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ABSTRACT

Natural product therapeutics represent a chemically diverse and biologically complex discovery space in which
compounds, plant sources, targets, diseases, pathways, evidence records, and safety signals are often
distributed across disconnected data resources. This article proposes a mechanism-guided knowledge graph
architecture for organizing these heterogeneous data into a transparent, queryable, and validation-aware
framework for natural product therapeutic research. The architecture emphasizes normalized compound,
target, gene, protein, disease, phenotype, pathway, evidence, and safety entities, with relation types designed to
distinguish curated associations, experimental findings, computational predictions, literature-derived
statements, database-derived records, and graph-inferred hypotheses. The proposed approach places evidence
provenance and safety-signal integration at the same architectural level as compound-target and disease-
pathway reasoning, preventing graph connectivity from being interpreted as proof of mechanism, efficacy, or
safety. Query and inference logic are framed around graph traversal, rule-based reasoning, ontology-aware
inference, graph embeddings, link prediction, graph neural networks, uncertainty assessment, and expert
review. The main contribution is a layered architecture that supports mechanism-guided candidate
prioritization while preserving interpretability, evidence traceability, and validation requirements. For natural
product therapeutics, such a framework can help organize phytochemical evidence, generate compound-
target-disease hypotheses, examine pathway plausibility, screen for safety concerns, and plan translational
validation. Future work should focus on reproducible graph construction, natural product entity normalization,
evidence-weighting strategies, safety-aware inference, benchmark development, and experimental validation
workflows that connect computational hypotheses with pharmacology, toxicology, and translational research.
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INTRODUCTION

Natural product therapeutics occupy a distinctive position
in drug discovery because plant-derived and other
naturally occurring compounds can contain structurally
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diverse scaffolds, complex source metadata, variable
bioactivity evidence, and safety considerations that are
difficult to interpret through isolated databases or single-
method computational tools. Recent knowledge graph
scholarship in drug discovery shows that graph-based
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integration can connect heterogeneous biomedical
evidence while making dataset selection, curation quality,
and source reliability central design constraints [1, 2]. For
natural product research, this integration challenge is
especially important because the same compound may be
represented through multiple names, chemical identifiers,
source organisms, assay contexts, target annotations,
disease claims, and safety reports.

Biomedical knowledge graphs provide a way to represent
therapeutic evidence as entities and typed relations rather
than as disconnected records. Precision-medicine graph
resources illustrate how normalized biomedical entities can
connect diseases, genes, drugs, phenotypes, and other
evidence-bearing nodes into a structure that supports
interpretable traversal and hypothesis generation [3]. This
principle is directly relevant to mechanism-guided natural
product therapeutics, where compounds should not merely
be listed beside possible targets or indications, but should
be connected through evidence-tagged relations that
identify how the association was generated, what
biological context it reflects, and what uncertainty remains.
Natural product science increasingly requires multimodal
integration across chemistry, bioactivity, taxonomy,
pathway  biology,  pharmacology, and
computational prediction. Recent work on artificial
intelligence and knowledge graphs in natural product
science emphasizes that these technologies are most useful
when they organize diverse evidence streams and support
discovery reasoning rather than replace chemical
authentication, pharmacological testing, or toxicological
validation [4]. A knowledge graph architecture for this
domain must therefore be designed as a validation-aware
evidence system, not as a mechanism-confirmation engine.
The aim of this article is to propose a mechanism-guided
knowledge graph architecture for natural product
therapeutics that integrates compounds, targets, diseases,
pathways, evidence provenance, and safety signals. The
central architecture questions are: which entity layers are
required, how relations should distinguish evidence types
and uncertainty, how safety and ADMET information
should be integrated, how graph query and inference logic
can support candidate prioritization, and how graph-
derived outputs should be routed toward expert review and
experimental validation rather than treated as confirmed
therapeutic mechanisms.

omics,

Knowledge graphs in natural product discovery

In natural product discovery, a knowledge graph can be
understood as a structured representation of entities such
as compounds, plant sources, targets, diseases, pathways,
evidence records, and safety signals, connected through
typed relations that can be queried, traversed, updated, and
evaluated. Drug repurposing knowledge graphs and natural
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product—drug interaction graph frameworks show that
therapeutic graph models can represent compound—target—
disease evidence while also requiring safety-aware relation
design for natural product interaction contexts [5, 6]. This
distinction is important because a graph edge should not be
interpreted as a universal biological fact; it should be
interpreted according to its evidence type, source, context,
and uncertainty.

Knowledge graphs differ from simple databases because
they encode relational meaning rather than only storing
records. They also differ from static network diagrams
because their nodes and edges can carry identifiers,
relation types, evidence labels, and
computationally actionable semantics. In natural product
discovery, sample-centric computational frameworks
show that compounds, biological samples, annotations,
and bioactivity evidence need to remain connected so that
discovery claims can be traced back to their experimental
or analytical context [7]. Without such provenance, a

provenance,

compound—target or compound—disease connection may
become detached from the sample, assay, or annotation
workflow that originally supported it.

Natural product resources also show why compound-
source-activity representation must be explicit. A natural
product activity database can support biomedical research
by linking natural products with activity information and
species-source context, but architecture design must still
normalize compound identities and distinguish activity
records from mechanism-level claims [8]. A mechanism-
guided knowledge graph should therefore treat natural
product activity as one evidence layer among several, not
as a direct substitute for target engagement, pathway
validation, toxicology, or translational efficacy evidence.
For therapeutic hypothesis generation, the knowledge
graph should function as a reasoning environment that
supports questions such as whether a compound has
evidence-linked targets, whether those targets are
associated with disease biology, whether the targets
participate in relevant pathways, and whether the
compound carries safety or interaction concerns. The graph
should also make negative and cautionary information
visible. For example, a compound with plausible pathway
links may still be deprioritized if ADMET alerts,
toxicogenomic signals, herb—drug interaction evidence, or
weak provenance indicate that the hypothesis is not yet
suitable for experimental progression.

Compound, target, and disease entity layers

The compound layer is the entry point for most natural
product therapeutics queries, but it is also one of the most
error-prone layers because compounds may be represented
by trivial names, synonyms, stereochemical variants, salt
forms, mixtures, source-derived annotations, and assay-
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specific identifiers. Bioactivity such as
ChEMBL support assay-linked compound—target evidence
that can inform relation construction [9]. Chemical
identifier such as PubChem support
normalization through structures, identifiers, synonyms,
and cross-references that are necessary for reducing
duplicate or ambiguous compound nodes [10]. In the
proposed architecture, compound nodes should therefore
include preferred names, synonyms, SMILES, InChl,
InChIKey, source context, chemical class when available,
and provenance-tagged activity records.

The target layer should represent genes, proteins,
therapeutic targets, target classes, target identifiers,
organism context, and validation status. Therapeutic target
resources demonstrate the importance of connecting
targets with drugs, indications, and development-relevant
annotations rather than treating targets as isolated
molecular labels [11]. In a natural product therapeutics
knowledge graph, this means that a compound—target edge
should specify whether the
experimental binding data, functional assay evidence,
database curation, literature extraction, computational
prediction, or graph inference. This distinction prevents
predicted or weakly supported edges from being
interpreted as confirmed target engagement.

The disease layer should represent diseases, phenotypes,
disease classes, clinical or biological contexts, and gene-
disease or target-disease associations. Disease genomics

resources

resources

relation comes from

platforms show that gene-disease associations require
evidence support, scoring logic, and careful interpretation
because association does not necessarily imply causality or
therapeutic tractability [12]. For mechanism-guided
natural product research, disease nodes should therefore be
connected to targets, pathways, phenotypes, and evidence
records in a way that distinguishes disease relevance from
therapeutic efficacy. A compound connected to a disease-
associated target should be considered a candidate
hypothesis only when supporting evidence and safety
context are also visible.

Safety-relevant biomedical entity layers should not be
postponed until late-stage interpretation. Toxicogenomic
resources demonstrate that chemical, gene, and disease
evidence can be linked in ways that support safety and
mechanism assessment, but these associations still require
careful interpretation and toxicological validation [13]. In
the proposed architecture, safety nodes should include
toxicogenomic associations, concepts,
toxicity alerts, ADMET properties, herb—drug interaction
signals, contraindication warnings, and validation status.

adverse-event

These nodes should be queryable alongside compound,
target, and disease nodes so that candidate prioritization is
mechanism-guided and safety-aware from the beginning.
Table 1 defines the core entity and relation layers required
for a mechanism-guided natural product therapeutics
knowledge graph.

Table 1. Core Entity and Relation Layers for a Mechanism-Guided Natural Product Therapeutics Knowledge Graph:
Compound, Target, Disease, Pathway, Evidence, Safety, Identifier, Provenance, and Validation Requirements

Normalizatio Mechanis
Graph . Required _ . . Evidence Quality-control Validation X
Entity type . . Primary relation types . m-guided
layer identifiers source . issue need
requirement use
Preferred Chemical Resolve
name, databases,  synonyms, .. . .
. yRony . Misidentified Establishes
Compound, synonyms, is_same_as, natural  stereochemistr compounds Compound the startin
Natural metabolite, SMILES, derived from, product 'y, salt forms, p > authentication, g
. - . ambiguous node for
product phytochemic InChl, has_structure, databases, mixtures, structural
o . names, . . compound-
compoun al, extract- InChIKey, has_activity, assay duplicate . verification,
. - . incomplete centered
dlayer associated database belongs to chemical cl records, records, and assay .
. . - - - . structural " ..., mechanism
constituent accession ass literature- source- . . reproducibility .
. . information queries
where derived specific
available annotations naming
Taxonomi
Natural . .
. ¢ name, Harmonize Source . Links
Plant species, product . - Botanical
. source taxonomic variability, . . compounds
Plant or  organism, . . databases, authentication
. . i accession, produces, contains, synonyms, extract to
biological tissue, sample- . . and . .
sample extracted_from, . preparation  complexity, . biological
source sample, . . . = centric . reproducible -
identifier, associated_with_sample terms, and missing . origin and
layer extract, . - - workflows, . extraction
. preparatio . sample preparation sample
preparation literature metadata
metadata context provenance
. reports
descriptor
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Chemical synonym . maps_to, has_synonym, conflicts, curation of  merging of
. . registry- - - resources and resources and . . o
identifier ~ record, has_cross_reference, incomplete high-priority compound
style - - curated remove . . .
layer structural . . represents_structure . stereochemical ~ ambiguous evidence
. identifiers, compound  duplicate .
representatio . representation  compounds across
Cross- databases chemical
databases
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activity  identifier, organism, incomparable

y and . active_against, databases, . . . replication and evidence
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experimental activity - experimental experimental .
. .. mechanism
context  unit when context conditions
reported
Gene
symbol, . Target . Ortholo Connects
Gene, 4 . binds_to, modulates, & Normalize . g Target
. protein o . databases, . confusion, compounds
protein, . inhibits, activates, . .. gene/protein engagement .
Target . accession, . . . bioactivity . . obsolete to plausible
therapeutic . associated_with disease identifiers and assays and
layer species, - - resources, . symbols, target- . molecular
target, target s species . functional .
target .. . curated family . mechanism
class participates_in_pathway . context . validation
database - literature ambiguity s
identifier
. Disease .
. Disease . Harmonize
Disease, genomics . L .
. . ontology . . disease Association . Links target
Disease indication, . . associated_with_gene, resources, . Disease-model .
identifier, . . . . names, does not imply biology to
and phenotype, associated_with_target, biomedical . relevance and .
.. phenotype - phenotype causality or . . disease-
phenotyp clinical or . has_phenotype, KGs, . biological
. . identifier, - . terms, and therapeutic . relevant
e layer  biological candidate_for literature- e validation
o, synonym . indication efficacy hypotheses
condition ; derived
mapping . labels
associations
Pathway, Pathwa;
Pathway . Y . . Y .. . Curated Map target Pathway Supports
reaction, identifier, participates_in, . . : .
and . . . - pathway  identifiersto  granularity = Pathway-level mechanism-
. . biological reaction regulates, upstream_of, . . .
biological . . resources and pathway and mismatch and experimental  of-action
process, identifier, downstream_of, . . s
process . - mechanism process context validation  plausibility
mechanism  process affects process . .
layer literature ~ vocabularies ~ dependence assessment
module term
Source
. DOI or Databases,
Evidence
database peer- Makes
record, . . .
accession, supports, contradicts,  reviewed Encode . every graph
. source . . . . Unsupported ~ Expert review
Evidence evidence derived_from, literature, evidence type, edge
record, . .. edges, stale and
provenan . type, predicted by, text mining, source, . ..., traceable
assertion . - . . sources, weak reproducibility
ce layer extraction curated_from, computationa date/version, and
record, . . provenance checks .
. method, mined_from | prediction, and method interpretabl
extraction . -
version/da expert e
method .
te when curation
available
ADMET Toxicogenom .
.. Safety . & Separate .. Filters
alert, toxicity . ic resources, . Prediction . .
. term, has_safety_signal, predicted . Toxicology, mechanism-
Safety signal, .. - - ADMET uncertainty, .
toxicity =~ has ADMET alert, . alerts from pharmacokineti supported
and adverse- . . . prediction underreported .
endpoint, interacts_with, curated or cs, and candidates
ADMET event . . tools, safety . adverse effects, . .
ADMET contraindicated with, . experimental . interaction through
layer concept, . : literature, context-specific .
. . property requires_review . . safety . validation safety
interaction - interaction . risk .
. label, . evidence constraints
warning evidence
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Interaction
concept
. Target
Validation g
. engagement, Routes
status, Review
Expert pathway graph-
expert- status, . . . . . C .
L . . reviewed by, review, Standardize Overinterpretati  validation, derived
Validation review  validation . T . oy .
requires_validation, experimental validation on of graph toxicology, hypotheses
and record, method, L . . S .
. . . validated by, studies, categories and connectivity or pharmacokineti toward
review experimental evidence .. . .. . . .
. deprioritized_due to, translational  decision prediction cs, preclinical responsible
layer plan, tier, . . .
. .. updated_after development provenance outputs and clinical ~ candidate
translational- decision . S
. records evaluation  prioritizatio
readiness record
where n
label .
appropriate

Pathway, evidence, and safety signal integration

Pathway integration is essential because compound—target
associations become more interpretable when they are
connected to biological processes, reactions, and disease-
relevant pathway contexts. Curated pathway resources
support this layer by linking genes, proteins, reactions,
pathways, genomes, and biological processes in structured
forms that can be connected to compound and disease
evidence [14, 15]. In a natural product therapeutics
knowledge graph, pathway nodes should therefore be
represented as explicit entities rather than as post hoc
annotations. This allows graph queries to ask whether a
compound-associated target participates in pathways that
are biologically plausible for a disease context.

Evidence integration should distinguish database-derived
associations, curated experimental evidence, literature-
mined statements, computational predictions, and graph-
inferred hypotheses. Integrated biomedical graph models
show that path-based connections among compounds,
genes, diseases, and biological processes can support
repurposing hypotheses, but these connections remain
prioritization signals rather than validated mechanisms
[16]. For natural product therapeutics, this means that a
compound—target—pathway—disease should be
interpreted as a mechanism-guided hypothesis only when
the evidence path is visible, the relation types are clear, and
uncertainty is retained.

route

Literature-derived evidence can expand graph coverage,
especially for molecular mechanisms that are distributed
across many publications, but automated extraction
requires safeguards. Large-scale mechanism assembly
from text mining and curated databases demonstrates the
value of structured molecular relation extraction while also
highlighting the need for evidence tracking and source
transparency [17]. In the proposed architecture, every
literature-mined relation should be attached to a source
record, extraction method, relation type, and review status
so that users can distinguish extracted assertions from
curated or experimentally validated edges.

Safety integration should be represented as a core graph
layer, not as a final manual screening step. Computational
ADMET platforms can contribute absorption, distribution,
metabolism, excretion, and toxicity predictions, but these
predictions must be encoded as uncertain safety evidence
rather than definitive toxicological outcomes [18]. The
architecture should therefore connect compounds to
ADMET alerts, toxicity signals, interaction warnings, and
adverse-event concepts through provenance-tagged
relations that can be filtered during candidate prioritization
and routed toward pharmacokinetic, toxicological, and
expert-review validation.

Table 2 summarizes how pathway evidence, provenance
metadata, ADMET information, toxicity signals, and
safety alerts can be integrated into a natural product
therapeutics knowledge graph.

Table 2. Pathway, Evidence Provenance, ADMET, Toxicity, and Safety Signal Integration in Natural Product
Therapeutics Knowledge Graphs: Data Sources, Relation Types, Confidence Constraints, Interpretation Limits, and
Translational Safeguards

. Safeguard
. Data or . . Safety or Evidence- Interpretat .
Integration . Graph relation Mechanistic . Translationa or
. evidence . . ADMET confidence ion . .
domain encoded interpretation . o 1 risk mitigation
source relevance constraint limitation
strategy
.. . Connects Indirect Requires Pathway . Require
target_participates_in . Overstating .
Curated — — molecular targets safety source and membership disease-
Pathway pathway; . . pathway
. pathway ; to biological relevance  pathway- does not context
membership pathway_contains_pro . relevance .
resources - processes and through version prove evidence and
cess . from target
pathway modules  pathway provenance disease- pathway-
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off-target activity alone validation
biology
. Reaction
Requires . .
May reveal annotation  Treating
Curated . Supports . .. curated . Add assay
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. reviewed . . Expands . . can .. L
Literature- . text_mined_relation; . interaction, method, . . positive  high-impact
. articles - ~ mechanism and misclassify .
mined sentence _supports_ed . and source . mechanism  edges and
. processed by - - association L negation, .
evidence . ge contraindicat DOI, and or safety relation-
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. functional, . . Links graph efficacy- . not translate zing in vitro  evidence
Experiment experimental_evidenc . organism, . .
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al evidence e supports_edge . . endpoint, .
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toxicolo depending on o exposure  relevance replication
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reports endpoint levels planning
Target Requires
rediction, model type, Prediction . .
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Computatio .. predicted_edge; . ADMET L . candidates  orthogonal
prediction, . ~ hypothesis applicabilitexperimenta .
nal . predicted_property; . alerts and .. based only evidence and
. link generation and . y limits, 1 .
prediction .. generated by model . . toxicity . onmodel experimental
prediction, candidate ranking . .. " and confirmatio oy
prioritization . output validation
or GNN uncertainty n
output status
Requires Toxicogeno
. . . curated mic Mislabelin Add
. Chemical— . . Connects chemical  Directly . . . . £
Toxicogeno . chemical associated toxicogeno association risk without exposure
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. toxicology . toxicological  safety-signal .
evidence chemical affects gene . and equal exposure  toxicology
resources mechanisms layer . .. .
evidence  clinical context review
context toxicity
Direct .
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dicti relevance to dicti Fal Use as
rediction . rediction alse .
P compound_has ADM Flags absorption, p Alert does screening
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ET alert; developability and metabolism, not quantify signal, not
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drug etic affects_enzyme or tra PD interaction ionsand , evidence formulation risk during pharmacokin
interaction evidence, nsporter mechanisms clinical  type,and - and dose- prioritization etic expert
curated caution context  dependent review
interaction
records
Expert .
I.) Requires ..
review, .. . Periodic
. . Supports safe explicit Review . .
., .. experimental edge reviewed by; Separates . . Treating old updating and
Validation . : interpretation  status status may . S
follow-up, hypothesis requires v hypotheses from . review status validation
status . o . T . of candidate labels and become
translational alidation; validated by confirmed findings . iy as final feedback
. ranking decision  outdated
decision loops
provenance
records

Mechanism-guided query and inference logic
Mechanism-guided query logic should begin with
transparent graph traversal. A basic query may start from a
natural product compound, traverse to curated or predicted
targets, connect those targets to disease-associated genes
or proteins, and then examine whether the target
participates in disease-relevant pathways. Knowledge
graph embeddings can support discovery of protein target
hypotheses by learning latent graph structure, but their
outputs must be treated as candidate associations that
require biological interpretation and validation [19]. In the
proposed architecture, embedding-derived edges should
therefore be labeled as predicted, model-generated, and
uncertainty-bearing.

Heterogeneous network learning can extend this logic by
integrating multiple entity and relation types into target-
identification workflows. Deep learning approaches over
heterogeneous biomedical networks show that graph-based
models can support target identification across drug, target,
disease, and biological evidence layers [20]. For natural
product therapeutics, this supports an inference module in
which graph traversal identifies interpretable evidence
paths, while machine learning modules rank candidate
compound—target or compound—disease hypotheses. The
architecture should prevent rankings from being
interpreted as mechanisms unless supported by
independent experimental and pathway evidence.
Safety-filtered inference is also required because
mechanism plausibility does not guarantee therapeutic
suitability.  Graph modeling  of
polypharmacy side effects shows that graph neural

convolutional
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networks can represent safety-relevant drug interaction
patterns [21]. Although natural product therapeutics
require additional attention to plant source, extract context,
pharmacokinetics, and herb—drug interaction evidence, the
architecture can adapt this principle by including safety
nodes in candidate-ranking queries. A safety-filtered query
should ask not only whether a compound is connected to
disease-relevant mechanisms, but also whether it is
connected to ADMET alerts, toxicity evidence, interaction
risks, or contraindication signals.

Interpretability and validation safeguards should be built
into the inference workflow. Neuro-symbolic
representation learning on biological knowledge graphs
supports the idea that ontology-aware constraints can make
graph inference more biologically structured [22].
Evaluation studies of knowledge graph embeddings in
drug discovery further show that embedding performance
depends on graph structure, task definition, and benchmark
design [23]. Broader biomedical embedding evaluations
also indicate that link prediction and downstream tasks
must be interpreted in a task-specific way rather than
assumed to be universally useful [24]. Therefore, graph-
derived natural product hypotheses should be reviewed
through provenance, path explainability, uncertainty,
safety filtering, and expert assessment before experimental
validation is planned.

Figure 1 illustrates the mechanism-guided query and
inference workflow that connects compounds, targets,
diseases, pathways, evidence provenance, and safety filters
in a natural product therapeutics knowledge graph.
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Figure 1. Mechanism-Guided Query and Inference Workflow for Natural Product Therapeutics Knowledge Graphs

Table 3 presents mechanism-guided query and inference  product therapeutic hypotheses while preserving evidence
logic for using knowledge graphs to prioritize natural transparency and validation requirements.

Table 3. Mechanism-Guided Query and Inference Logic for Natural Product Therapeutics Knowledge Graphs: Query
Purpose, Graph Pattern, Inference Method, Evidence Requirement, Safety Filter, Uncertainty Source, Validation Need,

and Candidate Action
uery or Graph Candidate
,Q y P Inference Required Safety or  Uncertainty Interpretation  Validation
inference pattern . . or research
. method evidence layer ADMET filter  source boundary requirement .
goal queried action
Identif} . o
Yy Graph Candidate Binding, .
candidate Compound— Remove or flag  Assay . . Prioritize
Compound —  traversal; . L target, not  biochemical, or
targets for a . target evidence; compounds  variability; targets for
target — embedding- : . confirmed  cellular target .
natural ) . provenance with severe  prediction experimental
evidence assisted target . target engagement .
product . record safety alerts  uncertainty testing
ranking engagement assays
compound
Rule-based . Check disease- Association . Select
Connect Target — Target—disease . Disease . .
. traversal; specific strength and Disease-model  disease
targetsto  disease — and gene— s . relevance, not oy
. ontology- . contraindication disease- . validation and contexts for
disease  phenotype — disease .. therapeutic ) ..
. . aware . or toxicity context functional assays mechanistic
biology evidence . evidence . efficacy
mapping context mismatch follow-up
Compound —  Pathwa; Pathwa; Pathwa; Generate
p Y Curated Screen for y o y .
Explore target — traversal; . granularity plausibility, Pathway activity pathway-
. pathway and pathway-linked .
pathway  pathway —  mechanism ; . and not pathway assays and omics level
[ . ) reaction toxicity or off- . . . C .
plausibility ~ biological path . biological ~modulation validation mechanism
. evidence  target concerns
process  reconstruction context proof hypotheses
Compound — Link
- . . L Orthogonal Create
Rank target — prediction;  Multi-source ~ Exclude or  Model bias;  Prioritized & .
. . . . . computational ranked
compound—  disease; graph evidence with  downgrade  incomplete hypothesis, not . . .
. . .. review and  candidate list
disease compound — embeddings; provenance safety-flagged graph clinical .
. e experimental  for expert
hypotheses pathway —  graph neural labels candidates coverage indication Sy .
. validation review
disease networks
Detect Compound — Prediction . Toxicology,
p ADMET, . . Safety signal, Agy . Flag,
safety =~ ADMET alert; Safety-filtered . . Required safety uncertainty - . pharmacokinetic, .o
toxicogenomic, not definitive . . deprioritize,
concerns compound — graph query layer query and . . and interaction
. adverse-event, . clinical risk or route to
early  toxicity signal; incomplete assessment
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compound — and interaction safety safety
interaction evidence reporting review
warning
Curated,
experimental,
literature- Missi .
e Edge — Provenance ! er.a e . 1S58 . . Retain,
Distinguish . mined, Identify safety provenance Evidence  Manual review
. evidence query; L downgrade,
evidence . database-  source type and or weak  support level, of high-impact
record —»  evidence-type . L . or exclude
types . derived, reliability extraction not truth status edges
source/method  filtering . edges
predicted, or metadata
inferred
evidence
Predicted edge Explanation of Use
. . ¢ Path-based . Non-causal P . explainable
Explain — supporting ... Pathevidence Include safety graph Expert review
. explainability; . . paths and . paths to
predicted paths — and relation paths in rationale, not  and targeted .
. . rule . graph . . . guide
links evidence . . provenance  explanations biological experiments .
inspection shortcuts validation
nodes proof .
design
Undate Hypothesis —  Feedback Update safety Changing Updated graph Reproducible  Promote,
P validation loop; rule- Validation- and ADMET  evidence state, not documentation  revise, or
graph after . . . .
validation result — graph based status status evidence status where and version permanent and periodic  retire graph
edge status update relevant drift conclusion review hypotheses

Proposed knowledge graph architecture

The proposed architecture is a layered system that begins
with data sources and moves through entity normalization,
relation construction, evidence provenance, safety-signal
integration, graph storage, query logic, inference modules,
explainability, uncertainty assessment, expert review, and
validation feedback. Open-source biomedical knowledge
graph ecosystems demonstrate the importance of ontology-
aligned construction, source transparency, and reusable
graph components for life-science applications [25]. In a

natural product therapeutics setting, this means that
compounds, plant sources, targets, diseases, pathways,
evidence records, and safety signals should be treated as
interoperable graph layers rather than as disconnected
tables or isolated prediction outputs.

Figure 2 presents the proposed knowledge graph
architecture for mechanism-guided natural product
therapeutics, integrating entity layers, relation layers,
evidence provenance, safety signals, inference modules,
and validation safeguards.
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The data-source layer should include natural product
databases, chemical identifier resources, bioactivity
databases, target resources, disease association resources,
pathway resources, toxicogenomic resources, ADMET
prediction outputs, interaction evidence, and literature-
derived assertions. Biomedical knowledge graph
construction literature emphasizes that graph design should
specify how entities are selected, how relations are
constructed, how sources are integrated,
applications shape the representation [26]. For this
architecture, the entity-normalization layer should resolve
chemical synonyms, structural identifiers, gene and protein
disease terms, phenotype labels, pathway
identifiers, and evidence-source records before relation
construction begins.

The relation-construction and graph-update layers should
be reproducible and version-aware. Knowledge graph
exchange frameworks show that reusable build pipelines,
standardized transformation logic, and shareable graph
artifacts are important for reproducibility and
interoperability [27]. In natural product therapeutics, this
means that each graph build should preserve source
versions, transformation steps, mapping decisions, relation
definitions, and quality-control decisions. When new
evidence becomes available, the graph should update
relation status rather than silently overwrite prior evidence,
allowing users to see whether an edge has been
strengthened, contradicted, revised, or retired.

The graph storage and query layer should support both
direct traversal and federated retrieval. Federated
biomedical query engines demonstrate that graph-based
discovery can connect multiple biomedical APIs and
resources through query logic rather than requiring all data
to be permanently centralized [28]. A natural product
therapeutics graph can therefore use a hybrid approach:
core high-value entities and relations can be stored in the
graph, while additional evidence can be retrieved through
controlled query interfaces when needed. This design
supports extensibility while preserving provenance and
avoiding unnecessary duplication of external resources.
The evidence-provenance and explainability layers are
central to responsible architecture design. Biomedical
relation extraction methods can improve the coverage of
literature-derived graph edges, but extracted relations
require classification, source tracking, and review because
automated extraction can misrepresent context or relation
direction [29]. Explainable path-based knowledge graph
completion further supports the use of reviewable paths for
drug-repurposing hypotheses, provided that path
explanations are interpreted as graph rationales rather than
biological proof [30]. In this architecture, every inferred
hypothesis should therefore be accompanied by its

and how

names,
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supporting paths, source evidence, relation types, safety
signals, uncertainty labels, and validation requirements.

Use cases and research implications

A first use case is compound—target hypothesis generation
for natural product therapeutics. Graph neural network
approaches to drug repurposing show that graph-based
models can support candidate generation across
biomedical networks, but such outputs should remain
hypothesis-generating validated by target
engagement and functional assays [31]. In a natural
product context, this use case would begin with a
normalized compound node, retrieve curated and predicted
targets, inspect supporting evidence, check disease
relevance, and then apply safety filters before selecting
targets for experimental testing.

A second use case is integrated natural product repurposing
and therapeutic exploration. Unified biomedical
knowledge graphs can support drug discovery by
combining heterogeneous biomedical entities and relations
into a searchable structure [32]. For natural product
therapeutics, this implies that repurposing hypotheses
should not be based only on compound—disease similarity
or target prediction. Instead, the graph should require
interpretable paths that connect compound identity, target
biology, disease association, pathway plausibility,
evidence provenance, and safety context.

A third use case is hidden indication discovery and
pathway-based prioritization. Graph neural network
approaches using heterogeneous data can uncover
candidate therapeutic indications, but these indications
remain computational hypotheses that require biological
and translational validation [33]. In the proposed
architecture, such outputs should be ranked not only by
graph inference but also by evidence type, source
reliability, pathway interpretability, safety-signal burden,
and feasibility of validation. This helps avoid prioritizing
highly connected but weakly supported candidates.

A fourth use case is translational-readiness planning for
natural product candidates. Disease-specific graph neural
network repurposing research shows that harmonizing
multiple evidence streams can support urgent therapeutic
exploration, but the same logic requires caution because
graph-derived evidence remains dependent on data quality,
disease context, and validation design [34]. For natural
product therapeutics, research implications include the
need for better compound normalization, natural product—
specific ~ benchmarks,  standardized  safety-signal
representation, interoperable pathway mapping, expert-
review workflows, reproducible graph builds, and
validation pipelines that connect graph hypotheses with
pharmacology, toxicology, pharmacokinetics, and
translational development.

until
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CONCLUSION

This article proposes a mechanism-guided knowledge
graph architecture for natural product therapeutics that
integrates compounds, targets, diseases, pathways,
evidence provenance, and safety signals into a transparent
and validation-aware discovery framework. The
architecture is designed to support hypothesis generation,
candidate prioritization, pathway plausibility assessment,
safety-aware filtering, and
planning without treating graph connectivity, model
prediction, or inferred paths as proof of mechanism, safety,
efficacy, or clinical utility. Its practical value depends on
entity normalization, relation  quality,
provenance, uncertainty representation, reproducible graph

translational validation

evidence

construction, expert review, and integration with
pharmacology,  toxicology, — medicinal  chemistry,
pharmacokinetics, preclinical testing, and clinical

development. Future progress will require natural product-
specific graph benchmarks, improved evidence-weighting
methods, safety-aware inference, interoperable graph
and feedback loops that update graph
knowledge after experimental and translational validation.
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