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Abstract

Drug repurposing seeks to identify new therapeutic uses for existing compounds, yet the
underlying evidence remains fragmented across chemical, biological, pharmacological, and
clinical resources. Knowledge graphs provide a principled framework for integrating these
heterogeneous relationships and reasoning over compound-target-disease associations in
ways that isolated databases cannot support. This article presents a systems-level examination
of knowledge graph-based modeling for drug repurposing, emphasizing architectural choices,
governance mechanisms, inference trade-offs, and deployment constraints rather than
algorithmic detail. The discussion addresses how entity alignment, ontology mapping, and
provenance-aware ingestion shape the quality and trustworthiness of graph-based evidence. It
further compares embedding-based and path-based inference, focusing on interpretability,
scalability, robustness, and calibration under incomplete biomedical knowledge. The article
also considers how graph-driven repurposing can influence research priorities and how
governance structures can reduce disparities in representation across disease areas and
populations. We argue that sustainable and responsible graph-based repurposing requires
treating the knowledge graph as a governed socio-technical infrastructure rather than a static
analytical artifact. Illustrative comparisons with network pharmacology and polypharmacy
modeling are used to clarify structural trade-offs, and the discussion extends to data
stewardship, model documentation, regulatory alignment, and institutional sustainability.
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1. Introduction

The declining productivity of de novo drug discovery has intensified interest in identifying
new therapeutic uses for existing compounds, a strategy commonly known as drug
repurposing. Repurposing offers important practical advantages, including existing
pharmacokinetic and safety data, shorter development timelines, and reduced early-stage
attrition. However, the evidence needed to support repurposing decisions is dispersed across
many heterogeneous resources. DrugBank [1] provides curated information about drug targets
and molecular mechanisms, but it represents only one part of a broader causal and associative
landscape. A knowledge graph can integrate such chemical, biological, and clinical
information into a unified multi-relational structure, enabling systematic exploration of
indirect relationships among compounds, targets, and diseases. This article examines



knowledge graph-based modeling as an infrastructure for drug repurposing, focusing on its
architectural foundations, governance challenges, inference properties, and policy
implications.

The analytical core of graph-based drug repurposing is the recognition that therapeutic action
is not usually a single molecular interaction but a path or subgraph involving multiple
biological processes. Protein—protein interaction networks such as STRING [2] illustrate how
drug targets are embedded in complexes, signaling cascades, and regulatory circuits. The
Comparative Toxicogenomics Database [3] further contributes chemical-gene—disease
relationships extracted from the literature, helping to connect compound exposure to
phenotypic outcomes. When these resources are combined into a knowledge graph, a
compound may be linked to a disease through multiple intermediate nodes, such as a primary
target, an interacting protein, a pathway, a cellular process, and a phenotype. This
representation is richer than a simple bipartite association matrix because it preserves the
distinct semantic types of each edge and node.

Disease-oriented knowledge sources add another layer of explanatory depth. DisGeNET [4]
integrates gene—disease associations from expert curation, text mining, and genome-wide
studies. The Gene Ontology [5] provides a controlled vocabulary for biological processes,
molecular functions, and cellular components, while the Human Phenotype Ontology [6]
captures phenotypic abnormalities in a hierarchical form. These ontologies allow a knowledge
graph to normalize different levels of biological granularity and support reasoning over shared
mechanisms. Without such normalization, equivalent biological concepts may be represented
inconsistently, producing fragmented graphs that weaken cross-domain inference. The
systems perspective adopted here therefore treats ontology alignment and semantic
standardization not as preprocessing details but as central governance decisions.

2. Background and Related Work

Knowledge graphs have become a general-purpose framework for representing heterogeneous
facts as typed entities and relations. Large collaborative platforms such as Wikidata [7]
demonstrate how knowledge graphs can integrate diverse domains at scale while maintaining
community-driven curation. Surveys of knowledge graph technologies [8] emphasize that
graph-based systems differ from conventional relational databases because they treat the
schema as an evolving set of semantic relationships rather than a fixed tabular structure. In
biomedical applications, this flexibility is especially valuable because biological knowledge
changes rapidly, and new entity types such as variants, metabolites, and microbiome
components must be incorporated without disrupting existing data.

Learning from knowledge graphs has been advanced by embedding methods that project
entities and relations into continuous vector spaces. Surveys of knowledge graph embedding
[9] and relational machine learning [10] describe how such representations support link
prediction, entity classification, and similarity search. Translation-based models such as
TransE [11] introduced the influential idea of modeling a relation as a geometric translation
between entity representations. More recent inductive methods have shifted attention from
transductive entity embeddings to subgraph reasoning, allowing predictions for entities that
were not present during training [12]. These developments are relevant to drug repurposing
because new compounds, targets, and rare diseases continuously enter the biomedical
literature.



Network-based drug repurposing has a substantial precedent. Hetionet [13] integrates multiple
biomedical networks and has been used to prioritize drug—disease pairs based on network
patterns. Reviews of drug repurposing describe both the promise and the translational barriers,
including the difficulty of distinguishing causal signals from confounding associations [14].
Network pharmacology approaches have been reviewed extensively in the context of
repositioning, emphasizing the need for robust community detection and path analysis [15].
The modeling of synergistic combinations through network communities has also been
explored in herbal medicine and complex systems [16]. Although such work is not centered
on conventional pharmaceutical development, it illustrates how community structure can
reveal indirect therapeutic relationships.

Graph neural approaches have further demonstrated the utility of structured biological
information. Polypharmacy side effect prediction based on multimodal graph convolution [17]
shows that molecular and interaction data can be combined to anticipate adverse outcomes.
Inductive representation learning on large graphs [18] has provided scalable mechanisms for
generating node representations without retraining entire models, which is important for
periodically updated biomedical knowledge graphs. Together, these lines of work establish
the technical foundations for graph-based repurposing while also revealing unresolved
challenges in governance, interpretability, and institutional deployment.

3. Knowledge Graph Construction and Schema Design for Compound-Target—Disease
Associations

The construction of a biomedical knowledge graph for drug repurposing requires careful
decisions about identity, scope, and provenance. Identity resolution is fundamental because a
compound may appear under different names, salt forms, and database identifiers across
DrugBank [1], chemical registries, and clinical trial records. Similarly, a protein target may be
recorded by gene symbol, UniProt accession, or sequence-derived identifier. Without robust
entity resolution, the graph becomes fragmented, and a compound may fail to connect to its
true target because the target is represented as two distinct nodes. The schema must therefore
support cross-reference tables, canonical identifiers, and versioned mappings while preserving
the original provenance of each assertion.

Ontology mapping constitutes a second architectural pillar. The Gene Ontology [5] and the
Human Phenotype Ontology [6] provide semantic hierarchies that allow queries to expand
from a specific phenotype to its ancestors, thereby capturing mechanistic relationships that
would otherwise remain implicit. For example, a graph may link a target to a narrow cellular
phenotype, while a disease is associated with a broader phenotypic class. Ontology-aware
traversal can recover an indirect association between the target and the disease by navigating
the hierarchical relation between phenotype terms. This kind of semantic closure is central to
graph-based reasoning, but it also introduces risks if ontology versions change or if automated
mappings are not validated against domain expertise.

Provenance and confidence are especially important in the biomedical domain because graph
edges may originate from curated experiments, literature mining, sequence homology, or
predictive models. A knowledge graph that collapses all evidence into a single unweighted
edge cannot distinguish high-confidence causal interactions from speculative associations.
Governance mechanisms should therefore attach provenance metadata, evidence type, source
database, publication identifiers, and update timestamps to each edge. This design enables
downstream ranking models to weight evidence by reliability and allows auditors to trace a
prediction back to its supporting assertions. The systems implication is that the graph is not



merely a data structure but a continuously curated infrastructure with explicit epistemic
commitments.

The scope of the graph also shapes what kinds of repurposing hypotheses can be generated. A
minimal graph containing only compounds, targets, and diseases supports direct associative
inference but cannot explain mechanism. Adding pathways, protein complexes, phenotypes,
tissues, and orthologs increases explanatory depth while also increasing the complexity of
schema maintenance. The structural trade-off is between breadth and semantic coherence. A
broad graph assembled automatically from many sources may contain millions of edges but
also substantial noise. A narrower graph curated by experts may be more reliable but may fail
to surface novel connections in understudied areas. Therefore, schema design should be
treated as a policy decision that reflects institutional priorities about recall, precision, and
translational readiness.

4. System Architecture and Infrastructure

A production knowledge graph for drug repurposing requires an infrastructure that supports
continuous ingestion, transformation, validation, and serving. Ingestion pipelines must
connect to source databases such as DrugBank [1], STRING [2], DisGeNET [4], and
ontology repositories, each of which has its own release cycle and data format. These
pipelines should produce versioned graph snapshots so that any prediction can be reproduced
against the exact state of the knowledge graph at a given time. Without versioning, changes in
source data may silently alter model outputs and undermine scientific reproducibility. The
infrastructure must therefore include data lineage tracking as a first-class system property
rather than an afterthought.

Storage and query technologies introduce further architectural trade-offs. Graph databases
support efficient traversal of entity—relation paths, while specialized graph computation
engines can distribute iterative algorithms over very large networks. However, embedding-
based inference often requires transforming the graph into tensors for training, which may
necessitate separate storage for the symbolic graph and the learned representations. This
separation can create operational friction because updates to the graph must be propagated
into retrained embeddings. Systems that emphasize path-based reasoning may avoid frequent
retraining but may incur higher query-time computational costs. The choice between
materialized embeddings and online graph traversal is therefore not purely technical; it has
direct consequences for latency, cost, interpretability, and maintenance effort.

Deployment of graph-based repurposing models also requires careful attention to update
frequency and computational sustainability. Biomedical knowledge graphs grow rapidly, and
periodic full retraining can be expensive in both energy and engineering time. Incremental
representation learning methods [18] provide one route toward maintaining model utility
under graph evolution. However, incremental updates may introduce conceptual drift if older
assertions are retired or if semantics of ontology classes change. A sustainable infrastructure
should balance freshness against stability, perhaps by maintaining multiple model versions
and by defining release cadences that align with the rate of meaningful biomedical change
rather than with arbitrary calendar intervals.

Security and access control are additional infrastructure concerns because drug repurposing
workflows may involve proprietary compounds, unpublished clinical observations, or
sensitive patient-derived data. The knowledge graph may need to support tiered access, in
which public mechanistic knowledge is visible to all users while proprietary hypotheses and



validation results remain restricted. This requirement complicates governance because
inference over a single graph may mix public and private edges, and model explanations may
inadvertently reveal restricted information. System architects must therefore design access
policies at the granularity of graph neighborhoods and derived predictions, not only at the
level of entire datasets.

5. Inference and Ranking for Drug Repurposing

Inference over a knowledge graph for drug repurposing generally falls into two broad families:
path-based reasoning and embedding-based link prediction. Path-based methods exploit
explicit sequences of relations connecting a compound to a disease, such as a compound
inhibiting a target, the target participating in a pathway, and the pathway being implicated in a
disease. These approaches are transparent because each prediction is accompanied by a
concrete chain of evidence that can be inspected by domain experts. However, path-based
reasoning can suffer from combinatorial explosion when many intermediate nodes are
allowed, and it may miss meaningful patterns that involve multiple weak paths or graph
motifs that are not captured by predefined path templates.

Embedding-based inference learns dense representations of entities and relations from the
structure of the knowledge graph [9]. Translation-based models and other relational learning
methods [10, 11] score candidate compound—disease pairs by comparing learned embeddings,
allowing efficient ranking across very large candidate sets. These models can capture global
statistical regularities that are not visible in any single path. However, their predictions are
often difficult to explain in mechanistic terms, and they may overfit to highly connected
nodes such as well-studied diseases and widely used compounds. The deployment of
embedding-based systems therefore requires additional interpretability layers that map high-
scoring predictions back to supporting graph neighborhoods.

A hybrid approach can combine the strengths of both families. Subgraph reasoning methods
[12] generate predictions by considering local graph structure around a query, while graph
neural models such as those applied to polypharmacy side effects [17] aggregate information
from molecular and interaction graphs. In practice, a repurposing platform may use
embedding models for candidate generation and subsequently apply path-based validation to
produce mechanistic explanations for the most promising candidates. This staged design
introduces a structural trade-off: candidate generation emphasizes recall and computational
efficiency, whereas validation emphasizes precision and explanatory depth. The overall
system design must explicitly manage this trade-off rather than assuming that a single
inference algorithm can satisfy all translational requirements.

Uncertainty quantification is another major concern. Graph-based predictions are often treated
as scores rather than probabilities, and the relationship between a high score and clinical
promise is not straightforward. The incompleteness of the graph, the uneven density of
evidence, and the presence of confounding associations all contribute to uncertainty.
Reproducibility requires that inference outputs be accompanied by confidence intervals,
sensitivity analyses, and evidence provenance. Reviews of network-based repositioning have
highlighted that many published predictions fail to translate because they rely on convenient
network metrics without rigorous validation [14, 15]. A systems-level design should therefore
include built-in evaluation against held-out edges, temporal splits, and external experimental
or clinical evidence.

6. Robustness, Fairness, and Governance



Robustness in graph-based drug repurposing refers to the capacity of the system to maintain
reliable predictions under incomplete, noisy, and evolving knowledge. Biomedical graphs are
notoriously incomplete because many interactions have not been experimentally tested and
many negative results are never published. Embedding models may be sensitive to this
incompleteness, learning spurious regularities from the uneven sampling of biological space.
Inductive methods that rely on local subgraph structure [12, 17] can be more robust to
missing global statistics, but they may still inherit biases present in the underlying graph.
Robustness should therefore be evaluated not only through aggregate link prediction accuracy
but also through stress tests that simulate missing edges, deleted nodes, and shifted ontology
versions.

Fairness is an increasingly important consideration in computational drug repurposing.
Knowledge graphs are constructed from the scientific literature and curated databases, both of
which are historically biased toward well-funded diseases and model organisms. Rare
diseases, diseases predominantly affecting underserved populations, and neglected tropical
diseases may be poorly represented in compound—target—disecase knowledge graphs. As a
result, graph-based ranking systems may systematically overlook repurposing opportunities
for these conditions. Model cards and similar transparency documents [19] provide a
mechanism for reporting the intended use, limitations, and evaluation context of predictive
systems. When integrated into a repurposing platform, such documentation can make
inequities visible and enable corrective action.

Data governance is inseparable from algorithmic governance. The FAIR principles for
scientific data management [20] emphasize findability, accessibility, interoperability, and
reusability, all of which are relevant to biomedical knowledge graphs. A FAIR-aligned graph
should expose stable identifiers, provenance records, license terms, and machine-readable
schema. Governance structures must also specify roles for curators, domain experts, data
stewards, and model validators. Without such institutional arrangements, graph quality
degrades over time, and predictions become detached from the evidence base. The
governance challenge is not solved by a single tool; it requires enduring organizational
commitments to maintenance, documentation, and audit.

The fairness and robustness concerns interact in important ways. A model that is robust in
aggregate terms may still perform poorly for rare diseases because the number of training
edges is small. Conversely, efforts to improve fairness by adding data for underserved
conditions may reduce aggregate accuracy if the new data are noisy or poorly standardized.
These trade-offs should be made explicit through multi-objective evaluation frameworks that
report performance by disease category, population group, and evidence density. Such
reporting encourages system builders to treat equity as a system-level property rather than a
post hoc adjustment.

7. Deployment, Sustainability, and Policy Implications

Deploying a knowledge graph-based repurposing system in a translational setting requires
alignment with biomedical and regulatory expectations. Predictions from such systems are
typically hypotheses rather than actionable clinical recommendations. They must be
communicated to medicinal chemists, preclinical researchers, and clinical investigators in
ways that convey mechanistic rationale, evidential strength, and uncertainty. Reviews of drug
repurposing have repeatedly noted that computational predictions are only the beginning of a
long validation process [14]. Therefore, deployment platforms should support workflow



integration, evidence capture, and collaborative review rather than functioning as isolated
scoring engines.

Sustainability depends on the maintenance of both the graph and the model ecosystem.
Ontologies such as the Gene Ontology [5] and the Human Phenotype Ontology [6] require
continuous community curation; if these upstream resources stagnate, the downstream graph
loses semantic resolution. Collaborative knowledge bases such as Wikidata [7] demonstrate
the potential of community-driven maintenance, but biomedical resources need specialized
expertise and careful conflict resolution. Funding models that only support initial construction
without long-term curation create a familiar infrastructural failure in which systems become
outdated and lose trust. Institutional sustainability should therefore be designed as part of the
initial architecture rather than treated as an afterthought.

Policy implications extend from data sharing to clinical translation. Biomedical knowledge
graphs often contain data derived from multiple jurisdictions, each with different intellectual
property, privacy, and research ethics requirements. Aggregating these data into a unified
graph can create regulatory ambiguity, especially when predictions cross national boundaries
or involve patient-derived data. Aligning graph governance with FAIR principles [20] can
improve interoperability, but it does not automatically resolve questions of consent,
commercial confidentiality, or liability. Policymakers, research funders, and institutional
review boards should develop guidance that recognizes knowledge graphs as dynamic
research infrastructures with distributed responsibilities.

The broader societal impact of graph-based drug repurposing includes the possibility of
redirecting research toward underrepresented diseases. Because graphs make hidden
connections visible, they can help identify plausible treatments for conditions that lack
commercial incentives. Achieving this potential requires deliberate investment in data
coverage, curation for neglected diseases, and fairness-aware evaluation [19]. It also requires
publishing negative results and failed predictions so that the graph does not become
dominated by positive findings. A mature policy framework would treat such negative
evidence as a valuable public good and support its structured integration into biomedical
knowledge graphs.

The long-term value of graph-based repurposing depends on trust. Trust arises not only from
predictive accuracy but also from transparency, auditability, and responsiveness to correction.
Model documentation [19], provenance tracking, evidence attribution, and versioned releases
all contribute to a system that can be interrogated by scientists and regulators. When
predictions are presented with clear explanations and caveats, domain experts can assess
whether a proposed relationship is mechanistically plausible and worth experimental follow-
up. This sociotechnical integration is essential because the ultimate goal is not to replace
human judgment but to extend it with structured, governed, and transparent knowledge.

8. Conclusion

Knowledge graph-based modeling of compound—target—disease associations offers a powerful
framework for drug repurposing, but its value depends on more than algorithmic
sophistication. The graph must be designed as a governed infrastructure with robust identity
resolution, ontology alignment, provenance tracking, and version control. Inference methods
must balance interpretability, scalability, and robustness under incomplete knowledge.
Fairness and policy considerations must be embedded in the system from the outset to ensure
that repurposing opportunities are not disproportionately concentrated in well-studied disease



areas. Sustainable deployment requires long-term curation, institutional data stewardship, and
regulatory alignment. When these sociotechnical dimensions are addressed together,
knowledge graphs can become reliable engines for generating transparent and equitable
therapeutic hypotheses.
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