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ABSTRACT

This paper defines doctor-patient interaction from the perspectives of interaction form and
maintenance of patients’ health respectively, and also constructs a doctor-patient interaction
discourse model. Based on the data mining technology to obtain the research data, the acquired data
are preprocessed and stored in the form of dataset. Bi-LSTM is used to extract topic sentence features
from the dataset, and the unsupervised pattern is transformed into a self-supervised pattern through
the training and learning of auxiliary tasks to complete the construction of the discourse model of
doctor-patient interaction based on topic structure. Combined with the processing flow of natural
language processing and semantic technology, the communication strategy generation system for
doctor-patient interaction discourse is designed, and finally the communication strategy based on
natural language technology is researched and analyzed. There are significant differences between the
experimental group and the control group in terms of expression ability and cognitive level (P<0.05),
which concludes that compared with the traditional discourse model, the doctor-patient interactive
discourse model has a higher priority, and it can effectively improve the expression ability and
cognitive level of the patients' medical terminology. On the CMedQA2.0 dataset, the average
performance of this paper's model is improved by 46.34% compared with the baseline model GPT-2,
indicating that this paper's model has excellent performance. Under the condition of Chinese participle
and topic extraction fusion, the average accuracy of this paper's system is as high as 85.02%, which
indicates that the system can provide doctors with precise communication strategies based on
patients' medical-related information, thereby effectively enhancing the discourse communication
skills in doctor-patient interactions.
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1. Introduction

Doctor-patient communication is a crucial part of modern medical service. Good doctor-patient
communication can enhance the trust and understanding between doctors and patients, so as to better
serve the patients. However, doctor-patient communication also faces many challenges, one of the
biggest challenges is the language barrier [1-4]. Doctors and patients come from different cultural and
linguistic backgrounds, which often leads to communication difficulties. With the rapid development
of the Internet and artificial intelligence technology, the healthcare field also faces new challenges and
opportunities [5-7]. In traditional healthcare services, patients usually need to go to the hospital in
person for consultation, which not only wastes time and money, but also increases the burden of the
hospital. Therefore, it has become an urgent task to construct a doctor-patient communication
strategy based on natural language processing [8-10].

Natural language processing technology is a kind of artificial intelligence technology that analyzes
and understands human language. It can transform human language into a form that can be
understood and processed by computers, thus realizing the interaction and communication between
computers and humans [11-13]. Natural language processing-based doctor-patient communication
strategies can utilize advanced artificial intelligence technology to help patients communicate better
with doctors and get timely and accurate medical guidance and advice [14-16]. This can not only
improve the efficiency and quality of medical services, but also reduce the burden of hospitals and
realize the rational allocation of medical resources. Therefore, the construction of communication
strategies based on natural language processing has important practical significance and application
value [17-19].

This paper designs the doctor-patient interaction discourse model to provide theoretical support
for the implementation of the subsequent research work. Data mining technology is used to collect the
research data of this paper, and data preprocessing is carried out to avoid the existence of interfering
information in the data. Using Bi-LSTM to encode the topic structure and select the candidate abstract
with the highest probability as the initial abstract, the construction of the doctor-patient interaction
discourse model based on the topic structure is completed through the training and learning of
auxiliary tasks, and the language modeling loss is also added to the model to make the model output
discourse more fluent and easy to understand. Combining natural language processing and the overall
design structure of the system to realize the doctor-patient interaction discourse communication
strategy generation system. The research object, environment configuration, and experimental tools
are identified to explore the communication strategies based on natural language technology.

2. Communication strategy construction based on natural language technology
2.1. Definition of doctor-patient interaction and its discourse patterns

2.1.1. Definition of doctor-patient interaction. In terms of the form of interaction, doctor-patient
interaction refers to an interpersonal relationship formed between doctors and patients through
verbal, behavioral, and psychological interactions based on the health and interests of the patient,
which is not a unidirectional, independent process, but rather a weekly process [20-21]. The current
main goals in the field of doctor-patient interaction include the following three aspects: to establish a
good interpersonal relationship between the interacting subjects, to promote the adequate exchange
of information between doctors and patients, and to allow patients to actively participate in relevant
decisions. From the perspective of maintaining patients’ health, doctor-patient interaction
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significantly affects the establishment of harmonious mutual trust between doctors and patients, and
it integrates the interactions of emotional, psychological, cognitive, attitudinal and behavioral
interactions between doctors and patients.

2.1.2. Discourse Patterns of Doctor-Patient Interaction. Traditional doctor-patient interaction is the
offline face-to-face communication between doctors and patients, although face-to-face interaction
can achieve verbal and non-verbal forms of interaction, to enhance the affinity between doctors and
patients, pulling the distance between doctors and patients, but there are certain drawbacks: not able
to overcome the time and geographic constraints, especially in areas where medical and health care
resources are relatively scarce, it takes a lot of time and financial resources to get access to medical
care. Due to the specificity of the disease itself, patients have more or less sense of shame, face-to-face
consultation rather make it more difficult for patients to accurately and objectively describe their own
conditions, missing the best treatment period. Offline consultation through verbal language
interaction, it is inevitable that there are patients' memory bias and can not get the doctor's
professional answer again, there is the possibility of ambiguous medical advice, which is not conducive
to the patient's treatment and recovery.

Compared with the traditional doctor-patient interaction, the doctor-patient interactive discourse
mode has obvious characteristics. Interaction content is richer and more objective. In traditional
doctor-patient interaction, the content of face-to-face conversation between doctors and patients is
only based on the memory of each doctor and patient, and the interactive content of the medical record
is richer and more objective. In traditional doctor-patient interaction, the content of face-to-face
conversations between doctors and patients is only based on the memory of each doctor and patient,
and the characteristics of the disease and medication of the patient are recorded in the medical record,
which can be accessed by the doctor and patient at any time to make up for the problem that the
content of the diagnosis and treatment cannot be clearly remembered by the patient during the offline
consultation and to realize a more accurate and comprehensive information exchange and knowledge
exchange between doctors and patients.

2.2. Data Acquisition and Preprocessing

2.2.1. Data acquisition. In this paper, we choose a well-known online medical community in China
as the research object, and write a Python crawler program to obtain the relevant data from September
13, 2022 to October 13, 2022 based on the front-end structure design of the platform's website. Due
to the nature of the website, the personal information related to doctors and patient-generated review
data are presented on the doctors' personal homepage or an interface is provided on the personal
homepage. Therefore, to achieve large-scale crawling of the data in this platform, firstly, we need to
obtain the URL of the doctor's personal homepage, and the best way to obtain the URL of the doctor's
personal homepage is to batch obtain the URL of the doctor's personal homepage from the
recommended doctor page of a certain disease according to the type of the disease as the classification
criterion; secondly, we enter the page through the obtained homepage URL, analyze the webpage
structure of the doctor's personal homepage, and write regular expressions to obtain part of the
doctor's Secondly, we analyze the structure of the doctor's homepage through the obtained homepage
URL and write a regular expression to obtain some data of the doctor, including the doctor's title,
education and hospital level, as well as the number of online consultations, the number of visits to the
homepage, the recommendation popularity and the number of awards. All the data obtained above are
divided into two datasets: doctor's personal information and patient's comments, and in order to
protect doctor's privacy, avoid problems such as repetition of doctor's name affecting the results of the
subsequent study, and to facilitate the merging of the relevant data of the two datasets, this paper
replaces the doctor's name with the doctor's ID as a primary key that can uniquely represent the
doctor's individuality.
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This study used Python web crawlers to collect publicly accessible doctor-patient interaction data,
strictly complying with platform service agreements and relevant laws. The collected data did not
involve personal privacy or sensitive information. The crawler program was optimized with frequency
limits to avoid disrupting platform operations. All data were used solely for academic research,
ensuring legality and compliance.

2.2.2. Data pre-processing. After all data acquisition is completed, data cleaning and pre-processing
is performed. This study utilizes MySQL database for data storage, cleaning, querying and providing
the interface that Python needs to call when analyzing the data. While ensuring the accuracy of data
processing, it greatly improves the efficiency of each link. On the one hand, the data in the doctor's
personal information dataset with multiple empty or zero key fields are deleted, and 6232 doctor's
personal information data records are finally saved. On the other hand, it deletes comments in the
patient comment data set that have less than 6 Chinese characters or contain illegal characters or emoji
expressions that interfere with subsequent text processing. Moreover, the same comments made by
the same patient to the same doctor are deleted based on the patient ID and other fields that can
uniquely represent the data, and 217,605 text comment data are ultimately obtained.

2.2.3. Textual disambiguation. In this study, we use Jieba, a lexicon for Chinese natural language
processing, to perform lexical processing on review data. The principle of lexical processing is to
convert text into a probabilistic language model, traverse the word map to find all word combinations,
and then form a directed acyclic graph (DAG), which is used to further maximize the cut combinations
based on the frequency of the words. jieba allows the developer to set up his own lexicon, add
deactivation and forced participles, and expand words and phrases that are not included in the lexicon
to improve the accuracy of lexical processing. And forced segmentation, expanding words not included
in the lexicon and words and phrases that cannot be segmented to improve the accuracy of
segmentation. Therefore, in this study, a special dictionary was constructed to add doctor's name,
patient's name, polite expressions, onomatopoeic words and other high-frequency participles not
related to this study to the deactivation dictionary, etc., to reduce word missegmentation and
unsegmentation.

2.3. A Discourse Model of Doctor-Patient Interaction Based on Thematic Structure

The self-supervised learning model of doctor-patient interaction discourse based on topic structure
will be highlighted, and the structure of the model is shown in Fig. 1, which divides the process into
two modules. The topic sentence extraction module labels the topic of each sentence, and due to the
characteristics of the doctor-patient scenario, there are only a limited number of topic types (personal
information, symptoms, present medical history, past medical history, examination results,
medication). Sentences with the same topic are put together to form a topic-structured text. The self-
supervised summary generation module constructs two auxiliary tasks, diagnosis extraction
generation (Task1) and diagnosis classification (Task2). The unsupervised model is transformed into
a self-supervised model by training and learning from the auxiliary tasks. Among them, the initial
abstracts need to be generated when the self-supervised abstract generation module is initialized. The
extraction of initial summaries can be viewed as a binary classification task of sentences, which will
be extracted as a replicative summary, using Bi-LSTM to encode the topic structure and select the
candidate summary with the highest probability as the initial summary. After obtaining the initial
summary, the optimization of the summary is guided by the learning of the two auxiliary tasks
mentioned above.



CONSTRUCTION OF COMMUNICATION STRATEGIES BASED ON 3093

- - -F-"-----"-"-""=""="-""="”"-"-""=-"-"--"-"=-"---F"-F-F"=--¥F"-”-¥-F¥-F"=-F-”--—-----------_-_-V—_-¥—_—_-_{_-_ - —-_—-—— N
: Topic Sentence Extraction Module |
|
| . Sentence topic___[ ) I
| Dialog ]7 TPyl Theme structure text |
| categorization | ) )
~—_—— e - Y ___ i ___________
T N . A T \
I Self-supervised
: summary encoder
| generation module ¢
decoder
v ) ¢

Diagnosis Summary of dialogues

€N Cres €N Csum

oouepms
Junroyruow-J[9§

| |
| |
| dec,es : | classifier ;s classifierq,y, :
| o !
| |
| |
| Taskl [« > || Task2 [« > |
| |
: v L6 v I : v Lrcu v I
| |
: LT Gres LT Gsum | : LT Cres LT Csum |
| |
| |

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
L
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
L

B
|
|
|
I ) )
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
4

—

—_——————ee— e — —

Fig. 1. Model structure

2.3.1. Topic Sentence Extraction Module. In this subsection, a multilayer LSTM is used for sentence
topic classification because it can handle both long-term and short-term temporal dependencies well.
The specific structure of the multilayer LSTM is shown in Fig. 2. After the input layer, there are two
LSTM layers which are then forwarded to the final output Dropout layer and Dense layer. The first
LSTM layer generates sequence vectors that will be used as input for the next LSTM layer. In addition,
the current LSTM layer receives feedback from its previous time step, so it can capture some of the
previous features and obtain features at a different scale [22]. The Dropout layer excludes 5% of the
neurons to avoid overfitting, and the number of nodes in the fully-connected layer is the number of
topics to be classified.
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Fig. 2. Multi-layer LSTM concrete structure

Self-supervised summary generation module. The self-supervised summary generation

module is shown in Fig. 3, and the self-supervised strategy stems from the idea that the diagnostic
results corresponding to the original dialog and the diagnostic results corresponding to the summary
should be similar, and that they are roughly equivalent to completing the auxiliary task. That is, the
summary generation module aims at generating summaries from the original dialogs and requires an
intrinsic supervision mechanism. In this generation process, two auxiliary tasks, diagnostic result
extraction generation and diagnostic result categorization, are constructed to transform the

unsupervised dialog summarization task into a self-supervised model through the learning of the
auxiliary tasks.
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Fig. 3. Self-supervised summary generation module

1) Auxiliary Tasks. Task1: Diagnosis result extraction. Since the content of the “disease” label in the
dataset is not standardized, in order to achieve better self-supervision, the content needs to be
extracted. In this section, a commonly used encoder-decoder structure is adopted, and the entire
dialog is connected and encoded using Bi-LSTM, where each word is represented by a concatenation

of forward and backward LSTM states, %, = [h,rﬁ e }

As for the decoder, a unidirectional LSTM with an attention mechanism is used in this section. the
attention distributions at context vectors ¢, and 4’ areshowninEgs. (1) and (2) below, respectively:

c, = an"aihi (1)

a, =o(hW,s,) (2)

where W, denotes the learnable parameters and o denotes the softmax function.
For the context vector and the current decoder state s,, the probability distribution used to predict
the output word ¥, on the vocabulary list is shown in equation (3) below:

P(yt)zU(Wp(¢(Wk[yz—l;sz;cr]+bk))+bp) (3)
where W,, W,, b, and b, are learnable parameters. 0 is the sofimax function and ¢ is the

tanh function.

In this section, the negative log-likelihood is used as the loss function and the loss of the task is
generated by the path enc,,, — dec,,, which is expressed as shown in equation (4) below:
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q
L’TG,ﬂ = _Z logp (lt |l<t ;encres ) (4)
=1

where [= {11,12,---,1,,} is the extraction of the generated diagnosis. Similarly, the generated dialog-
based summaries me are obtained by ernc,,, = dec,,, computing. In this section, the KL scatter
function is added to ensure that the diagnostic results based on the original dialogs and the diagnostic
results of the generated summaries have similar performance, and the effect is achieved by reducing
the difference between the predicted probability distributions of each time step, which is computed
as shown in Eq. (5) below:

Ly, = Zq: KL (p (lt |l<t ;enc,, )“p (lt |l<t enc,, )) (5)
t=1

The diagnostic results are extracted to generate the task loss expressed as shown in equation (6)
below:

LTG = a()LTGres + alLTGsum + a2LTG/d (6)

where ¢&,, &,and @, are each loss partweight.
Task2: Select the correct diagnostic result among the K candidate results, similar to the coding
process in Task1 above, Bi-LSTM is selected as the encoder in this section. The dialog diagnostic result,

denoted /,, is the average of the hidden states of each word. In addition, each candidate is also
encoded by Bi-LSTM and projected by the logic layer into a dense vector, which is then connected to

h,, denoted [f(uc,-);hd } . The loss formula based on the dialog diagnostic result is shown in equation
(7) below:

LTcm = _2:1 log (p (Zn )) (7)

where p(z,) is the output probability of the candidate outcome. L;c ~ The diagnostic results are
selected through enc,,, — classifier,,, paths.

This section also uses KL dispersion to measure the difference between what the diagnostic
results are extracted from and the diagnostic results selected by the summary, which is calculated as
shown in equation (8) below:

Ly, =KL (p (uc’“)

‘p (uc””” )) (8)

where p(uc'w) and p (MCW ) are K candidate outcome probability distributions. The loss function
of the final classification result is shown in equation (9) below:

L =l + by, + sy, (9)

where ¢, @,,and & are eachloss component weight.

2) Self-supervised summarization. For the initial summary, this subsection treats the section as a
sentence binary classification task, which means that the extraction of the conforming summary
results is treated as a replicative summarization. Specifically, this section encodes the topic-structured
text using Bi-LSTM and represents them as hidden states #,%,,...,4,_; and then as a representation
of the content by averaging the pooling of cascaded hidden states across the text, expressed as shown
in equation (10) below:

= ( %2[@?‘”"’;@’“”}1)‘,} (10)
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where W, and b, are learning parameters and ¢ is a tanh function. For topic-structured text
categorization, each topic-structured text is connected to a dialog representation 4. And the logical
layer predicts the generation probability as shown in equation (11) below:

p(u, =)=y (W,h +hW,d+b,) (11)

Where, W,, W,,, b, arelearning parametersand ¥ is sigmoid function.

In this section, the candidate summary with the highest probability is selected as the initial summary.
After obtaining the initial summary, the extraction of the summary can be guided under self-
supervision. Specifically, in order to obtain effective results and similar performance, the auxiliary task
optimizes the first few generated summaries. Thus the training loss for the diagnostic result extraction
generation task and the summary classification task is expressed as shown in equation (12) below:

L. =L +L (12)

The abstraction process for generating the final summary follows the traditional encoder-decoder
structure, and for each time step, the word prediction probabilities are similar to Eq. (3), which are
calculated as shown in Eq. (13) below:

p(y[)za(Wp<¢(Wk[y,_l;s,;c,]+bk))+bp) (13)

During forward training and testing, this section uses the reparameterization technique as an
approximation to the variance of sampling from the original probabilities, specifically, converting the
sampled words to obtain 38 MaxX constraints from the new probabilities and discretizing the ¥
using argmax ‘which reduces to the following equations (14) and (15):

5, = argmax (log (p(»,))+¢) (14)

g =—log(~log(&)),£~U(0.1) (15)

where & is the ST contribution and U is the contribution after unification. As for computing the
gradient in the backpropagation, this section uses the continuous differentiable approximation of

argmax  as shown in Eq. (16) below:
eXp((log(p(yf )+ )/f)

P(yj = (16)

;exp((log(p(yf )+, )/T)

where \V\ is the vocabulary size and 7 € (0,00) is a temporary parameter.
Fluent summaries are generated by adding a language modeling loss, which predicts outputs more
closely to the fluent text, as computed in Eq. (17) below:

Ly, =KL(p(3)]|pm (1)) (17)

where p,, (y,) denotes the distribution probability of the output word in the language model.
Therefore, the final training loss for self-supervised dialog summarization is shown in equation (18)
below:

L = Lext + a6le (18)

where ¢ isthe normalized weight.



3098 CAO ET AL.

2.4. Design and Implementation of Strategy Generation System

The system design of XACML (eXtensible Access Control Markup Language) policy generation system
based on natural language processing needs to consider many components of policy editing, both the
processing flow of natural language processing and the implementation details of semantic technology,
and the use of these two technologies in combination to realize the access control policy needs to be
logically technologically relevant, so that in the process of implementation it can make the close joining
of functional units in the process.

2.4.1. Systemarchitecture. This subsection will focus on the design of the strategy generation system,
which includes both the overall structural design of the system, as well as the detailed design of each
functional module and the technical problems that need to be solved. The structural design of the
system is based on the natural language processing process to achieve the Chinese word segmentation,
semantic annotation, ontology storage and the final strategy file generation, the system takes the
functional requirements as the design goal, combines the existing technology and tools to carry out
the combination and scheduling of the tool functions, so as to make the required functional modules
linkage and combination, and to realize the design goal of the strategy generation based on the natural
language processing.

2.4.2. Composition Logic of Strategy Generation System. Combining XACML technology and
ontology technology, which are two different technologies, needs to have similar feasibility on the
logical level and composition basis, ontology technology and XACML are the same on the bearing basis,
both relying on XML as the bearing basis, so in this paper, this idea of using semantic technology to
solve the problem of XACML's strategy generation is feasible on the basis of theory and realization. The
logical framework of the strategy generation system designed in this paper is shown in Figure 4.
Logically using XACML in combination with OWL to link the strategy editing with the internal
communication execution system. The strategy system combining XACML and OWL is divided into
three levels:

1) Editing environment: the editing environment supports technical specifications such as access
control policies, role hierarchies and constraints. This is also the design goal of the system in this paper,
and the main focus here is on describing and modeling the restrictions and constraints in the policy
content.

2) System Information Repository: The system information repository stores OWL ontologization
relations and XACML policy files. The system information base cannot be directly accessed by the user,
but the user can manage the system information base by editing the environment.

3) Execution system: policies and ontologies are utilized by communication requests at the execution
level. The execution system contains the core engine of XACML, which is extended with additional
modules for semantic processing duties and obligations according to the reference architecture of
XACML. The execution system receives the incoming communication requests and the execution
strategy evaluates the semantic functions and obligations of the ontology invoked through the query.
The result is a final approval decision for the execution process.



CONSTRUCTION OF COMMUNICATION STRATEGIES BASED ON 3099

£ Strategy Editor
g Access Role .
e . . traint
E Control Pohcy] Hierarchy ] [ Constraints ]
5] T AN
o
=
Ijg Role
3] Generator
o
5]
=
g v v v
e 2
E 3 XACML OWL
m
g X
2
)
=
3
g» Authorization Functional Responsibility Decision
5 Requests Evaluation Assessment
§ Strategy Assessment
o
&

Fig. 4. The logical framework of the policy generation system

3. Example analysis of communication strategies based on natural language
technologies

3.1. Analysis of the effects of the doctor-patient interactive discourse model

3.1.1. Subject of the study. In order to verify the effectiveness of the doctor-patient interactive
discourse model, 50 doctors in a hospital were selected as the sample of this study, and the sample
was divided into an experimental group (this paper's discourse model: 25) and a control group
(traditional discourse model: 25). The experimental group and the control group were respectively
subjected to experimental intervention for a period of time, and the effectiveness of the doctor-patient
interactive discourse model was confirmed by analyzing the difference in effect between the
experimental group and the control group after the intervention.

3.1.2. Analysis of variances. Based on the questionnaire to obtain the quantitative value of the
intervention effect of the experimental group and the control group, the intervention effect is mainly
reflected in the expressive ability and cognitive level, and the analysis of the difference between the
intervention effect of the experimental group and the control group is shown in Fig. 5, in which (a)~(b)
are the expressive ability and the cognitive level respectively, and the EG~CG sub-tables in the figure
indicate the experimental group and the control group. It can be clearly seen that after a period of
teaching intervention, there is a significant difference between the experimental group and the control
group in terms of expression ability and cognitive level (P<0.05), which indicates that compared with
the traditional discourse mode, the doctor-patient interactive discourse mode has a higher priority,
just as described in subsection 2.1.2 (the doctor-patient interactive discourse mode compensates for



3100 CAO ET AL.

the difficulties in the communication and exchange between the doctor and the patient and realizes a
more accurate communication and exchange of information and knowledge between the doctor and
the patient, comprehensive information exchange and knowledge exchange between doctors and
patients, and improves the doctors' ability to express medical terminology and cognitive level).

20

T : 4 T ;
EG(13.85+2.07) CG(7.39+1.98) EG(15.11£2.33) CG(7.39+1.98)
(a)Expressive ability (b)Cognitive level
Fig. 5. Difference analysis of intervention effect

3.2. Model validation analysis

3.2.1. Experimental design. For topic-structured doctor-patient interaction discourse based on topic
structure, this section also chooses to conduct experiments on MedDialog, CMedQAZ2.0, and
CovidDialog Chinese doctor-patient dialogues datasets, and employs several models for experimental
comparisons, including Transformer, GPT2, and BERT-GPT2 models. The effectiveness and
generalizability of the modeling approach in this paper is verified by comparing the performance
advantages and disadvantages between the models in detail.

3.2.2. Experimental results. In the experiments, this section is evaluated using several automated
metrics. These include Perplexity, which measures how difficult it is for the model to predict the next
word in a given corpus, with lower perplexity indicating greater coherence of the generated text, BLEU,
a similarity metric measuring the similarity between the generated text and the reference text (which
measures the accuracy between the actual sequences on the ground and the sequences generated by
the model's response, and mainly considers the results of BLEU-2 and BLEU-4.) as well as the
generated text quality metrics Meteor (an exact match is the portion of the automatically generated
summary that is exactly the same as the words in the reference summary), NIST (the BLEU metric
differs in that it weights phrase matches with a decreasing factor, which means that longer phrase
matches are more important than shorter phrases). As well as the Distinct metric (a metric for
evaluating lexical diversity in the generated discourse, which essentially measures the number of
unique words in the generated discourse as a proportion of the total vocabulary. When n=1, the ratio
of the number of distinct individual characters in the generated text to the total vocabulary is evaluated,
in which case the evaluation metric only takes into account the diversity of individual words without
considering the way the words are combined with each other, and when n>1, the way n consecutive
words are combined is taken into account, which better captures the contextual and linguistic
information of the text, and in the experiments in this paper, the cases of n=1 and 2 are considered).
The performance results on the MedDialog dataset are shown in Fig. 6, where this paper's model
significantly outperforms the other compared models in the NIST_4 and Dist_1 metrics, where it
improves 73.4% and 248% compared to the Transformer comparison model, and 54.9% and 175% on
average across all model comparisons. The performance in the BLEU evaluation metrics decreased
compared to the BERT-GPT2 model, and it is possible that the BERT-GPT2 model adopts the BERT
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coding module, which extracts more obvious semantic information. However, the average
improvement over the baseline model GPT-2 is 4.73%.
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Fig. 6. The results are displayed on the MedDialog dataset

Figure 7 shows the comparison of the results of the evaluation metrics for the CMedQA2.0 dataset.
The model in this paper outperforms all other comparison models in all comparison metrics.
Compared with the baseline model GPT-2, the average performance is improved by 46.34%. Compared
with the BERT-GPT2 model, which has close performance in metrics, the performance is improved by
11.75% on average.
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Fig. 7. Comparison of evaluation index results of CMedQAZ2.0 dataset

Figure 8 shows the comparison of evaluation metrics results for the CovidDialog dataset. This
paper's model outperforms the other compared models in the BLEU_2, BLEU_4, and Dist_1 metrics,
outperforming the BERT-GPT2 model, which has close experimental results, by 1.87%, 0.17%, and
3.26%, respectively. In the comparison of NIST_4 and Dist_2 metrics, the BERT-GPT2 model produced
optimal results compared to the other models, outperforming this paper's model by 2.68% and 1.6%,
respectively, and it is possible that the BERT-GPT2 model is more suitable for the experimental dataset
in both metrics. Comparing to the baseline model GPT-2, this paper's model has an advantage in the
performance of all the compared evaluation metrics with an average improvement of 45.4%. In terms
of perplexity, this paper's model outperforms the other compared models in all relevant experimental
datasets, with an average of 44.9% higher compared to the baseline model GPT-2. Lower perplexity
indicates that the model is better at predicting a given sequence and is able to produce a smoother as
well as more coherent output when generating discourse. The model in this paper is able to more fully
utilize the expertise in the medical domain, which improves its semantic comprehension and
generation ability in the task of generating medical dialogues and facilitates interactive
communication between doctors and patients.
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Fig. 8. Comparison of results of evaluation indicators of the CovidDialog dataset
3.3. System testing

3.3.1. Environment configuration. After in-depth understanding of the realization mechanism of the
dialogue system, it is first necessary to make relevant configurations of the running environment to
ensure the stable operation and efficient performance of the system, in which the deep learning
framework uses Pytorch, the operating system Win10, the use of the language python3.7, and the
running environment Anaconda3.

3.3.2. Test results. First, we randomly selected 200 test samples from the previous dataset, and
conducted a comprehensive test of the entire strategy generation system. The test results of the
strategy generation system are shown in Fig. 9, where (a) to (c) denote the average precision, recall,
and accuracy, respectively. The testing process uses the three evaluation indexes of precision, recall,
and average precision to test the effect of Chinese segmentation and topic extraction on strategy
generation, and the average precision based on Chinese segmentation is as high as 63.57%, the average
precision based on topic extraction is as high as 43.68%, and the average precision of the two together
is as high as 85.02%. The doctor-patient dialog generates responses that are consistent with the
context of the conversation and relevant knowledge to the real medical context, allowing users to
engage in multiple rounds of dialog with the smart doctor to ensure the completeness and accuracy of
the information. It solves the problems of uneven distribution of medical resources and difficult
communication between doctors and patients due to limited medical resources, and realizes the
interconnection of information between doctors and patients, enabling the smart doctor to assist
doctors in providing patients with relevant medical information and advice, and satisfying some of the
patients' inquiries.
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Fig. 9. Policies generate system test results

4. Conclusion

In this paper, we collect research data with the help of data mining technology, and perform pre-
processing operations such as text segmentation, de-duplication, and de-duplication to complete the
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construction of the discourse model of doctor-patient interaction based on topic structure. After that,
natural language processing technology is used to design and implement the doctor-patient
communication strategy generation model. Synthesizing the above theories, the communication
strategy based on natural language technology is analyzed by example. On the CMedQAZ2.0 dataset, the
model in this paper improves the average performance by 46.34% compared with the baseline model
GPT-2. Compared with the BERT-GPT2 model, which is close in metric performance, the performance
is improved by 11.75% on average. It shows that the model in this paper can more fully utilize the
expertise in the medical field to improve the communication ability of doctor-patient interactive
discourse. The average accuracy of the fusion of Chinese word splitting and topic extraction is as high
as 85.02%, which realizes the interconnection of doctor-patient information, enabling the smart
doctor to assist the doctor to provide relevant medical information and strategies to the patient, and
to better promote the interactive communication and development of the doctor-patient interaction.
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