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Abstract
● AIM: To develop a traditional Chinese medicine (TCM) 
knowledge graph (KG) for diabetic retinopathy (DR) 
diagnosis and treatment by integrating literature and 
medical records, thereby enhancing TCM knowledge 
accessibility and providing innovative approaches for TCM 
inheritance and DR management.
● METHODS: First, a KG framework was established with 
a schema-layer design. Second, high-quality literature and 
electronic medical records served as data sources. Named 
entity recognition was performed using the ALBERT-BiLSTM-
CRF model, and semantic relationships were curated 
by domain experts. Third, knowledge fusion was mainly 
achieved through an alias library. Subsequently, the data 
layer was mapped to the schema layer to refine the KG, and 
knowledge was stored in Neo4j. Finally, exploratory work on 
intelligent question answering was conducted  based on the 
constructed KG.
● RESULTS: In Neo4j, a KG for TCM diagnosis and treatment 
was constructed, incorporating 6 types of labels, 5 types of 
relationships, 5 types of attributes, 822 nodes, and 1,318 
relationship instances. This systematic KG supports logical 
reasoning and intelligent question answering. The question 

answering model achieved a precision of 95%, a recall of 
95%, and a weighted F1-score of 95%.
● CONCLUSION: This study proposes a semi-automatic 
knowledge-mapping scheme to balance integration 
efficiency and accuracy. Clinical data-driven entity and 
relationship construction enables digital dialectical 
reasoning. Exploratory applications show the KG’s potential 
in intelligent question answering, providing new insights for 
TCM health management.
● KEYWORDS: diabetic retinopathy; traditional Chinese 
medicine; knowledge graph; intelligent question answering
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INTRODUCTION 

D iabetic retinopathy (DR) is a common and serious 
microangiopathy resulting from the chronic effects of 

diabetes mellitus and remains a leading cause of preventable 
blindness[1]. With increasing DR trends worldwide, its 
prevention, treatment, and associated costs have become 
a significant concern for public health. The currently 
recommended western medicine (WM) treatments include 
anti-vascular endothelial growth factor therapies, retinal 
laser photocoagulation, and vitrectomy, most of which target 
advanced disease and have long-term side effects[2-4]. As a 
result, the management of DR remains challenging. Traditional 
Chinese medicine (TCM), a time-honored medical system 
in China, has been extensively utilized in the treatment of 
DR, yielding promising clinical outcomes[5-7]. Based on rich 
clinical practice and experimental research[8-10], the unique role 
of TCM in delaying DR progression and improving vision 
has attracted worldwide attention. Additionally, TCM offers 
the advantages of being cost-effective and having fewer side 
effects[11]. Therefore, harnessing the full potential of TCM in 
the prevention and treatment of DR holds significant promise.
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However, the further development of TCM has encountered 
bottlenecks due to standardization issues. Therefore, to use 
TCM in a standardized and rational manner, it is crucial to 
synthesize the literature comprehensively and systematically. 
Nevertheless, the relevant literature is massive. Consequently, 
how to efficiently mine and utilize the literature has become a 
key issue. Modern information technology may offer a viable 
approach. The knowledge graph (KG), which transforms data 
into knowledge, is an emerging technology that can efficiently 
mine, represent, store, and present knowledge[12-13]. It is a large-
scale relational knowledge base based on semantic networks 
and can capture and express complex relationships between domain 
concepts, making it suitable for the field of TCM. Therefore, this 
study adopted a semi-automatic approach to systematically 
organize DR-related literature, combined with clinical practice, 
to preliminarily verify the theory of TCM diagnosis and 
treatment for DR and construct the KG. Finally, we conducted 
research on question answering as a preliminary evaluation and 
application, which could provide a more reliable, convenient, 
and acceptable tool for healthcare workers and DR patients.
Since the introduction of the KG concept by Google in 
2012, it has garnered significant attention and widespread 
application[14]. Among these, medicine is one of the most 
widely applied vertical fields for KGs. Recently, the 
application of KGs has garnered significant interest from the 
TCM community, prompting scholars to embark on research 
endeavors related to TCM knowledge graph. However, it is 
worth noting that the current research efforts are still nascent 
and encounter multiple challenges and constraints. To clarify 
current advancements and constraints, key studies[15-17] on TCM 
knowledge graphs are summarized in Table 1.
Overall, there are two main limitations to previous work on 
TCM knowledge graph construction. One focuses on the 
development of entity and relation extraction methods as 
well as model algorithms, which provides robust support 
for the discovery and reasoning of TCM-related diagnostic 
knowledge. However, due to the lack of standardized and 
comprehensive modeling strategies and processes, these 

studies have limited guidance for clinical applications[15,18]. 
On the other hand, there are studies on the construction of 
KGs tailored for specific domains, which pay more attention 
to data quality and often adopt manual methods. However, 
the efficiency and scalability of this approach are limited, 
making it difficult to handle large-scale and complex domain-
specific KG construction. To address these issues, this study 
explores semi-automatic methods to improve the efficiency 
of KG construction. Simultaneously, a systematic modeling 
strategy and process are developed to construct a KG that 
integrates disease characteristics, top-level expertise, and 
clinical relevance. Through these efforts, we can anticipate 
that TCM knowledge graph will play a greater role in clinical 
practice, providing strong support for the modernization and 
internationalization of TCM.
MATERIALS AND METHODS
Ethical Approval  The study protocol was approved by 
the hospital’s ethics committee (approval number: HN-LL-
YJSLW-2020-77). 
Knowledge Graph Construction Framework  KG 
construction includes schema layer and data layer. This 
study adopted a combination of “top-down” and “bottom-
up” approaches to construct the KG (Figure 1). “Top-down” 
is a method for constructing the conceptual framework and 
relationships of the KG based on expert experience. It was 
used to construct the schema layer. “Bottom-up” was used to 
build the data layer, mainly through knowledge extraction, 
knowledge fusion, and the design of the KG’s underlying 
storage model, to decompose concrete instance data and 
map them to the corresponding concept nodes, thereby 
complementing and improving the schema layer.
Design and Construction of Knowledge Graph
Schema layer  Based on expert experience, a total of 6 
types of concepts were ultimately defined, including disease, 
symptom, auxiliary examination, TCM syndrome, prescription, 
and drug. Five kinds of relationships between these concepts 
were formed, including contain, match, merge, diagnose, and 
treat. The specific design mode was shown in Figure 2.

Table 1 Related research on the construction of TCM knowledge graph

Study Objective Data source KG construction Strengths Limitations Application

Zhao et 
al[15]

Develop a TCM-KG for the 
diagnosis and treatment of 
DKD

C l i n i c a l  g u i d e l i n e s , 
consensus, and real-world 
clinical data 

Combine ontology 
and data mining

Association weights derived 
from data mining enriched 
DKD-KG relationships

Labor-intensive 
manual extraction

The discovery and sharing 
of diagnosis and treatment 
knowledge of DKD

Yin et al[16] Bu i ld  an  inte l l igence 
question answering system 
for hepatitis B based on 
the hepatitis B KG

Xunyiwenyao website and 
medical records

A  j o i n t  m o d e l 
leveraging a multi-
head mechanism

Combined with the cutting-
edge methods of current 
natural language processing 
technology

The amount of 
data is relatively 
small

The medical question 
answer ing  system of 
hepatitis B disease

Cheng et 
al[17]

Construct a stroke-specific 
medical KG for general 
q u e s t i o n  a n s w e r i n g 
applications

V e r t i c a l  m e d i c a l 
websites, crowdsourced 
encyclopedia websites, 
and the public knowledge 
base

S e m i - a u t o m a t i c 
l a b e l i n g  m et h o d 
a n d  d i c t i o n a r y 
construction

Similarity-based knowledge 
f u s i o n  a n d  e m b e d d i n g -
driven, iteratively optimized 
representations for precise 
entity associations

Limited types and 
quantity of data

The intelligent question 
answering system and 
auxiliary decision-making 
system of stroke 

KG: Knowledge graph; TCM: Traditional Chinese medicine; DKD: Diabetic kidney disease.

Traditional Chinese medicine knowledge graph of diabetic retinopathy
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Data layer
1) Data sources
a) Medical record data  In this study, we compiled a 
dataset comprising 6542 clinical records of DR patients in 
China. These records were collected from 2015 to 2021 and 
underwent a rigorous review process at the First Affiliated 
Hospital of Hunan University of Chinese Medicine. The data 
filtering criterion was that medical records lacking complete 
patient information, such as pulse condition, tongue condition, 
TCM diagnosis, and TCM prescription, were deleted. Finally, 
the manuscript used the medical records of 2904 patients 
that met the criteria. Each record contained the time of visit, 
age, sex, occupation, symptom description, medical history, 
anamnesis, diagnosis, TCM differentiation, prescription, and 
laboratory indicators, which are crucial for comprehensive 
analysis of DR patients.
b) Journal article  The literature was retrieved from the China 
National Knowledge Infrastructure database and Wanfang 
database. The specific retrieval strategies were formulated 
based on the research objectives, including the publication type 
(journal article), topic (DR), time (unlimited), and language 
(Chinese). Subsequently, publication related to TCM was 
retrieved from the results through a full-text search (retrieved 
on September 11, 2021). We exported the title, author, 

organization, keywords, abstract, and other information in a 
custom format to an .xls file for further data processing and 
analysis. After de-duplication using Python, a total of 4614 
articles were obtained.
c) TCM diagnosis and treatment plans, guidelines, and 
standards of DR  It mainly included Chinese Multidisciplinary 
Expert Consensus on the Prevention and Treatment of 
Diabetic Eye Disease (2021 Edition)[19], Traditional Chinese 
Medicine Diagnosis and Treatment Standards for Diabetic 
Retinopathy[20], Diagnosis and Treatment Scheme for 
Diabetic Eye Disease (Diabetic Retinopathy)[21], Guidelines 
for the Prevention and Treatment of Diabetic Retinopathy in 
Traditional Chinese Medicine[22], Guidelines for Diagnosis and 
Treatment of Diabetic Retinopathy Combined with Disease 
and Syndrome(2021-09-24)[23]. These TCM diagnosis and 
treatment plans, guidelines, and standards for DR provide 
valuable references for defining concepts and relationships in 
the KG.
d) Book  The relevant sections from Ophthalmology of 
Traditional Chinese Medicine[24] and Fundus Diseases of 
Integrated Traditional and Western Medicine[25], edited by 

Figure 1 Workflow chart of the knowledge graph for TCM diagnosis 

and treatment of DR  TCM: Traditional Chinese medicine; DR: 

Diabetic retinopathy.

Figure 2 Schema-layer design diagram of the knowledge graph  

TCM: Traditional Chinese medicine; WM: Western medicine.



2014

Prof. Peng QH, were incorporated into the study because they 
provide profound knowledge and valuable insights into TCM 
and integrated medicine approaches for treating DR.
2) Named entity recognition  Entity extraction is one of the 
key tasks of knowledge extraction, which aims to obtain useful 
information from text. To ensure the quality and stability 
of knowledge, this study selected as many high-quality 
knowledge sources as possible, including journal literature, 
medical records, books, etc. However, these are unstructured 
texts. Based on our previous work[26], we compared the 
extraction performance of BiLSTM-CRF, BERT-BiLSTM-
CRF and ALBERT-BiLSTM-CRF on ancient Chinese 
medicine books, and found that the ALBERT-BiLSTM-CRF 
model was more suitable for knowledge extraction of TCM 
descriptions. 
ALBERT-BiLSTM-CRF model combines the strengths 
of A Lite Bidirectional Encoder Representations from 
Transformers (ALBERT), Bidirectional Long Short-
term Memory (BiLSTM), and Conditional Random Field 
(CRF) for sequence labeling tasks in Natural Language 
Processing (NLP). ALBERT inherits the benefits of BERT, 
which is the ability to learn rich linguistic knowledge 
through unsupervised pre-training on large-scale corpora. 
However, with fewer parameters than BERT, ALBERT offers 
improved computational efficiency while maintaining high 
performance. Through fine-tuning, ALBERT can adapt to 
different downstream tasks, effectively extracting contextual 
representations of text. In addition, compared with currently 
dominant Word2Vec embedding method, ALBERT can 
better handle word polysemy[27]. BiLSTM is a type of 
recurrent neural network architecture, which is composed of 
two opposing LSTM networks. Compared with traditional 
recurrent neural network or unidirectional LSTM, BiLSTM 
can utilize contextual information more comprehensively[28]. 
CRF is a conditional random field that labels sequences by 
considering interactions between labels. It uses a global 
inference algorithm to optimize the labeling results of the 
entire sequence. The CRF model can capture contextual 
constraints and transitions between labels in sequence labeling 
tasks. The ALBERT-BiLSTM-CRF model combines the 
advantages of ALBERT, BiLSTM, and CRF, exhibiting 
significant strengths in NLP tasks, including efficient feature 
extraction capabilities, the ability to capture sentence structure 
and dependencies, global optimization of labeling results, and 
wide applicability[27]. Therefore, we used ALBERT-BiLSTM-
CRF model for automatic recognition of named entities.
The included text data were randomly divided in a 7:3 ratio. 
70% of the data were annotated using BIO tagging (Table 2). 
The specific rules of BIO tagging are as follows. Considering 
that prescriptions and drugs belong to the description of 

treatment, this study divided the text data into five different 
labels, including disease, symptom, auxiliary examination, 
TCM syndrome, and treatment. Meanwhile, non-entity tokens 
were labeled as “O”.
The labeled data were randomly divided into the training 
set, the validation set, and the test set according to a 6:2:2 
ratio, and the ALBERT-BiLSTM-CRF model was trained. 
The evaluation of the model’s performance in the named 
entity recognition task employed standard evaluation metrics 
commonly used in multi-classification tasks: precision, recall, 
and the harmonic mean of precision and recall, known as the 
F1-score. To ensure the reliability of the experimental results, 
the model was repeatedly trained five times, and the average 
value was taken as the final evaluation result. The precision, 
recall, and F1-score of the model were 82%, 83%, and 83%, 
respectively (Figure 3). Finally, the trained model was used 
to predict the remaining 30% of the data, and the predictions 
were manually checked by trained personnel. The extracted 
data were stored in Excel. The results of entity extraction were 
cross-checked by two TCM doctors. In case of disagreement, 
a TCM ophthalmology professor adjudicated the results. In 
addition, entities were characterized by three core attributes: a 
Neo4j-generated ID assigned automatically, a normalized name 
derived from processed instances, and a category validated by 
domain experts.
3) Semantic relationship extraction and quantification  Five 
types of relationships were defined based on expert experience: 
contain, match, merge, diagnose, and treat (Table 3). Furthermore, 
relationships were annotated with four core attributes: a Neo4j-
generated ID assigned automatically, expert-defined name and 
type, and a clinically derived correlation (ranging from 0 to1) 
quantifying relationship strength. This structured framework 
enables both qualitative representation and quantitative 
analysis of entity relationships within the KG.
Knowledge fusion and alias resolution  The data, sourced 
from multiple heterogeneous origins, necessitate knowledge 
fusion for seamless integration and association. Entity 

Table 2 Named entity annotation methods
Label Corresponding position
B-disease Disease entity (beginning)
I-disease Disease entity (not at the beginning)
B-symptom Symptom entity (beginning)
I-symptom Symptom entity (not at the beginning)
B-examination Auxiliary examination entity (beginning)
I-examination Auxiliary examination entity (not at the beginning)
B-TCMsyndrome TCM syndrome entity (beginning)
I-TCMsyndrome TCM syndrome entity (not at the beginning)
B-treatment Treatment entity (beginning)
I-treatment Treatment entity (not at the beginning)
O Unnamed entity component

TCM: Traditional Chinese medicine.

Traditional Chinese medicine knowledge graph of diabetic retinopathy
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alignment stands as the cornerstone of this fusion, ensuring 
clarity of meaning through entity disambiguation and 
coreference resolution. This study focused on standardizing 
relevant terminology to unite knowledge extracted from diverse 
sources. A comprehensive alias entity library was established, 
facilitating the fusion of multi-source data through entity mapping.
Knowledge representation and storage  Compared with 
alternative knowledge representation methods, KG possesses 
superior representation capabilities, enabling a range of 
applications including semantic search, expert systems, 
intelligent question answering, decision support, personalized 
recommendations, etc. KG relies on a graph database as the 
fundamental storage engine, with Neo4j being a highly popular 
choice due to its stability, scalability, flexibility, portability, 
and impressive performance. Therefore, Neo4j was used in 
this study to store and represent TCM diagnosis and treatment 
knowledge for DR.
Labels, nodes, relationships, and attributes were used to 
represent knowledge in Neo4j (Table 4). In this study, the data 
were exported in CSV format for further processing. Using the 
py2neo module in Python, Cypher CREATE statements were 
executed to populate the Neo4j graph database. The data was 
stored in two main forms: entity-attribute-attribute value (with 
a one-to-one mapping) and entity-relationship-entity (with a 
one-to-many mapping).

RESULTS
After establishing the knowledge graph, a KG-based method 
for searching, browsing, and visualization was developed. This 
approach bridges gaps between knowledge silos and enhances 
the interconnectedness of knowledge resources in the TCM 
field. It helps users intuitively browse TCM knowledge at 
the concept level and discover potential connections between 
concepts, thereby better managing the complexity of the TCM 
health knowledge system. This study created 6 types of labels, 
5 types of relationships, 5 types of attributes, 822 nodes, and 
1318 relationship instances. The KG was also embedded 
into a WeChat official account platform, which provides 
authoritative, accurate, and comprehensive TCM health care 
knowledge for internet users. The applications of the KG are 
described as follows.
Knowledge Discovery  TCM syndrome is a generalization 
of the pathological nature of the body at a certain stage 
in the course of disease development, encompassing 
etiology, disease location, disease nature, etc. Syndrome 
differentiation is pivotal for disease diagnosis, and treatment 
based on syndrome differentiation is the basic principle of 
TCM. Syndrome differentiation is a cognitive and practical 
process that establishes TCM syndromes by comprehending 
the disease dynamics. This entails gathering all pertinent 
disease information through the four diagnostic methods of 

Figure 3 Experimental results of the ALBERT-BiLSTM-CRF model  TCM: Traditional Chinese medicine.

Table 3 Definition of relationship types

Type Description
Contain An entity consists of several other entities
Match One entity matches another entity, such as a WM disease name matching a TCM disease name
Merge One entity coexists with another entity, such as a disease merging with a disease

Diagnose One entity can support the diagnosis of another entity, for example, the results of an auxiliary examination can help doctors 
diagnose diseases

Treat An entity has a therapeutic effect on another entity, such as a prescription treating a disease

TCM: Traditional Chinese medicine; WM: Western medicine.

Table 4 Representation of TCM diagnosis and treatment knowledge for DR in Neo4j

Element Function Object
Label Describes conceptual entities in the schema layer Concepts such as diseases, symptoms, TCM syndromes
Node Describes specific entities Concrete objects such as “diabetic retinopathy” and “blurred vision”
Relationship Describes relationships between entities Relationships such as “contain”, “treat”, “merge”, etc.
Attribute Describes properties of entities and relationships Properties such as “ID”, “name”, “category”, etc.

TCM: Traditional Chinese medicine; DR: Diabetic retinopathy.
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TCM, including symptoms. Subsequently, this information 
is analyzed and synthesized using TCM theories to discern 
the etiology, nature, location, and progression patterns of the 
disease, ultimately leading to the classification and diagnosis of 
a specific TCM syndrome. To illustrate, the following example 
was considered:

MATCH (n1:TCMsymptom {name: ‘dryeye’})<-
[r:contain]-(n2:TCMsyndrome)

RETURN n1, n2, r.weight
ORDER BY r.weight DESC
LIMIT 1

The results showed that a given TCM symptom may be related 
to multiple TCM syndromes, and the TCM syndrome with the 
strongest association (determined by the correlation) could be 
returned. For instance, if a patient presents with dry eye, the 
patient is most likely to be diagnosed with “liver and kidney 
deficiency, loss of nourishment in the eyes and collaterals 
syndrome” (Figure 4A). This finding is consistent with experts’ 
clinical experience.
TCM treatment is individualized. Based on the theory of 
TCM syndrome differentiation and treatment, different TCM 
prescriptions are given for different syndrome types. A TCM 
prescription consists of a variety of Chinese medicinal herbs. 
If two prescriptions share some common Chinese medicinal 
herbs, it suggests that these common herbs may target similar 
pathological changes or related pathogenesis in these two 
syndrome types, which is worth exploring. In this study, 
specific Cypher queries can conduct a targeted and rapid 
search, taking the common herbs of Liu Wei Di Huang Pill 
and Jia Wei Shen Qi Pill as an example (Figure 4B), and the 
specific query was as follows:

M AT C H  ( l i u W e i :  P r e s c r i p t i o n  { n a m e : 
‘ L i u We i D i H u a n g P i l l ’ } ) - [ r 1 ] - > ( d r u g ) < - [ r 2 ] -
(jiaWei:Prescription {name: ‘JiaWeiShenQiPill’})

RETURN liuWei, r1, drug, r2, jiaWei
Additionally, the frequent appearance of a Chinese medicinal 
herb in multiple representative prescriptions for treating DR 
suggests that this herb may possess a universal therapeutic 
effect in the treatment of DR or be valuable across different 
syndrome types. This insight paves the way for further 
exploration into the mechanisms of action and clinical 
applications of these medicines. Essentially, analyzing the 
frequency and occurrence of common Chinese medicinal herbs 
in representative prescriptions provides preliminary insights 
into their significance and function in DR management, serving 
as a reference point for subsequent comprehensive studies and 
clinical applications. In this study, specific Cypher queries 
facilitated the swift identification of high-frequency Chinese 
medicinal herbs (frequency threshold ≥5; Table 5). The query 
was: 

MATCH (drug:Drug)<-[r]-(prescription:Prescription)
WITH drug, COUNT(r) AS relationship_count
WHERE relationship_count ≥5
RETURN drug.name AS drug_name, relationship_count
ORDER BY relationship_count DESC

Question Answering  Based on the KG, we constructed an 
intelligent question answering system that provides reliable 
and convenient TCM diagnosis and treatment knowledge 
lookup services, as well as intelligent question answering 
services, for the majority of healthcare workers and patients. 
At the same time, the performance of the KG was also verified 
by a human–machine combined method guided by expert 
concerns.

Table 5 High-frequency Chinese medicinal herbs based on 

relationship counts from data mining

Drug_name Type of 
relationship

Number of 
relationships

Radix rehmanniae praeparata Contain 10
Angelica sinensis Contain 8
Liquorice Contain 8
Poria cocos Contain 8
Cornus officinalis Contain 7
Rhizoma dioscoreae Contain 7
Moutan radicis cortex Contain 7
Ginseng Contain 6
Schisandra chinensis Contain 5
Rhizoma alismatis Contain 5

Figure 4 Knowledge graph of TCM diagnosis and treatment of 

DR from data mining A: TCM symptom–TCM syndrome; B: Drug 

prescription. Nodes represent entities; edges represent relationships; 

different colors represent different entities. Red nodes represent 

TCM syndrome types; green nodes represent TCM symptoms; blue 

nodes represent drugs; brown nodes represent prescriptions. TCM: 

Traditional Chinese medicine; DR: Diabetic retinopathy.

Traditional Chinese medicine knowledge graph of diabetic retinopathy
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In this study, Jieba, a popular Chinese text segmentation 
tool[29], was used to preprocess the common questions. Jieba’s 
robust segmentation capabilities allowed us to break down 
the text into meaningful units, facilitating the extraction of 
keywords. These keywords were then utilized to classify the 
questions into 5 categories (Table 6). Furthermore, ALBERT-
BiLSTM-CRF model was used to identify entities, and then 
a Naive Bayes model was used to match question templates 
and generate the corresponding Cypher queries. Based on the 
identified entities, the query was executed on the KG of TCM 
diagnosis and treatment for DR to obtain the result. Finally, 
the answer was generated and returned to the user in a concise 
form, as shown in Figure 5. The answers were evaluated by 
two TCM experts and found to be consistent with clinical 
practice. After training, the macro-average and weighted-
average accuracies reached 91% and 95% respectively. The 
macro average and weighted average of recalls were 93% and 
95% respectively. The macro mean of F1 value was 91%, and 
the weighted mean was 95%. The test set contained 10,863 
samples.
TCM Assisted Decision-making  Digital syndrome 
differentiation of TCM is the core of intelligent assisted 

diagnosis of TCM[30]. In other words, TCM auxiliary decision-
making aims to provide doctors with top N recommended 
TCM syndromes to facilitate follow-up treatment. Based 
on the correlation of “symptom–TCM syndrome”, we can 
predict TCM syndromes according to patients’ symptoms 
and rank them by likelihood. This approach enables doctors 
to make informed decisions by providing them with the most 
relevant TCM syndromes. For instance, when a DR patient 
presents with symptoms such as dizziness, tinnitus, dry eyes, 
chest tightness, pruritus, dry stool, a dull red tongue, and a 
thin pulse, the system can calculate the correlation degree for 
each TCM syndrome. Suppose the syndrome with the highest 
correlation degree is “liver and kidney deficiency with loss of 
nourishment in the eyes and collaterals”, and this syndrome 
will be designated as the most recommended TCM syndrome 
type by the system. 
DISCUSSION
Research Innovation and Significance  This study integrates 
NLP technology with KG construction, enabling deeper mining 
and fusion of DR-related literature and real-world clinical 
data. The information was subsequently represented and stored 
in a machine-understandable format. This study proposes a 

Table 6 Problem categories

Number Problem category Example
0 TCM syndromes of a certain disease What are the TCM syndromes of DR 
1 Symptoms of specific TCM syndromes What are the main symptoms of “liver and kidney deficiency, loss of nourishment in 

the eyes and collaterals syndrome” 
2 Diseases associated with a specific symptom What may be the cause of blurred vision 
3 Prescriptions for a specific TCM syndrome 

type
Which prescription can be used for “liver and kidney deficiency, loss of nourishment 
in the eyes and collaterals syndrome” of DR 

4 Drug composition of a particular prescription What is the composition of Ningxue Tang 

TCM: Traditional Chinese medicine; DR: Diabetic retinopathy.

Figure 5 Display of the intelligent question answering system interface  TCM: Traditional Chinese medicine; DR: Diabetic retinopathy.
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semi-automatic knowledge-mapping scheme. As a semantic 
network, the KG constructed in this study, empowered by 
DR diagnosis and treatment knowledge data, can solve a 
multitude of practical problems, laying a solid foundation 
for application fields such as intelligent question answering, 
intelligent query, and intelligent decision-making. From a 
medical resource perspective, the application exploration 
based on this constructed KG offers a novel approach for TCM 
health management. By enabling more efficient diagnosis 
and treatment strategies, it significantly contributes to the 
rational allocation and conservation of medical resources. In 
the realm of TCM education, the KG provides a structured and 
comprehensive knowledge system, facilitating the inheritance 
and dissemination of TCM theories and practical experiences. 
For clinical decision-making support, it offers evidence-
based and intelligent recommendations, assisting medical 
professionals in formulating more accurate and personalized 
treatment plans for DR patients. Meanwhile, these applications 
also provide a preliminary quality evaluation of the KG. 
In fact, question answering systems have been proposed 
since the advent of artificial intelligence and have been 
applied across various fields. However, their development in 
the medical domain–particularly systems that leverage real-
world medical records as data sources–has been limited. 
The primary reason lies in the inherent complexity of 
medical knowledge and the lack of fixed patterns governing 
relationships between different entities[16]. KG serves as an 
effective means of knowledge organization, offering a solution 
to these challenges[31]. By harnessing these technologies, we 
can better utilize TCM, which has the potential to become a 
reliable complementary treatment for DR when combined with 
WM. In general, this study established a new knowledge base 
system for the TCM diagnosis and treatment KG for DR, along 
with a corresponding technical framework for knowledge 
organization, knowledge acquisition, and knowledge services.
Compared with other KGs, the KG constructed in this study 
has several unique characteristics. First, knowledge within 
the graph was derived from real-world medical records, 
which have been clinically verified, ensuring the practical 
applicability and reliability of the KG in a clinical setting. 
Second, the KG incorporated the unique logical system of 
TCM. By integrating these TCM-specific logical elements into 
the KG, it could better capture the essence of TCM knowledge 
and provide a more comprehensive understanding of DR 
from a TCM perspective. Additionally, this study integrated 
NLP with the KG for knowledge discovery and reasoning. 
NLP technology could efficiently process vast amounts of 
unstructured medical literature and records. In this study, 
the core technology of NLP, named entity recognition, was 
adopted to accurately extract key entities, including diseases, 

TCM syndromes, and other related terms. Building on our 
previous work, a cutting-edge hybrid model of ALBERT-
BiLSTM-CRF was adopted. ALBERT can capture the 
domain-specific semantic features in medical texts, while the 
BiLSTM conducts in-depth modeling of context-dependent 
relationships, and the CRF layer performs global optimization 
of the label sequence. This combination significantly 
improves the recognition accuracy of complex terminologies. 
Experimental results also demonstrate that the model exhibits 
good performance on diverse TCM datasets, such as electronic 
medical records. This technology provides high-precision 
structured data support for constructing the TCM knowledge 
graph and for clinical decision-making assistance. Meanwhile, 
it validates the feasibility of integrating deep learning with 
knowledge in the TCM medical field, laying the foundation for 
subsequent multimodal medical information processing.
The entities extracted through named entity recognition 
and the relationships derived from expert experience were 
integrated into the KG, which serves as a structured knowledge 
repository. For knowledge discovery, the KG facilitates 
the exploration of hidden patterns and associations within 
medical knowledge. By traversing the graph and analyzing the 
relationships between different nodes, new knowledge can be 
discovered, such as potential treatment combinations for DR. 
In terms of reasoning, the KG can perform logical inferences 
based on the existing knowledge. For example, given a set 
of patient symptoms, the KG can use its stored knowledge 
and reasoning algorithms to infer the possible diagnosis and 
recommend appropriate treatment options. This process of 
structured knowledge discovery and reasoning is essential for 
intelligent medical applications, enhancing the efficiency and 
accuracy of medical decision-making. ​
Current Research Limitations  Despite these significant 
achievements, the current study still has several limitations 
that require further improvement, primarily in terms of data 
constraints and model limitations, as detailed below.
Data limitations  First, although a substantial amount of data 
was initially collected, the filtered dataset for model training 
was relatively small, which inherently restricts the sample 
size available for training. In addition, we tried to increase the 
training sample size, but the accuracy of TCM syndrome type 
identification decreased. This may be related to the uneven 
distribution of data, thus the data samples require further 
processing. The literature data employed in this study for KG 
construction covers a broad range of research topics, which 
are authoritative and representative. Nevertheless, the clinical 
data gathered lacked diversity, limiting its ability to encompass 
actual scenarios across various regions, medical standards, and 
patient demographics.
Model limitations  The relationship extraction in this study 
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relied on expert experience. However, when dealing with 
massive unstructured data, manual extraction capabilities are 
limited, and subjectivity is inevitable. TCM data contains 
multiple types of intricate relationships, with many theoretical 
connections implicitly encoded with minimal explicit cues 
in the original text–a nuance comprehensible only to TCM 
experts. For instance, Traditional Chinese Medicine Language 
System lists and defines 96 basic semantic types and 58 
semantic relations at the top level of ontology[32]. In fact, the 
number of types and the relationships among them are much 
greater than that. Currently, 1.27 million semantic relational 
links have been incorporated into Traditional Chinese 
Medicine Language System[32]. Despite advancements in 
relationship extraction techniques, ranging from simple rule-
based methods to sophisticated hybrid parsers combining 
computational linguistics and machine learning, effective 
extraction of complex relationships among multitype entities in 
TCM remains challenging[33-35]. Extraction of implicit relations 
through collaboration between TCM experts and computer 
specialists may be a future trend. 
In terms of model construction methods, existing KG 
completion techniques mainly include distance-based 
models[36], neural networks[37], and tensor decomposition 
methods[38]. Among these, translation-based models and 
tensor decomposition models are suitable for large-scale KG 
completion, whereas neural network models are suitable for 
KGs with complex relational structures. Traditional graph 
neural networks typically treat all neighboring nodes equally, 
ignoring hierarchical relational weights–a critical limitation in 
TCM knowledge graphs where relationships exhibit inherent 
asymmetry (e.g., the nonequivalent roles of “sovereign, 
minister, assistant, and messenger” in herbal formulations). 
Moreover, existing knowledge completion methods do not 
make full use of entity semantic information. Although 
numerous approaches are being explored to address these 
issues[39-42], KG completion remains a significant challenge 
in the field. The primary challenges of current technologies 
include handling complex relationships, acquiring contextual 
semantics, capturing long-term dependencies between nodes, 
and improving model fusion and scalability. These areas 
represent critical directions for future research. 
Certainly, TCM knowledge graph has emerged as a vibrant 
research focus, drawing increasing interest and investment 
from scholars worldwide. To fully capitalize on its potential 
within the realm of TCM, it is imperative to address and 
overcome a range of existing limitations and challenges. These 
encompass issues related to data quality and integration[18,43], 
the absence of standardized and normalized terminology[32], 
technical and methodological constraints[44], the absence of 
practical applications and validations[45], as well as ethical and 

privacy considerations[46].
Future Perspectives and Challenges  Future research 
efforts should prioritize the effective integration of TCM data 
resources, establishing harmonized data standards and norms 
to enhance the quality and usability of the KG. During this 
process, it is necessary to carry out multicenter prospective 
clinical studies. By collaborating with multiple clinical 
institutions, more diverse and representative datasets can be 
collected. This will not only enrich the KG but also contribute 
to the formulation of more comprehensive data standards. In 
addition, with the advancement of deep learning technology, 
future research can improve the performance of NLP tasks 
in the field of TCM, including cross-lingual knowledge 
extraction, translation and representation. This will facilitate 
the internationalization of the TCM knowledge graph. 
Moreover, developing dynamic KG update mechanisms is vital 
to ensure that the latest research advancements and clinical 
practices are reflected in the KG. 
As the availability of personal health data continues to grow, 
it is imperative to consider how to use these data for KG 
construction while safeguarding patient privacy. Through 
ongoing technological advancements, interdisciplinary 
collaboration, and the promotion of TCM globalization, there 
is a promising future for developing a more comprehensive, 
accurate, and practical TCM Knowledge graph. This enhanced 
KG has the potential to play a pivotal role in knowledge 
inheritance, education, clinical decision support, and new drug 
development, further advancing the field of TCM.
In summary, this study combined high-quality literature, 
guidelines, and real-world data to construct a KG for 
TCM diagnosis and treatment of DR, providing innovative 
perspectives for the representation and dissemination of 
TCM knowledge. The KG was built using a semi-automatic 
approach, which not only improved construction efficiency 
but also ensured knowledge accuracy. Furthermore, this study 
explored the application of the constructed KG by providing 
intelligent question answering services, offering a novel 
approach to TCM health management.
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