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Abstract

The field of clinical research has reached a turning point in terms of the range and diversity of available data and their potential to
improve human health and well-being. However, due to discipline-specific variances in terminology and representation, the data is
often compartmentalized, disorganized, and inaccessible to a broad audience. In response to these challenges, we designed and
evaluated a pilot knowledge graph-based MedKaaS tool capable of integrating existing clinical datasets and translating those data
into insights intended to augment human reasoning and accelerate scientific research. In this paper, we present the architecture and
performance of our system, which has been applied to several real-world use cases in collaboration with subject-matter specialists.
The MedKaaS Tools are actively developed, with regular updates to performance and features. Our future plans include developing
a more user-friendly interface and expanding the visualization capabilities for knowledge exploration.
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1. Instruction

Rapid scientific breakthroughs in the field of clinical have led to the formation of enormous medical resources with
great value for both research and clinical applications. The paradigm for medical scientific research has shifted from
empirical medicine to evidence-based medicine. However, the existing biomedical information resources exhibit
characteristics of heterogeneity from multiple sources and have a decentralized distribution across multiple centers.
Therefore, significant challenges remain in the effective integration of extensive biomedical knowledge, the efficient
management and utilization of medical knowledge, and the development of intelligent medical knowledge services that
support precision medicine while meeting the requirements of cutting-edge scientific research.
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In the past decade, there has been a notable increase in both the utilization and investigation of knowledge graphs
(KGs). In contrast to conventional knowledge representation techniques, KGs demonstrate an efficient and
comprehensible method of conveying the associations among entities [1]. Therefore, KGs are constructed and applied
in various medical scenarios, such as semantic search [2], question and answering systems [3], personalized
recommendation systems [4], and decision support systems [5].

The construction of KGs involves multiple stages, including knowledge extraction, knowledge fusion, quality
inspection, and application. Knowledge extraction technologies, such as named entity recognition (NER) and entity
relationship extraction (RE), are well established in the general domain but present research hotspots in low-resource,
cross-lingual, and vertical fields. The medical domain mainly focuses on monolingual knowledge extraction tasks. For
example, a machine learning model developed by the Chinese Academy of Sciences achieved an average F1 score of
91.5% for the recognition of six types of Chinese medical entities, ranking first in the CCKS2020 medical entity
recognition evaluation [6]. Additionally, the Biomedical Literature Relationship Extraction Framework BERE released
by Tsinghua University researched an F1 score of 62.5% for English DDI drug action relationship extraction [7].

Knowledge fusion, which involves verifying, disambiguating, processing, and integrating heterogeneous
knowledge from multiple sources, offers the possibility of interacting and integrating different knowledge graphs.
However, research on medical knowledge fusion is relatively scarce. The University of Science and Technology of
China and Baidu Research Institute presented an evidence-based medical entity relationship verification framework at
KDD 2021, while MIT proposed Noisy OR based on the EMR health knowledge graph [8]. After manual evaluation, the
accuracy rate is 0.85, and the recall rate is 0.6. The National Institutes of Health (NIH) has successively developed
information resource retrieval platforms, including medical literature, genetics, such as PubMed [9], OMIM [10], as
well as medical thesaurus service platforms such as MeSH [11], UMLS [12]. At the same time, the NIH funded the
National Center for Advancing Translational Sciences (NCATS) to establish the Biomedical Data Translator Program
in 2016 [13]. The project team uses knowledge mapping, knowledge reasoning and other technologies to integrate
clinical electronic medical records and open multi-source and multi-dimensional biomedical information resource to
develop a series of knowledge processing tools that support intelligent medical knowledge discovery, thereby better
promoting biomedical transformation and application, clinical decision-making, and scientific and technological
innovation [14].

The Chinese medical knowledge graph ¢cMeKG [15], jointly developed by the Institute of Computational
Linguistics, School of Information Science and Technology, Peking University, the Natural Language Processing
Laboratory, School of Information Engineering, Zhengzhou University, and the Intelligent Medical Research Group
of the Artificial Intelligence Research Center of Pengcheng Laboratory, is based on the international medical standards
such as ICD, and medical text information such as clinical guidelines, industry standards, diagnosis and treatment
specifications, and medical encyclopedia, which covers more than 30 common relationship types, with over 1 million
concept relationship instances and attribute triplets. The MedKaasS is equipped with a web-based tool display platform
and demonstration applications.

The majority of the platforms listed above simply provide knowledge services or knowledge graphs for medical
literature use. However, there is no ready-made solution to meet requirements for customized knowledge graph
construction. In addition, the construction of a large knowledge graph with a large number of nodes and relations
cannot be supported by the hardware of standard personal computers. To satisfy individualized medical knowledge
graph building and personalization criteria, it is important to develop a collection of artificial intelligent knowledge
graph tools based on medical information. This research effectively excavates and integrates large-scale medical
information resources, performs efficient integrated storage of medical knowledge, and achieves knowledge
aggregation, knowledge management, and knowledge updating.

2. Methods

The major components of the MedKaaS are the Knowledge Schema Design tool, the Knowledge Extractor tool, the
Knowledge Fusion tool, and Quality Control Tool. An overview of the MedKaaS architecture was presented in figure
1. We collected a vast quantity of medical data, which can be categorized as structured, semi-structured, and
unstructured, according to its presentation form. The collected data were then utilized to train artificial intelligent
models. By integrating these models and developing a web-based interface, we created the four tools necessary for
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constructing a customized medical knowledge graph. We developed a web-based interface for personal usage and an
Application Program Interface (API) to provide a consistent data format for institutional or commercial use. Third
parties can develop applications to facilitate clinical diagnosis, treatment, and scientific research using the established
medical knowledge graph.
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Fig. 1. An overview of the MedKaaS architecture that supports medical KG-based research and decision making
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2.1. Knowledge Sources

To develop artificial intelligent medical knowledge processing tools, it is imperative to utilize an extensive range
of knowledge sources to effectively train the foundational models. Our methodology incorporates the collection of
openly accessible knowledge, inluding data on clinical manifestations and symptoms, diagnostic evaluations and
testing, disease diagnoses and classifications, treatment modalities, pharmaceutical exposures, as well as exomic or
genomic lineage. This information is obtained from a multitude of open data sources, including medical websites,
clinical knowledge repositories such as CMeKG, BIOS, and clinical ontologies, such as TCMLS, Schema.org and so
on. Our ongoing efforts are directed towards the consistent acquisition and updating of data derived from these
knowledge sources.

2.2. Knowledge Graph Schema Design

To fully represent the medical knowledge, we incorporated the classical clinical ontologies, namely TCMLS,
CMeKG, BIOS and open access schemas in OpenKG, into our tools. With the integrated schemas, a tailored knowledge
graph schema can be devised via a user-friendly dragging and dropping mechanism, employing the integrated schemas.
Furthermore, our fusion tool can be utilized to execute the fusion operations, effectively resolving conflicts that may
arise between disparate schemas.

2.3. Knowledge Extractor Tool

The Knowledge Extractor Tool is employed to extract automatically medical knowledge automatically from semi-
structured and unstructured medical texts, including scholarly journals and clinical practice guideline documents. This
tool is capable of extracting entities and relationships from data sources of varying granularity, presented in sentences
or documents, and subsequently storing them in a triple format.

Embedded within the medical Knowledge Extractor are various models, such as medical entity recognition models,
medical relationship extraction models, and medical pre-training language models. Through a web-based interface,
user can select the optimal model to address their specific knowledge extraction needs. The performance metrics of
the algorithms we have developed, based on open access datasets for medical entity recognition and medical
relationship extraction, are detailed in Table 1 and Table 2, respectively. As demonstrated, DiaKG encompasses
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eighteen medical semantic types and boasts an average F1 score of 82.08, which is sufficient adept for numerous
clinical knowledge extraction scenarios. In addition, for uncovered entity types and the relationships, an open-source
unified language model will be employed to generate the corresponding response.

Table 1. Algorithms performance on medical entity recognition.

Dataset Language Field Source Semantic type Scale Precision Recall F1

Conll03 English Common Github Four 14985 91.31 91.02 91.17
DiaKG Chinese Medical TianChi Eighteen 2798 83.82 80.41 82.08
CCKS2019 Chinese Medical TianChi Six 1000 84.06 82.47 83.26

Table 2. Algorithms performance onmedical relation extraction.

Dataset Language Field Source Relation Scale Format F1
type

SciERC English Science Literature Seven 350 Json 72.50

CMelE Chinese Medical CBLUE Foutyfour 14339 Json 71.90

DiaKG Chinese Medical TianChi Fifteen 2798 Json 80.80

2.4. Knowledge Fusion Tool

The Medical Knowledge Fusion Tool facilitates the alignment and integration of medical concepts and instances,
enabling adaptively storage of fused information in a graph database. Consequently, only the unique, merged medical
knowledge is made visible to users. The tool also supports bilingual alignment and integration across both Chinese
and English languages. The merging process of two knowledge graphs can be divided into two stages: schema fusion
and instance fusion. In the first stage, algorithms such as semantic similarity calculation are utilized for automatic
merging. For instances that cannot be automatically integrated, human judgement is employed to assist in the second
fusion stage. The Medical Knowledge Fusion Tool incorporates several open-source models, including BERT-INT,
OntoEA, and UED. Each model has undergone validation using at least one dataset.

2.5. Knowledge Graph Quality Control

The effectiveness of knowledge graphs (KGs) heavily relies on the quality control measures implemented during
their construction. Various highly efficient techniques have been proposed for different stages of KG construction.
However, these methods may introduce factors that could potentially impede the accuracy of the KG. Previous studies
have extensively examined KG accuracy, which concerns the veracity of the information present within the KG [16].
Achieving high KG accuracy has been deemed a critical aspect of KG construction, as per the findings of Wang and
other sources. In our approach to quality control for knowledge graphs, we primarily employ crowdsourcing to assess
the quality of KGs.

2.6. Graph Visualization Environment

The presented visualization environment utilizes AntV G6 [17] to optimize 3D rendering by leveraging the
capabilities of graphical processing unit (GPU). This visualization engine enables seamless navigation of large-scale
knowledge graphs containing tens of thousands of nodes. To enhance visualization, nodes and edges are assigned
colors based on their semantic types, in which the node represents the instance and edge represents the relation between
the instances as defined by the schema. Additionally, mouse events provide access to knowledge sources on each node,
while deeper exploration of individual nodes is facilitated through the "Select" mode. The environment supports seven
different presentation formats for knowledge graphs, such as static, dynamic, grid, cluster et.al.
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3. Results
3.1. Knowledge Graph Construction for Diabetes Management

Utilizing the knowledge extractor and knowledge fusion tool, we developed a diabetes-specific knowledge graph
consisting of tens of thousands of triples, as depicted is Figure 2. This knowledge graph allows users to easily edit its
content using the “Edit” button, enabling modification of node properties as well as deletion or addition of nodes.
Employing the MedKaasS toolset, we have created several medical knowledge graphs, including one related to diabetes
that we present here. Through the schema design tool, we constructed a schema tailored for diabetes management,
encompassing 20 semantic types and 11 relation types. These types cover initial admission, diagnosis, medication
management, diet management, exercise management, and follow-up. Upon evaluation by medical professionals, the
schema has been confirmed to effectively meet the knowledge requirements for managing diabetes.
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Fig. 2. Screenshot of diabetes knowledge graph constructed with the MedKaasS tools.
3.2. Knowledge Graph Construction for Pregnant Women'’s Dietary Management

Pregnant individuals possess distinct nutritional requirements compared to the general population, necessitating
meticulous dietary management strategies. Current methods for addressing these dietary needs have proven
insufficient [18]. Knowledge graphs have demonstrated promising enhancement effects on association displays and
query retrieval within this domain. In this application scenario, the MedKaaS platform was employed to develop a
dietary management knowledge graph specifically for pregnant individuals.

The benchmark reference data source, Pregnancy Home Cooking, has been authored by experts in the field of
dietary management during pregnancy. Utilizing the knowledge graph schema design tool, ten classes and
corresponding relationships have been established. The knowledge extractor tool facilitated the extraction of
information from the book and online sources, adhering to the predefined schema. To update the knowledge graph, the
knowledge fusion tool will be used. Once the construction process concludes, medical professionals will be invited to
evaluate the quality of the knowledge graph. Additionally, an Application Programming Interface (API) has been
provided, allowing for the creation of a third-party platform dedicated to searching for pregnancy-related food
information, as illustrated in Figure 3 and Figure 4.
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Fig. 3. Homepage of the Pregnant Women's Dietary management platform based on knowledge graph.
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Fig. 4. Search Results Page of the Pregnant Women's Dietary management platform based on knowledge graph.

4. Conclusion

In this study, we created MedKaasS Tools, a medical knowledge graph-based knowledge processing tool, to
facilitate the construction of a medical knowledge graph. MedKaaS Tools leverages the semantic framework and
approach developed to semantically integrate massive medical information, thereby allowing users to generate
individualized knowledge graphs to meet their specific needs. The usability of the MedKaaS tools has been validated
in several clinical senarios. The MedKaaS Tools enables users to query the relationship of the complete data types
without manually scanning through individual databases and data sets that exhibit varying levels of semantic inference
rules and linkages among entities. Moreover, the adoption of the Schema Design Tool and the API specification
enables uniform data linkage and semantic resolution across data sources for MedKaaS products.

The MedKaaS Tools are under active development, with regular performance and feature updates. Proposed feature
enhancements include a more user-friendly interface and enhanced visualization features to facilitate the graph-
basedexploration. We are working with subject matter experts to iteratively improve the interface and other features
of the interactive web application.
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