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Rare disease research faces significant challenges due to data sparsity and
heterogeneity, leading to diagnostic delays and limited treatments. Knowledge
Graphs (KGs) offer a computational solution by integrating multimodal data into
structured semantic networks. This review explores the technical paradigms and
applications of KGs throughout the rare disease workflow. We first describe the
data foundation, focusing on standardized ontologies (e.g., HPO) and integration
strategies. Subsequently, we examine core applications in elucidating pathogenic
mechanisms via link prediction, enhancing clinical diagnosis through semantic
reasoning, and optimizing drug repositioning using Graph Neural Networks. Notably,
the review highlights the emerging integration of KGs with Large Language Models
(LLMs), particularly Retrieval-Augmented Generation (RAG), to improve interpretability
and precision in medical decision-making. Finally, we discuss challenges such as
privacy and dynamic updates, proposing future directions like federated learning
to advance the field.
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1 Introduction

Rare disease research and clinical practice face challenges primarily due to limited patient
populations and the complexity of these conditions. Despite the cumulative number of rare
disease patients globally, effective treatments remain unavailable for the majority of these
conditions, and patients often experience prolonged diagnostic timelines (1, 2). This issue
stems largely from the fragmentation and heterogeneity of symptom information, contributing
to misdiagnoses and increased medical burdens (1, 3). Concurrently, recruitment difficulties
restrict traditional clinical trials, necessitating methodologies such as adaptive trial designs (4,
5). Furthermore, funding and collaboration constraints affect progress in the field (1, 5).
Consequently, establishing global collaboration and data-sharing platforms using
bioinformatics to extract insights from limited data represents an approach to addressing these
issues (1, 3).

To address data sparsity and heterogeneity in rare diseases, Knowledge Graphs (KGs) offer a
computational solution as a graph-structured knowledge representation paradigm. By integrating
diverse data sources—such as genomic profiles, clinical history, and phenotypic information—
KGs facilitate a framework for diagnosis and treatment, supporting medical reasoning and
personalized medicine (6). Unlike traditional models characterized by computational opacity,
KGs provide semantic reasoning capabilities and interpretability. Utilizing graph embedding and
link prediction algorithms, they can infer potential pathogenic genes or therapeutic targets based
on network topology (7). This characteristic is applicable to rare disease research where sample
sizes are limited, facilitating the translation from data analysis to clinical decision support (6).
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This article aims to review the technical paradigms and
applications of KGs throughout the rare disease research workflow. It
first describes the data foundation for graph construction, focusing on
the standardization of core ontologies and strategies for multimodal
data integration. Subsequently, it examines applications in three areas:
pathogenic mechanism elucidation, clinical diagnostic support, and
therapeutic strategy optimization. Finally, the article explores
emerging trends in integrating Large Language Models (LLMs) with
KGs, specifically the potential of Retrieval-Augmented Generation
(RAG) in advancing precision medicine for rare diseases (Figure 1).

2 Construction and data basis of rare
disease knowledge graphs

2.1 Core ontologies and standardized
vocabularies

The utility of KGs in the context of rare diseases is related to their
underlying schema architecture, particularly the use of core ontologies.
The Human Phenotype Ontology (HPO) supports the application of
KGs in rare disease research by providing a standardized vocabulary for
clinical phenotype description. Comprising over 12,000 standard terms,
HPO enables the association of specific rare diseases with corresponding
phenotypic abnormalities, thereby facilitating semantic alignment

10.3389/fpubh.2026.1757612

across different clinical data sources (8-10). This standardization
supports computational algorithms based on phenotypic similarity,
contributing to clinical diagnosis and genomic analysis.

KG construction also requires regulated disease classification
systems and cross-domain terminology interoperability. The Orphanet
Rare Disease Ontology (ORDO) serves as a reference for disease entity
standardization, providing a classification system and unique
identifiers for various rare diseases, which promotes interoperability
with international standards such as the International Classification
of Diseases (ICD) (11). To integrate different ontologies (e.g., HPO,
ORDO) and biomedical concepts such as genes, proteins, and drugs,
the Unified Medical Language System (UMLS) functions as a semantic
pivot. Through its Concept Unique Identifiers (CUI), UMLS performs
term mapping and data coordination across rare disease resources.
This difficulties
standardization to some extent, supporting the representation and

process helps mitigate in cross-database
fusion of rare disease knowledge (12). This collaborative framework
of ontologies helps mitigate the sparsity and heterogeneity of rare

disease data, supporting the reasoning capability and utility of KGs.

2.2 Multimodal data integration

The utility of Rare Disease Knowledge Graphs (RDKGs) depends on
the integration of multimodal heterogeneous data, particularly from
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Flowchart of knowledge graph construction and application in rare disease research. (1) Construction and data basis: The process begins with the
integration of heterogeneous multimodal data (clinical, omics, and literature). These data are standardized using core ontologies, such as HPO and
ORDO, to construct the Rare Disease Knowledge Graph (RDKG). (2) Core applications: The structured RDKG facilitates these primary downstream
tasks: elucidating pathogenic mechanisms via link prediction, providing clinical diagnostic support through semantic reasoning, and optimizing drug
repositioning strategies using graph neural networks. (3) Emerging trends: The framework further integrates Retrieval-Augmented Generation (RAG),
which combines Large Language Models (LLMs) with domain-specific knowledge retrieval to address hallucinations and enhance decision-making
precision. HPO, Human Phenotype Ontology; ORDO, Orphanet Rare Disease Ontology; UMLS, Unified Medical Language System; RDKG, Rare Disease
Knowledge Graph; RAG, Retrieval-Augmented Generation; LLMs, Large Language Models; GNNs, Graph Neural Networks.
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clinical, omics, and scientific literature sources. Clinical data, such as
unstructured text in Electronic Health Records (EHRs), provides a
source for extracting phenotypic information and understanding disease
progression (13, 14). Omics data offers insights into molecular
mechanisms, including gene mutations and protein interactions, which
contributes to disease analysis (15, 16). Information extraction
techniques, such as Named Entity Recognition (NER) and Relation
Extraction (RE), are employed to identify and categorize entities and
their associations, facilitating graph construction (13, 15). Subsequently,
knowledge fusion strategies deduplicate and align extracted entities and
relationships, improving graph consistency and completeness (17).
Massive integrative frameworks like the Scalable Precision Medicine
Open Knowledge Engine (SPOKE) connect millions of concepts to
support precision medicine (18). Such KG integration significantly
improves the discoverability of rare disease datasets by enriching source
data with biological associations (19). This integration supports RDKG
reasoning tasks ranging from molecular mechanism analysis to clinical
decision-making.

2.3 Knowledge graph construction process

The construction of an RDKG involves a multi-stage process,
beginning with the definition of a schema layer to establish core
entities and relationships, such as those found in the HPO and
Orphanet (20, 21). Subsequently, knowledge extraction techniques are
employed to derive triplet structures from structured databases and
unstructured literature, facilitating the organization of information
(21). To address data heterogeneity, knowledge fusion and alignment
processes are utilized to resolve conflicts and maintain the internal
consistency of the RDKG (22). Finally, structured knowledge is stored
in graph databases, where quality assessments are conducted to
evaluate completeness and accuracy, supporting the reliability and
reasoning capability of the RDKG in rare disease research (20, 23).

3 Core applications of knowledge
graphs in rare disease research

3.1 Elucidation of pathogenic mechanisms

KGs facilitate the systematic analysis of rare disease mechanisms by
integrating biomedical entities into semantic networks. The
identification of pathogenic genes is frequently modeled as a link
prediction task within the graph. Utilizing Knowledge Graph
Embedding (KGE) techniques, such as dleMB and biokG2VEC, models
represent biological features within low-dimensional vector spaces (24).
By integrating HPO and Gene Ontology (GO) annotations, these
methods calculate semantic distances between candidate genes and
undiagnosed phenotypes, quantifying association strength and
prioritizing potential pathogenic genes (25, 26). For instance,
Genepredict-KG mitigates prediction bias caused by data sparsity to
some extent through the fusion of multi-source data (24, 26).

Compared to the computational opacity associated with traditional
deep learning models, KGs offer interpretability. Through Multi-hop
Path Reasoning, KGs can trace biological interactions and infer
potential causal relationships transmitting from gene mutations to
clinical phenotypes. For example, frameworks such as BioKGC utilize
path-based reasoning mechanisms to improve prediction accuracy
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while retaining logical transparency, allowing researchers to visualize
paths for experimental verification (27, 28). This interpretability
contributes to the reliability of results, providing mechanistic insights
for clinical decision-making and drug discovery (29, 30).

At the systems biology level, KGs contribute to the analysis of
molecular interaction networks and comorbidity mechanisms. By
integrating Protein-Protein Interactions (PPI), metabolic, and
regulatory networks, researchers can identify functional modules
driving disease (31). Network topology analysis indicates that
comorbidities often exhibit significant PPI overlaps and metabolic
pathway associations, suggesting shared pathophysiological bases (32,
33). This systemic perspective offers insights beyond the single-gene
level, contributing to the understanding of diagnostic and therapeutic
strategies for complex diseases (31, 34).

3.2 Clinical diagnostic support and decision
making

The application of RDKGs contributes to the improvement of
diagnostic accuracy and efficiency, addressing challenges in rare
disease diagnosis. RDKGs employ Natural Language Processing (NLP)
techniques to standardize clinical phenotypes derived from Electronic
Health Records (EHRs). By utilizing semantic reasoning algorithms to
calculate the similarity between patient phenotypes and known rare
diseases, these systems narrow the diagnostic search space to a reduced
set of candidate diseases (6, 14). In this context, algorithms such as
PhenoSim and Phen2Disease optimize phenotype similarity metrics to
assist in prioritizing pathogenic genes based on HPO terms (35, 36).
Leveraging the structured nature of KGs, these approaches aim to
enhance diagnostic precision while supporting the development of
personalized treatment strategies and the improvement of clinical
outcomes (6, 14, 37). Research has demonstrated that even with an
imperfect KG, knowledge-augmented algorithms can outperform
traditional deep learning in rare disease classification (38). Clustering
3,242 rare diseases within ontology-enriched KGs using node
embeddings has successfully uncovered shared pathophysiological
mechanisms and drug-target connections (39).

Furthermore, the integration of Explainable Artificial Intelligence
(XAI) and hybrid graph models has advanced the development of
Clinical Decision Support Systems (CDSS), enhancing their
applicability in clinical settings. Compared to traditional deep
learning models, RDKG-based CDSSs provide transparent reasoning
mechanisms, capable of delineating the logical pathways underlying
diagnostic suggestions. For instance, these systems can associate
patient phenotypes with genetic factors to elucidate the rationale
behind a diagnosis (40, 41), thereby assisting clinicians in verifying
diagnostic hypotheses and identifying potential grounds for
differential diagnosis (42, 43). This transparency aids in the
management of complex cases, mitigating variations in clinician
expertise to a certain extent, and promoting the standardization of
diagnosis and treatment (40, 43).

3.3 Drug repositioning and therapeutic
strategies

RDKGs support drug repositioning research by integrating
multidimensional drug-target-disease data. Methodologies in this
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field have shifted from network overlap analysis to deep learning,
specifically Graph Neural Networks (GNNs). GNNs improve link
prediction performance by aggregating the biological properties and
topological structures of drug nodes (44, 45). Recent advancements,
such as the TXGNN model, utilize Graph Foundation Models to
achieve zero-shot drug repositioning, enabling the prediction of
potential therapies for orphan diseases lacking prior treatment data
(44, 46, 47). By utilizing large-scale biomedical KGs, these models
identify therapeutic associations, addressing cost-efficiency challenges
prevalent in traditional drug development (45, 46). This approach
contributes to the discovery of new uses for existing drugs and has the
potential to reduce development risks and costs (44, 45).
Furthermore, KGs facilitate the identification of potential
therapeutic targets and the elucidation of their mechanisms of action
(MoA), thereby supporting the drug discovery process. By analyzing
global topological features such as node centrality, researchers can
identify hub proteins linking disease phenotypes to biological
pathways, suggesting potential intervention targets (48, 49).
Integrating graph algorithms with XAI allows for the extraction of
path-based subgraphs connecting drugs, targets, signaling pathways,
and diseases, offering insights into the molecular basis of drug efficacy
(50, 51). This knowledge-based reasoning has been verified in
neurological disorders such as Huntingtons disease, supporting
preclinical research and the investigation of therapeutic mechanisms
(49). Beyond theoretical prediction, the RDKG-115 framework
employed trimodal embeddings to identify candidate drugs for 115
rare diseases, providing a validated paradigm in multiple sclerosis
(52). Additionally, scientific annotation KGs based on large-scale
literature mining offer a systematic way to extract evidence for
Overall, this
computational prediction and biological validation represents a

preclinical investigation (53). integration of

systematic direction for drug discovery (54).

4 Emerging trends: applications of
knowledge graphs enhanced by RAG

4.1 Basic concepts and medical application
paradigms of RAG

RAG is an advanced framework that enhances the capabilities of
LLMs by integrating external knowledge retrieval, a feature
particularly beneficial for knowledge-intensive tasks. Its mechanism
primarily involves a retrieval phase, which extracts relevant
information from external databases, followed by a generation phase
that utilizes this information to construct the output. By providing
access to real-time information, this approach effectively helps
mitigate key limitations associated with LLMs, such as knowledge
obsolescence and hallucinations (55, 56).

In the medical domain, RAG has been applied to various
scenarios, including EHR management, diagnostic support, and
medical question answering. For instance, RAG can enhance EHR
processing capabilities by extracting relevant patient data to generate
concise summaries, thereby facilitating clinical decision support (57-
59). It is also utilized to improve the accuracy of retrieving medical
information from databases such as PubMed, ensuring that healthcare
professionals receive timely and relevant data (60). Although the
technology continues to face challenges such as retrieval noise,
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domain shift, and generation latency, advanced architectures like
RAGH+ have integrated application-aware reasoning to further enhance
system interpretability and task-specific performance (61). Research
indicates that RAG outperforms traditional methods in terms of
precision and efficiency when generating medical responses,
demonstrating significant potential to optimize healthcare delivery
models (62-64).

4.2 Application of RAG in rare diseases

In the field of rare diseases, general-purpose LLMs often face
significant deficits in domain knowledge due to data scarcity and the
complexity of disease mechanisms. Integrating RAG technology with
domain-specific KGs offers a strategy to address the hallucinations
and knowledge gaps encountered by LLMs in this context, potentially
improving diagnostic accuracy and the reliability of clinical decision-
making (Table 1).

Existing studies suggest that combining structured domain
knowledge with generative models possesses considerable application
value. For example, Song et al. (65)demonstrated that integrating a
Facial Phenotype Knowledge Graph (FPKG) with RAG significantly
thereby
substantially improving diagnostic consistency for rare genetic
diseases. Similarly, the RaredXGPT model, which enhances ChatGPT
by retrieving relevant documents from the Raredis specialized corpus,

reduced temperature-induced generation variability,

achieved diagnostic accuracy significantly superior to that of the
standard ChatGPT model following the introduction of domain-
specific knowledge (66). Furthermore, regarding phenotype analysis
tools, the introduction of RAG technology has led to notable
performance improvements. For instance, the RAG-HPO tool
demonstrated superior performance over traditional HPO matching
tools in key metrics such as precision, recall, and F1 score, effectively
accelerating the identification of potential genetic mechanisms in rare
diseases (67). Overall, RAG-enhanced Knowledge Graph applications
represent a significant direction for leveraging artificial intelligence to
provide high-precision and efficient diagnostic support for rare
diseases, although further exploration and optimization are required
to fully realize their clinical potential (68).

5 Discussion and outlook

5.1 Paradigm shift in knowledge
graph-driven research

This review suggests that the application of KGs contributes to
data integration capabilities and reasoning efficiency in rare disease
research, facilitating a transition from local validation relying on prior
knowledge to systemic reasoning based on multidimensional data. By
integrating standardized ontologies such as the HPO and the ORDO,
RDKGs establish a unified semantic framework, helping to manage
the sparsity and heterogeneity of multimodal data.

This technological paradigm offers potential refinements to
existing research and clinical processes at three levels: First, regarding
pathogenic mechanism elucidation, graph embedding and link
prediction methods support the prediction of potential pathogenic
genes with limited prior knowledge, illustrating a progression from
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TABLE 1 Summary of knowledge graph and RAG applications in rare disease research.

Study

Song et al. (83)

Methodology

Graph RAG: Hybrid structured (Cypher) and vector

retrieval strategies.

Knowledge sources

FPKG (constructed from HPO).

10.3389/fpubh.2026.1757612

Application

Phenotype Diagnosis: Facial phenotype-

associated genetic diseases.

Chen et al. (84)

KG-based Dynamic Few-Shot: Random walk on KG to

retrieve similar cases as prompts.

Integrated KG (HPO, OMIM, Orphanet,
CCRD).

Differential Diagnosis: Complex clinical

scenario benchmarking.

Yang et al. (85)

Agentic RAG: Conversational agent with tool-based

retrieval and multi-source fusion.

Orphanet, OMIM, GARD, Orphadata,
HPO.

Consultation: Interactive diagnosis and

knowledge Q&A.

Wau et al. (86)

CoT-Integrated RAG: “CoT-driven RAG” (reasoning first)
strategy.

HPO database and OMIM clinical texts.

Gene Prioritization: Prediction directly from

unstructured notes.

Wang et al. (87)

Corpus-based RAG: Property-specific chunking of disease

reports.

NORD database.

Question Answering: Rare disease-specific

QA and diagnosis.

Singhal et al.
(88)

Confidence-based RAG: Selective retrieval triggered by

low-confidence predictions.

Clinical guidelines and medical

textbooks.

Patient Screening: Identifying undiagnosed

genetic aortopathies.

Zelin et al. (66)

Knowledge-Guided RAG: Vector-based retrieval from

external disease corpus.

RareDis Corpus (signs/symptoms).

Diagnostic Support: Phenotype-based

disease diagnosis.

Soman et al.

(89)

Context-Aware RAG: Fine-tuning models to optimize

context utilization.

PubMed, NCBI GeneReviews, Patient

Forums.

Patient Information: Ehlers-Danlos

Syndrome queries.

CCRD, Compendium of China’s Rare Diseases, CoT, Chain-of-Thought, FPKG: Facial Phenotype Knowledge Graph, GARD, Genetic and Rare Diseases Information Center, HPO, Human
Phenotype Ontology, KG, Knowledge Graph, NORD, National Organization for Rare Disorders, OMIM, Online Mendelian Inheritance in Man, RAG, Retrieval-Augmented Generation.

discrete association analysis to network-based reasoning (69, 70).
Second, concerning clinical diagnostic support, computational models
based on semantic similarity quantify the degree of phenotype
matching, contributing to the objectivity and interpretability of
diagnostic decisions (71). Finally, regarding therapeutic strategies, the
application of Graph Neural Networks (GNNs) and zero-shot learning
provides computational approaches aimed at addressing data scarcity
in rare disease drug development (69, 71, 72). Additionally, the fusion
of LLMs and KGs (including Retrieval-Augmented Generation) may
improve factual consistency in generative models within medical
contexts by introducing structured knowledge constraints, supporting
the development of diagnostic support systems.

5.2 Challenges, limitations, and future

While KGs offer utility in integrating heterogeneous data, their
translation into clinical practice faces technical and ethical challenges.
The long-tail distribution of rare disease data and noise in EMRs limit
the effectiveness of GNNs, and traditional imputation methods may be
insufficient for handling such sparse data (73). Furthermore, privacy
regulations, such as the General Data Protection Regulation (GDPR),
restrict cross-institutional data sharing, complicating the construction
of large-scale datasets (74). Addressing these challenges, future research
may focus on Federated Knowledge Graphs. This paradigm supports
multi-center collaborative training without exchanging raw data,
facilitating adherence to privacy regulations while helping to expand
sample sizes and potentially improving model generalization and
accuracy (74-76). The methodological trend is shifting from simple
topological analysis to multimodal representation learning and GenAI
to address data sparsity (52). Future directions include user-centered
trial KGs (e.g., RCTKG) to optimize clinical development by integrating
trial data with standardized rare disease information (77).

Moreover, existing RDKGs are predominantly static, potentially
limiting their ability to adapt to the rapid evolution of biomedical
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knowledge and capture recent pathogenic variants and drug
mechanisms in real-time (78, 79). The lack of automated update
mechanisms contributes to a lag in knowledge currency; thus,
utilizing LLMs to construct Time-evolving KGs represents a notable
future direction. For instance, MedkGent utilizes LLMs to construct
dynamic graphs, aiming to improve the timeliness of knowledge
retrieval and reasoning (79). Concurrently, to address limitations
in shallow retrieval, the integration of LLMs and KGs warrants
further investigation to support multi-step causal reasoning. As
illustrated by Integrated Progressive Retrieval-Augmented
Reasoning (IP-RAR), this fusion contributes to semantic
understanding and retrieval accuracy (80). This bidirectional
enhancement paradigm, combining semantic generalization with
structured logical constraints, is relevant for analyzing complex
pathological mechanisms and devising potential therapeutic
strategies (81, 82).

6 Conclusion

This study reviews the applications and technical pathways of KGs
in rare disease mechanism elucidation, diagnostic support, and drug
development. The analysis suggests that KGs offer a framework for
data integration and logical reasoning, presenting potential for
identifying pathogenic associations, assisting in diagnosis, and
supporting therapeutic decisions amidst challenges of data scarcity
and heterogeneity. However, the clinical translation of this technology
remains in an exploratory phase, constrained by issues regarding
multi-source data quality, cross-institutional privacy barriers, and lags
in dynamic knowledge updates. Future research warrants the
exploration of technologies such as federated learning and the
integration of LLMs, aiming to improve privacy security and reasoning
robustness. With continued iteration and validation, KGs may provide
support for evidence generation and clinical decision-making in the
field of rare diseases.
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Glossary

CDG - Congenital Disorders of Glycosylation
CDSS - Clinical Decision Support System
CUI - Concept Unique Identifier

EHR - Electronic Health Record

EMR - Electronic Medical Record

FPKG - Face Phenotype Knowledge Graph
GARD - Genetic and Rare Diseases Information Center
GDPR - General Data Protection Regulation
GNN - Graph Neural Network

GO - Gene Ontology

HPO - Human Phenotype Ontology

ICD - International Classification of Diseases

IP-RAR - Integrated Progressive Retrieval-Augmented Reasoning
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KG - Knowledge Graph

KGE - Knowledge Graph Embedding
LLM - Large Language Model

MoA - Mechanism of Action

NER - Named Entity Recognition

NLP - Natural Language Processing
ORDO - Orphanet Rare Disease Ontology
PPI - Protein-Protein Interaction

RAG - Retrieval-Augmented Generation
RDKG - Rare Disease Knowledge Graph
RE - Relation Extraction

UMLS - Unified Medical Language System

XALI - Explainable Artificial Intelligence
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