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Abstract. Knowledge Graph has been proven effective in modeling struc-
tured information and conceptual knowledge, especially in the medical
domain. However, the lack of high-quality annotated corpora remains
a crucial problem for advancing the research and applications on this
task. In order to accelerate the research for domain-specific knowledge
graphs in the medical domain, we introduce DiaKG, a high-quality Chi-
nese dataset for Diabetes knowledge graph, which contains 22,050 entities
and 6,890 relations in total. We implement recent typical methods for
Named Entity Recognition and Relation Extraction as a benchmark to
evaluate the proposed dataset thoroughly. Empirical results show that
the DiaKG is challenging for most existing methods and further analysis
is conducted to discuss future research direction for improvements. We
hope the release of this dataset can assist the construction of diabetes
knowledge graphs and facilitate Al-based applications.
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1 Introduction

Diabetes is a chronic metabolic disease characterized by high blood glucose level.
Untreated or uncontrolled diabetes can cause a range of complications, includ-
ing acute ones like diabetic ketoacidosis and chronic ones such as cardiovascular
diseases and diabetic nephropathy. With the rapid economic developments and
changes in lifestyle, China has become the country with the most diabetes pa-
tients in the world: the prevalence of diabetes in Chinese adults is about 11.2%
and still increasing[1]. The medical expenses from diabetes without complica-
tions already account for 8.5% of national health expenditure in China[2]. Car-
diovascular diseases, one of the complications of diabetes, are the leading cause
of death in China. Diabetic nephropathy, another diabetes complication, could
“waste the wealth that we’ve accumulated over the past 30 years in the drains
of dialysis machines” according to [3]. As a result, diabetes is a serious public
health problem in the realization of “Healthy China 2030” that requires inter-
disciplinary innovations to solve.



Knowledge Graph (KG) has been proven effective in modeling structured in-
formation and conceptual knowledge, especially in the medical domain[4]. Med-
ical knowledge graph is attracting attention from both academic and healthcare
industries due to its power in intelligent healthcare applications, such as clinical
decision support systems (CDSSs) for diagnosis and treatment|[5,6], self-diagnosis
utilities to assist patient evaluating health conditions based on symptoms[7,3].
High-quality entity and relation corpus is crucial for constructing knowledge
base, however, there is no dataset dedicated to the diabetes disease at the mo-
ment. To address this issue, we introduce DiaKG, a high-quality Chinese dataset
for Diabetes knowledge graph construction.

The contributions of this work are as follows:

1. To the best of our knowledge, this is the first diabetes dataset for medical
knowledge graph construction at home and abroad.

2. In addition to the medical experts, we also introduce Al experts to par-
ticipate in the annotation process to provide data insight, which improves the
usability of DiaKG and finally benefits the end-to-end model performance.

We hope the release of this corpus can help researchers develop knowledge
bases for clinical diagnosis, drug recommendation, and auxiliary diagnostics to
further explore the mysteries of diabetes. The datasets are publicly available at
https://tianchi.aliyun.com/dataset/dataDetail?dataId=88836

2 DiaKG Construction

2.1 Data Resource

The dataset is derived from 41 diabetes guidelines and consensus, which are from
authoritative Chinese journals covering the most extensive fields of research con-
tent and hotspot in recent years, including clinical research, drug usage, clinical
cases, diagnosis and treatment methods, etc. Hence it is a quality-assured re-
source for constructing a diabetes knowledge base.

2.2 Annotation Guide

Two seasoned endocrinologists designed the annotation guide. The guide focuses
on entities and relations since these two types are the fundamental elements of
a knowledge graph.

Entity 18 types of entities are defined(Table.1). Nested entities are allowed; for
example, 2% & X #&’ is a 'Disease’ entity, and 2%’ is a 'Class’ one. Entities
in DiaKG has two characteristics that stand out: 1. Entities may attribute to
different types according to the contextual content; for example, #& &/’ in
sentence "% kiR & & F 42 H 4R R is a 'Disease’ type, while in the sentence "#% A&
7R PTBUE 345 & 1/3 serves as a 'Reason’ type; 2. Some entity types are of long
spans, like "Pathogenesis’ type is usually consisted of a sentence.


https://tianchi.aliyun.com/dataset/dataDetail?dataId=88836

Table 1. List of entities

entity name example # num|avg length
Y& & (Disease) EH I RR M TR TOTE LKL EEA]5743 (7.3
HAD M (Class) |[SHRM-IVE - LRHM KR 1,262 |4.3
# B (Reason) EREE I, THmERGERR 175 |7.3
& AL (Pathogenesis) | % 20 & 3 49 3 %a fi % & B 202 |10.3
1% A& & I (Symptom) CEAAENAG A . REREAL @ 479  |5.8
# & 75 % (Test) #ATRAE & XE(MMTT) 489 6.1
¥ Z 4547 (Test_Ttems) |MEH o (E@aF @) b iE 2,718 |7.7
# & 15 47 4 (Test_Value) | 2 #2 < 3.3mmol/L 1,356 9.5
%4 % #& (Drug) £,46 COX-23 # A 4,782 |7.8
Fl 2598 % (Frequency) |4 80.5mg. 1~3K d 156 |4.7
A % 3 & (Amount) TRIE0.3~0.5% 42/ F k& REH 301 [6.7
A 25 7 % (Method) BB E—RAEENIS~30minX FEH (399 6.1
JE 5% 57 (Treatment) |[RI-ITA R CEFHLZRALEHGAEIRGE (756 (8.0
F R (Operation) BT B F R R &M GFR 133 19.0
T R R 5 (ADE) NBEEXTHELEEHREEAS 874  |5.1
3R 1% (Anatomy) P fn B Fo K oo B S K F @89 IE R 1,876 |3.1
#2 % (Level) HTFRERERIRTEEFTRSHE 280 (2.9
#4254 1A (Duration) 6 73 453 ~64 A 69 3.7

Relation Relations are centered on ’Disease’ and 'Drug’ types, where a total
of 15 relations are defined(Table.2). Relations are annotated on the paragraph
level, so entities from different sentences may form a relation, which has raised
the difficulty for the relation extraction task. Head entity and tail entity existing
in the same sentence only account for 43.4% in DiaKG.

2.3 The Annotation Process

The annotated process is shown in Fig.1. The process can be divided into two
steps:

OCR Process The PDF files are transformed to plain text format via the OCR,
tool!, where non-text data like figures and tables are manually removed. Addi-
tionally 2 annotators manually check the OCR. results character by character to
avoid misrecognitions, for example, '8%8 /2’ may be recognized as 'Bm L’

Annotation Process 6 M.D. candidates were employed and were trained thor-
oughly by our medical experts to have a comprehensive understanding of the
annotation task. During the trial annotation step, we creatively invited 2 Al
experts to label the data simultaneously, based on the assumption that Al ex-
perts could provide data insight from the model’s perspective. For example,
medical experts are inclined to label "% % #2 Jk & (maturity-onset diabetes of
the young> MODY)’ as a whole entity, while Al experts regard " % #& /&

! https://duguang.aliyun.com/



Table 2. List of relations

relation example # num
TestItems_Disease | J¢ B 4K 3% o 5 AR fu ¢ 17 &7 i T OE F A 1,171
Treatment_Disease |BRARZATIE R 5 4R T, HwiEsh 354
Class_Disease 2 RI-TT2R 69 F fu bE s ) 5B & & 854
Anatomy_Disease BHARELEFFERT . AR TF 195
Drug_Disease = P SRR T A KK E R AR A9IR 1,315
Reason_Disease BHARRTI 2 ERAIFEEZRES 164
Symptom Disease | #2f&& LK p A ... EAFHARIL T 4] @ B R8I 283
Operation_Disease |#ZBEBIAFAEL . A BB ERBFRORA |37
Test_Disease SALE(ERER)FFTEFZETHHEELOHERTRE (271
Pathogenesis_Disease| = 7 sUIK T 2L EIR.... £ 2 @ 4 x4 T2DM 69 4 3 5 [ 69 4F & (130
ADE_Drug ERERBRREGY.. B TEKRBRAEEN 693
Amount_Drug = ¥ M5 (1000mg/d)#24 % I3 195
Method_Drug BB SF—MAEN15~30min & FiE4 185
Frequency_Drug FHIRABBRBER. . ARG ERBERTZ 103
Duration_Drug BHEFRRERGEAANT RS htEiE 5 61

#%°, 'maturity-onset diabetes of the young’ and "MODY’ as three separate en-
tities are more model-friendly. Feedback from AI experts and the annotators
were sent back to the medical expert to refine the annotation guideline itera-
tively. The formal annotation step started by the 6 M.D. candidates and 1
medical experts would give timely help when needed. The Quility Control
(QC) step was conducted by the medical experts to guarantee the data quality,
and common annotation problems were corrected in a batch mode. The final
quality is evaluated by the other medical expert via random sampling of 300
records. The accuracy rates of entity and relation are 90.4% and 96.5%, respec-
tively, demonstrating the high-quality of DiaKG. The examined dataset contains
22,050 entities and 6,890 relations, which is empirically adequate for a specified
disease.

2.4 Data Statistic
Detailed statistical information for DiaKG is shown in Table.1 and Table.2.

3 Experiments

We conduct Named Entity Recognition(NER) and Relation Extraction(RE) ex-
periments to evaluate DiaKG. The codebase is public on github!, and the im-
plementation details are also illustrated on the github repository.

3.1 Named Entity Recognition (NER)

We only report results from X Li et al.(2019)[10] since it is the SOTA model for
NER with nested settings at the time of this writting.

! https://github.com/changdejie/diaKG-code
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Fig. 1. The annotated process of the diabetes dataset.

3.2 Relation Extraction (RE)

The RE task is defined as giving the head entity and the tail entity, to classify
the relation type. Many sophisticated methods[9] for RE have been proposed
recently, due to the simplified setting, we report results from bi-directional GRU-

attention[11] in this paper.

Table 3. selected NER results

Table 4. selected RE results

Entity  precision recall F1 Relation precision recall F1
total 0.814 0.853 0.833 total 0.839 0.837 0.836
Drug 0.881 0.902 0.892 Class_Disease 0.968 0.874 0.918
Disease 0.794 0.91 0.848 ADE Drug 0.892 0.892 0.892
Pathogenesis 0.595 0.667 0.629 Test_Disease 0.648 0.636 0.642
Symptom 0.535 0.535 0.535 Pathogenesis_Disease 0.486 0.692 0.571
Reason 0.333 0.3 0.316 Operation_Disease 0.6 0.231 0.333

4 Analysis

The experimental results are shown in Table.3 and Table.4. We report the total
result, plus the top 2 and last 3 types’ results for each task to analyze DiaKG.

The overall macro-average scores for the two tasks are 83.3% and 83.6%,
respectively, which are satisfying considering the multifarious types we define,
also demonstrating DiaKG’s high quality. For the NER task, the results of 'Dis-
ease’ and ’'Drug’ types are as expected because these two types exist frequently
among the documents, thus leading to a higher score. The average entity length
for "Pathogenesis’ type is 10.3, showing that the SOTA MRC-Bert model still
can not handle the long spans perfectly; We analyzed errors of the ’Symptom’



and 'Reason’ types and found that the model is prone to classify entities as other
types, mainly contributing to the characteristic that entity may be of different
types due to the contextual content. For the RE task, the case study shows
that entities with long distance are difficult to classify. For example, entities
with 'Drug_Diesease’ type usually exist in the same sub-sentence, whereas the
ones with 'Reason_Disease’ type are usualy located in different sub-sentences,
sometimes even in different sentences. The above experimental results demon-
strate that DiaKG is challenging for most current models and it is encouraged
to employ more powerful models on this dataset.

5 Conclusion & Future Work

In this paper, we introduce DiaKG, a specified dataset dedicated to the diabetes
disease. Through a carefully designed annotation process, we have obtained a
high-quality dataset. The experiment results prove the practicability of DiaKG
as well as the challenges for the most recent typical methods. We hope the release
of this dataset can advance the construction of diabetes knowledge graphs and
facilitate Al-based applications. We will further explore the potentials of DiaKG
and contribute it to the CBLUE[12] community.

6 Acknowledgments

We want to express gratitude to the anonymous reviewers for their hard work
and kind comments. We also thank Tianchi Platform to host DiaKG.

References

1. LiY, Teng D, Shi X , et al. Prevalence of diabetes recorded in mainland China
using 2018 diagnostic criteria from the American Diabetes Association: national
cross sectional study[J]. BMJ, 2020, 369. 1

2. Luo Z , Fabre G , Rodwin V G . Meeting the Challenge of Diabetes in Chinal[J].
International Journal of Health Policy and Management, 2020, 9(2). 1

3. Holmes, David. Linong Ji: fighting to turn the tide against diabetes in ChinalJ].
Lancet, 2014, 383(9933):1961-1961. 1

4. Nickel, M. et al. A Review of Relational Machine Learning for Knowledge Graphs.
Proceedings of the IEEE 104.1(2015):11-33 1

5. Bisson LJ, Komm JT, Bernas GA, et al. Accuracy of a computer-based diagnostic
program for ambulatory patients with knee pain. The American journal of sports
medicine 2014;42(10):2371-6. 1

6. WangM, LiuM, LiulJ, et al. Safe medicine recommendation via medical knowledge
graph embedding. arXiv preprint arXiv:1710.05980.2017. 1

7. Tang, H. , and J. Ng . ”Googling for a diagnosis—use of Google as a diagnostic
aid: internet based study.” BMJ 333(2006). 1

8. Gann B. Giving patients choice and control: health informatics on the patient
journey.[J]. Yearb Med Inform, 2012, 21(01):70-73. 1



9.

10.

11.

12.

N. Zhang et al., ”"Contrastive Information Extraction with GenerativeTrans-
former,” in IEEE/ACM Transactions on Audio, Speech, and Language Processing,
doi: 10.1109/TASLP.2021.3110126. 3.2

X Li, Feng J , Meng Y , et al. A Unified MRC Framework for Named Entity
Recognition[J]. 2019. 3.1

Peng Z , Wei S, Tian J , et al. Attention-Based Bidirectional Long Short-Term
Memory Networks for Relation Classification[C]// Proceedings of the 54th An-
nual Meeting of the Association for Computational Linguistics (Volume 2: Short
Papers). 2016. 3.2

Zhang, N.; Bi, Z., Liang, X., Li, L., Chen, X., Deng, S., Li, L., Xie, X., Ye, H.,
Shang, X., Yin, K., Tan, C., Xu, J., Chen, M., Huang, F., Si, L., Ni, Y., Xie, G.,
Sui, Z., Chang, B., Zong, H., Yuan, Z., Li, L., Yan, J., Zan, H., Zhang, K., Chen,
H., Tang, B., and Chen, Q. (2021). CBLUE: A Chinese Biomedical Language
Understanding Evaluation Benchmark. ArXiv, abs/2106.08087. 5



	DiaKG: an Annotated Diabetes Dataset for Medical Knowledge Graph Construction

