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Abstract

Against the backdrop of an increasingly aging population, the prevalence of Mild Cognitive Impairment
(MCI) continues to rise. Achieving timely and accurate early identification and intervention has therefore
become a major challenge for global public health systems. Existing clinical assessment methods often rely
on single-scale evaluation results or physicians’ experiential judgment, making it difficult to systematically
integrate and deeply analyze health data that originate from diverse sources and possess complex structures.
This limitation restricts the discovery of potential pathological associations and reduces the timeliness and
personalization of intervention strategies.

To address the aforementioned challenges, this study focuses on multi-source heterogeneous data fusion
and intelligent reasoning mechanisms in the diagnosis and treatment process of Mild Cognitive Impairment
(MCI), and constructs a domain-specific knowledge graph for MCI. On this basis, an intelligent decision sup-
port system integrating auxiliary diagnosis, risk prediction, and personalized intervention recommendations
is designed and implemented. By leveraging knowledge integration and semantic reasoning techniques, the
proposed system aims to improve the objectivity and scientific validity of early MCI screening, thereby pro-
viding a more precise and efficient solution for delaying cognitive decline and improving patients’ quality
of life.

(1) Through an extensive investigation of MCl-related literature and electronic medical records, an MCI
ontology was constructed to clearly define the types, causes, symptoms, and corresponding intervention mea-
sures of MCI. Furthermore, a semantic decomposition-based multi-level contrastive metric learning frame-
work, namely MCL, was designed. By introducing contrastive learning to optimize the knowledge extraction
model, both entity-level and relation-level contrastive learning strategies were developed. These strategies
explicitly leverage entity-level and relation-level information to enhance the performance of joint extraction.
The proposed model achieved a recall of 93.3% and an F1 score of 93.2% on the MCI dataset, demonstrat-
ing state-of-the-art performance across various sub-tasks of knowledge extraction. In addition, through the
systematic organization of MCI knowledge, an MCI-KG dataset was constructed, enabling effective identi-
fication and representation of the complex relationships between MCI and auxiliary decision-making.

(2) By introducing relation-aware negative factors, the link prediction algorithm is optimized, addressing
the limitations of the existing SimKGC model in negative sample pair construction. Meanwhile, an EMO loss
based on optimal transport theory is incorporated to adjust the output probability distribution by perceiving
semantic distances, making it closer to the target distribution and better suited for knowledge graph link
prediction tasks. Based on these improvements, a novel link prediction model, Mult-KGC, is proposed.

Experimental results show that the Mult-KGC model achieves an MRR score of 69.9 on the MCI-KG dataset

II



and outperforms state-of-the-art baseline models across all Hit@k metrics. In addition, the Mult-KGC model
is applied to analyze patients’ clinical examination data, enabling effective assessment of MCI conditions
and the generation of personalized decision-making plans.

(3) The knowledge extraction model MCL and the link prediction model Mult-KGC are integrated to
design and implement an MCl-assisted decision-making system. This system incorporates functionalities
such as knowledge extraction, knowledge storage, and reasoning-based prediction. It can serve as a practical
tool for clinicians and researchers to analyze the progression of MCI in patients and identify relevant risk
factors, while also providing personalized intervention strategies for MCI patients.

This study integrates contrastive learning techniques with knowledge graphs, opening up a new research
direction for MCl-assisted decision-making. The research not only enhances the scientific validity and effec-
tiveness of MCI decision support, but also provides new ideas and methodologies for future studies. Future
work can further optimize the models, expand the application scope of knowledge graphs, and promote the

development of intelligent healthcare systems.

Key words: Mild cognitive impairment; Knowledge graph; Contrastive learning; Link prediction; Decision

support
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Fig. 1-2  Pipeline model and joint extraction example diagram
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