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Abstract—Applying Artificial Intelligence (AI) techniques such
as natural language generation in assisting medical treatment and
diagnosis has made distinguished progress. One such technique
is dialogue generation. The application of a medical dialogue
system in assisting medical treatment has great potential to
explore. This paper serves as a survey of digging application
of AI techniques in knowledge-grounded dialogue generation
for medical conversation systems. Meanwhile, we provide an
academic visualization method to present such references.

Index Terms—Dialogue generation, Medical conversation sys-
tem, Knowledge-grounded dialogue generation

I. INTRODUCTION

The growth of AI technologies in the medical field has
gained growing attention over recent years. Natural Language
Processing (NLP), as a critical technique in AI, helps com-
puters communicate with humans by processing information
and generating responses in natural language. In the medical
field, NLP has been applied to the development of clinical
decision support systems, Electronic Health Records (EHR)
processing, as well as medical chatbots, which can com-
municate with patients like a human doctor does. However,
most medical dialogue systems use rule-based or template-
based approaches for response generation, which require large
datasets of sentence templates and raise privacy concerns [24].
Therefore, research on automatic response generation systems
that do not rely on templates has become a popular topic in
building knowledge-grounded medical dialogue systems. The
work of [6] contributes the first successful case of Pre-Trained
Models (PTM) for NLP, the PTM such as BERT [7], Sequence
to sequence PTM [28] has made significant success in many
NLP task [26]. In this survey, we aim to provide an overview
of recent research in knowledge-grounded dialogue generation
for medical conversations, including medical conversation
systems, dialogue generation approaches and designs, as well
as evaluation metrics and datasets.

In this survey, we adopt data visualization as a method to
present a graphical overview of our references. As interest
grows in interpretable and trustworthy AI, the discussion
on how to apply data visualization methods within AI de-
velopment has intensified across both data visualization and
AI domains. Notable examples of such approaches include
the work contributed by Alhabi et al. [3] who provide a
comprehensive visualization of an NLP experiment. The re-

search of [29] serves as a literature review on visualizing
EHRs and EHR datasets. They also provides an interactive
visualization tool for both the EHR references and the EHR
dataset. Inspired by the work such as [4], [23], [29], we
adopt SurVis as our visualization tool for reference resources.
This approach enables readers to quickly gain the patterns
within the reference data, further emphasizing the role of
data visualization as an effective tool in understanding and
interpreting complex data.

The contributions of this unique survey include:
• A survey on knowledge-grounded medical dialogue gen-

eration system
• A novel view adopting visualization tool to analyze the

references in the survey
• To our best knowledge, we are the first to explore the

application of data visualization in the area of medical
dialogue generation

II. MEDICAL CONVERSATION SYSTEMS

In recent times, NLP researchers have expressed a growing
interest in generating medical conversations [19], [30], [31].
This is not just because it can automatically generate diag-
nostic reports, but also because it streamlines the diagnostic
process by asking patients for additional symptoms and data
during the conversation [12]. Additionally, it assists healthcare
professionals like doctors and nurses in managing complex
illnesses by expanding and keeping the knowledge system
up to date. According to the different ways of implementa-
tion technology, dialogue systems can be divided into two
types: end-to-end and pipeline [34]. Although works of [33]
attempted to apply end-to-end methods to evaluate medical
datasets performing on the LM, recent medical dialogue
systems adopted pipeline methods in designing their dialogue
system. The tasks to build and improve a medical conversation
system mainly focus on natural language understanding (NLU)
and dialogue management (DM) [18]. In addition, the medical
conversation system can be enhanced by using numerical
solutions for natural language understanding (NLU), such as
the implementation of named entity recognition (NER) for
medical terms [1], entity inference [10], [19], and symptom ex-
traction [9]. Reinforcement learning (RL) driven task-oriented
dialogue systems are mostly used for Dialogue Management
(DM) [8], [15]. The use of RL was employed in the research



described in reference [30] to improve the effectiveness
of automated diagnosis by training the dialogue policy. Re-
searchers working on [31] proposed techniques for integrating
knowledge reasoning into DM by utilizing Reinforcement
Learning RL.

The work of [5] proposes a novel approach to automatic
medical diagnosis by reformulating it as a symptoms Sequence
Generation (SG) task. They introduce a simple yet effective
model, called Diaformer, based on the Transformer archi-
tecture, which incorporates a symptom attention framework
to learn the generation of symptom inquiries and disease
diagnoses. To address the challenge of implicit symptoms
and their disorder in a sequential generation, they also de-
sign three orderless training mechanisms. The experiments on
three open-resource datasets demonstrate that the proposed
model outperforms the baselines on disease diagnosis, with
the highest training efficiency. Additionally, the authors show
the potential of applying symptom sequence generation for
automatic diagnosis by analyzing the prediction of symptom
inquiries.

Luo et al. [22] hypotheses using automatic symptom de-
tection as a task in the area of the medical dialogue system,
in which a system can be built to chat with patients while
detecting and gathering symptoms information automatically.
The system is fine-tuned to collect implicit symptoms by
asking questions. The decision system is then guided by
certain knowledge and collects as much as information. In this
way, the system is able to assist the human doctor by collecting
as much patient information as possible. Two different models
and a training pipeline, along with a knowledge graph for
additional inputs are presented accordingly.

Wei et al. [30] describes a task-oriented dialogue system
framework for automatic diagnosis, which is based on a dataset
collected from an online medical forum. The system, by means
of convers with users, collects additional symptoms beyond
their self-reports and make a better diagnosis. Experimental
results show that additional symptoms extracted from a conver-
sation greatly improve the accuracy for disease identification.

III. KNOWLEDGE-GROUNDED DIALOGUE GENERATION

One of the reasons that the medical conversation system
cannot replace real human doctors in the diagnosis is that
existing conversation systems lack medical knowledge which
can lead the system to accurate diagnosis results. Hence,
research on incorporating medical knowledge into the dia-
logue generation system has become challenging. The goal of
knowledge-grounded dialogue generation is to create relevant
and valuable responses by taking into account both the ongo-
ing conversation and information from external sources [16].
In the medical domain, the PTM has been proved efficient [13],
[25]. Existing approaches to diagnosis for dialogue systems
mainly rely on knowledge-grounded methods such as [20]
and [17].

Xu et al. [31] discusses the development of an End-to-End
Knowledge-routed Relational Dialogue System (KR-DS) for
medical diagnosis, which integrates a rich medical knowledge

graph into the dialogue management process to make the
system more cooperative with natural language understanding
and natural language generation. The paper introduces a novel
Knowledge-routed Deep Q-network (KR-DQN) to manage
topic transitions in the dialogue system. The experiments
conducted on a public medical dialogue dataset demonstrate
the superiority of the KR-DS over state-of-the-art methods by
more than 8% in diagnosis accuracy. As a result, the paper
shows the effectiveness of the proposed KR-DS on a newly
collected medical dialogue system dataset that retains the
original self-reports and conversational data between patients
and doctors.

Liu et al. [21] put forward to a multi-stage prompting
approach to generate knowledgeable responses from a single
pre-trained language model (LM). The approach leverages
the inherent knowledge stored in the pre-trained LM and
its powerful generation ability to address the limitations of
existing knowledge-grounded dialogue systems. The proposed
method outperforms the state-of-the-art retrieval-based model
when combining knowledge relevance and correctness. The
paper also demonstrates the effectiveness of scaling the model.

Shalyminov et al. [27] presents the Dialogue Knowledge
Transfer Network (DiKTNet), a state-of-the-art approach to
goal-oriented dialogue generation that only uses a few example
dialogues, none of which need to be annotated. The proposed
method reduces the amount of data and annotations necessary
for training goal-oriented dialogue systems, which is a central
research problem in the field. The proposed approach involves
performing unsupervised dialogue representation pre-training
on a large source of goal-oriented dialogues in multiple
domains and then training DiKTNet using this representation.
The paper demonstrates the effectiveness of the proposed
method on a benchmark dataset, showing that it outperforms
existing few-shot learning approaches by a significant margin.

Kao et al. [12] develops a context-aware hierarchical rein-
forcement learning scheme for symptom checking, which re-
sults in an improvement in the accuracy of symptom checking.
The paper highlights the two methods in boosting diagnosis
accuracy: by adding a latent layer using anatomical parts, and
by introducing ”context” into the model so that the model is
empowered by context-aware ability. This research proposes
a master model that coordinates anatomical part models to
perform symptom checking, resulting in improved diagnostic
accuracy with a similar or fewer number of symptom inquiries
compared to previous work.

IV. EVALUATION METRICS AND DATASETS

Evaluation Metrics Studies were identified by searching
7 bibliographic databases (eg, MEDLINE and PsycINFO)
in addition to conducting backward and forward reference
list checking of the included studies and relevant reviews.
The studies were independently selected by two reviewers
who then extracted data from the included studies. Extracted
data were synthesized narratively by grouping the identified
metrics into categories based on the aspect of chatbots that
the metrics evaluated. Evaluating the medical conversation



systems is difficult due to their highly strict requirements
for accuracy in diagnosis results. Research around medical
conversation systems adopts both automatic evaluation and
human evaluation to measure their results generation from
dialogue systems, such as [31], [33]. The reason for this is that
the sentences generated by the dialogue system are different
in automatic evaluation metrics from in human evaluation
benchmarks.

In the work of [2], the authors conducted a review of 65
health chatbot studies that were evaluated using 27 technical
metrics. The metrics were related to chatbots as a whole,
response generation, response understanding, as well as es-
thetics. The technical metrics of health chatbot studies were
diverse, with survey designs and global usability metrics dom-
inating. The lack of standardization and paucity of objective
measures make it difficult to compare the performance of
health chatbots and could inhibit the advancement of the
field. They suggest that researchers more frequently include
metrics computed from conversation logs and recommend
the development of a framework of technical metrics with
recommendations for specific circumstances for their inclusion
in chatbot studies.

Datasets Datasets for creating medical dialogue systems
are difficult to access. On one hand, most of the dataset
required is in the format of doctor-patient conversations which
involves the privacy of both sides. On the other hand, accessing
medical-related datasets normally costs a lot of money. We
collected 4 public medical datasets which can be applied to
fine-tune language models to accomplish medical conversation
generation. In the Table I, every dataset is accessible with a
hyperlink on resource name. Each resource is categorized by
according to the content and format of the data. An application
column is also introduced to link the resource to the possible
module in this research.

TABLE I
THE ANALYSIS OF DATASET COLLECTED FROM EXISTING PUBLISHED

WORK.

Resource Name Category Citation Application
MedDialog Dialogue [33] DG
Respiratory Dialogue Dataset Dialogue [11] DG
ReMeDi Knowledge [32] DM
COVID19 Medical Dialogue Dialouge [35] DG
KaMed Dialogue [14] DG
MedicalChatbot-HRL Knowledge [30] DM

MedDialog [33] is a large medical conversation corpus that
contains a Chinese conversation dataset and a English con-
versation dataset. In the English corpus, 0.26 million doctor-
patient conversations, 0.51 million utterances, and 44.53 mil-
lion tokens are contained. The dataset refers to more than 90
types of diseases. The dataset collected from online commu-
nities, which leads to the conversation contains only several
rounds between doctors and patients.

Fareez et al. [11] provides a medical conversation dataset
containing 272 mp3 audio files and the corresponding tran-
script text files, which are categorized into six disease cat-

egories: respiratory, gastrointestinal, cardiovascular, muscu-
loskeletal, dermatological, and miscellaneous. This dataset is
in a simulation scenario in which a group of medical students
are taking Objective Structured Clinical Examination (OSCE)
and resident doctors are querying them following an overall
format of elucidating the needed pertinent information.

ReMeDi [32] is another medical dataset that comprises
96,965 conversations between medical professionals and pa-
tients. It includes 1,557 conversations that have been labeled in
detail and covers 843 types of diseases, 5,228 medical entities,
and 3 specialties of medical services in 40 domains.

The work of [35] also contains an English medical dialogue
dataset related COVID-19 and other kinds of pneumonia. The
dataset contains 603 consultations. This dataset focuses on
COVID-19 only in which patients are worried about their
symptoms and query on the online platform about their sit-
uation.

Wei et al. [30] contribute a dialogue dataset that comes
from the pediatric department in a Chinese online healthcare
community. The researchers also annotate the datasets in terms
of symptom extraction techniques and symptom normalization.
Their experiments find out that extracting additional symptoms
from conversational data can significantly enhance the accu-
racy of disease identification.

V. VISUALIZATION OF THE MEDICAL DIALOGUE SYSTEM
REFERENCES

To get a better statistical view, we adopt SurVis [4], an
effective visualization tool for analyzing reference data, to
provide a visualization for our references. Detailed interactive
data visualization of the SurVis screenshot can be seen in
Figure 1. The application of the reference visualization tools
provides an intuitive vision for the references according to
time scale, authors, and titles of the references. The SurVis
visualization of the references resources can be accessed here:
https://med-survis.github.io/MeDialog-Survis.github.io/

VI. CONCLUSION

This paper serves as a survey that provides an overview
of the recent research on medical dialogue system. Three
main categories are presented and discussed. In addition, a
visualization of all the references is provided in the hope that
readers get an academic visualization view of the references
on the medical dialogue system. In the future, we would like to
extend our research by incorporating the newest technologies
such as the application of large language models in the medical
dialogue system domain, and the relevant application of how
the large language model incorporates medical knowledge.
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