o KG Embedding 30.78 23.69 19.47 15.67 18.12
w/o Fusion Module 31.13 24.52 20.32 16.28 19.67
Ours 31.67* 24.85* 20.52* 16.56* 20.43*

5.5. Example Analysis

In this study, we developed a WeChat mini program to evaluate medical dialogue generation. The
medical dialogue system comprises three modules: the NLU module, which obtains the intention
expressed in the patient text and extracts the corresponding medical entity; the knowledge fusion
module, a fusion of the current questions, predicted entities, dialogue history text, entity relationship,
and role information; and the dialogue generation module, which converts the fused information into
understandable text information.

The example of the proposed model presented above shows that the doctor role is well-modelled
and that the generated results contain information that is richer and more coherent than the results of
prior models.As shown in Figure 6, the deployed WeChat mini program demonstrates the capability of
generating coherent and medically relevant responses in an online setting.
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Figure 6. WeChat mini program effect figure.

6. CONCLUSION AND FUTURE WORK

This study provides a multi-task multi-label medical dialogue dataset as an important basis for the
construction of a more effective medical consultation system. The current generation of medical dialogue
is beset with problems, such as insufficient medical entities in responses and chaotic relationships
between medical entities, which reduce the credibility of medical dialogue generation and affect patients’
judgment. To solve these problems, this study proposes a medical dialogue text generation model based on
knowledge fusion. The study’s main findings are as follows: (1) The knowledge representation of medical
dialogue datasets in previous studies is incomplete and has problems, such as a single label or a single
training task. (2) Relationships between medical entities are disordered in previous studies. This study
corrects the relationships between entities by embedding knowledge. (3) The study increases the number
of medical entities in responses through the fusion module and entity prediction. (4) This study built a
gastroenterology dialogue dataset, tested the performance of various medical conversion tasks, and can
conduct a dialogue online.

The model in this paper was trained on a single NVIDIA RTX 3090 GPU (24GB). And actual online
deployment was carried out using WeChat mini programs, which can respond to patient needs in real
time. It can address the practical needs of gastrointestinal patients, and in the future, we hope to build a
single model medical dialogue system for general medical departments, which can reduce the training
cost of the model while ensuring generalization accuracy through transfer model. Utilize unsupervised
data or manual feedback data for continuous learning to further improve performance.
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