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ABSTRACT

Computational phytopharmacology is increasingly shaped by compound databases, curated natural product
repositories, predictive models, knowledge graphs, explainable artificial intelligence, safety informatics, and
translational decision-support concepts. However, the field often evaluates individual methods without a
structured account of how computational systems mature from descriptive resources into evidence-aware
discovery environments. This article proposes an original maturity pathway for computational
phytopharmacology systems. The model defines staged progression from descriptive compound databases to
curated and linked phytopharmacology data systems, predictive computational discovery systems, explainable
evidence-aware decision-support systems, and translational validation-linked discovery systems. The
proposed maturity logic emphasizes that higher maturity is not achieved merely by expanding database size or
increasing model complexity. Instead, maturity requires improved data quality, provenance, chemical and
botanical annotation, target and pathway evidence, ADMET and safety awareness, model validation, uncertainty
communication, explainability, evidence grading, expert review, governance, and clearly bounded decision-
support roles. The article distinguishes lookup-oriented resources from predictive hypothesis-generation
systems and from translationally useful platforms that remain dependent on experimental and clinical
validation. The maturity model offers a conceptual framework for researchers, database developers, Al model
designers, pharmacologists, phytomedicine scholars, and translational scientists seeking to assess
computational phytopharmacology systems without overstating predictive, mechanistic, or clinical claims.
Key Words: Computational phytopharmacology, Maturity model, Natural product informatics, Predictive
modeling, Explainable Al, Translational discovery
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INTRODUCTION

Natural products remain important starting points for
therapeutic discovery because they provide chemically
diverse structures, biologically evolved scaffolds, and
pharmacologically  relevant activities, yet their
development is complicated by structural complexity,
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source variability, target multiplicity, and translational
uncertainty [1].

These features make computational phytopharmacology
more than a matter of digitizing plant-derived compounds;
it requires a staged way to connect botanical identity,
phytochemical annotation, bioactivity evidence, predictive
modeling, safety interpretation, and validation planning.
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Computational approaches have become central to natural
product research because they can support virtual
screening, target hypothesis generation, chemical-space
exploration, molecular similarity
pharmacological prioritization, and developability
assessment [2]. In phytopharmacology, such methods are
useful only when their outputs are treated as research-
supporting hypotheses rather than direct evidence of
efficacy, mechanism, safety, or clinical readiness.
Artificial intelligence has expanded the possible scope of
natural product discovery by supporting structure-based
prioritization, ligand-based prediction, molecular property
estimation, generative design, and integration of complex
biological data [3]. However, the movement from Al-
assisted  screening  to computational
phytopharmacology requires careful attention to training
data, chemical representation, assay context, biological
interpretability, and the risk of converting probabilistic
outputs into unsupported pharmacological claims.

Recent scholarship on Al for natural product drug
discovery has emphasized that useful computational
systems depend on high-quality datasets, appropriate
algorithms, careful benchmarking, and validation
strategies that are suitable for the biological question being
addressed [4]. This article therefore develops an original
maturity model for computational phytopharmacology,
with the aim of explaining how the field can progress from
descriptive compound databases toward predictive,
explainable, evidence-aware, and translational discovery
systems while maintaining clear decision boundaries.

analysis,

mature

Computational phytopharmacology maturity
Computational phytopharmacology maturity can be
defined as staged capability development across data

availability, data curation, provenance, predictive
modeling, explainability, evidence interpretation,
validation readiness, governance, and translational

usefulness. Descriptive natural product databases form an
essential baseline because they organize structures,
sources, names, and basic annotations, but database
availability alone does not establish pharmacological
evidence quality or decision-support readiness [5].

A more mature system must align the computational
question with the available data and model type. Machine-
learning applications in drug discovery show that model
usefulness depends on training data relevance, endpoint
quality, validation design, and the practical decision
context in which outputs are wused [6]. For
phytopharmacology, this means that predictions about
plant-derived compounds require clear boundaries around
the chemical domain, biological endpoint, assay
provenance, and intended research use.
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Maturity should not be equated with algorithmic novelty,
automation, or model complexity. Critical assessments of
Al in drug discovery argue that computational impact
depends on realistic problem framing, appropriate
benchmarks, data quality, and integration into workflows
where model outputs can be tested and interpreted [7]. In
the proposed maturity logic, a simpler system with curated
provenance and transparent validation may be more mature
than a more complex black-box system that produces
poorly contextualized predictions.

Chemical and biological data quality is a central maturity
determinant because models trained on biased,
heterogeneous, noisy, or biologically mismatched data
may generate outputs that appear precise but remain
weakly grounded [8]. Computational phytopharmacology
maturity therefore from data
accumulation to data meaning: botanical identity must be
traceable, chemical annotations must be standardized,
bioactivity contextualized, and
prediction outputs must remain linked to uncertainty,
provenance, and validation status.

requires movement

evidence must be

Descriptive and predictive system levels

The first transition in computational phytopharmacology
maturity is from descriptive compound listing to curated
phytopharmacology data systems. Curated medicinal plant
resources can connect plant identity, phytochemical
constituents, therapeutic associations, and literature-
supported  annotations, thereby moving beyond
unstructured lists of compounds toward organized
evidence resources [9]. In the proposed model, this
transition marks the difference between Level 1 descriptive
databases and Level 2 curated data systems.
Bioactivity-linked natural product repositories add another
maturity layer by connecting species sources, compound
identities, and experimentally reported activity information
[10]. Such systems can support target prioritization, assay
selection, and computational model development, but they
should not be interpreted as proof that a plant-derived
compound has a confirmed therapeutic mechanism. Their
maturity contribution lies in transforming isolated
compound records into evidence-bearing entries that may
support downstream hypothesis generation.

Open natural product compound collections increase
chemical coverage and computational reuse, but structural
aggregation does not automatically resolve evidence
provenance, biological relevance, or translational
usefulness [11]. Linked knowledge-management
initiatives strengthen maturity by making natural product
information more reusable, interoperable, and provenance-
aware across distributed research contexts [12]. Together,
these resources illustrate that Level 2 maturity depends not
only on how many compounds are represented but also on
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whether records can be traced, connected, interpreted, and
reused responsibly.

Predictive computational discovery systems represent
Level 3 maturity when they use curated chemical and

outputs remain computational predictions that require
biological interpretation and validation before they can be
treated as mechanisms [13]. Level 3 systems therefore shift
computational phytopharmacology from retrieval toward

biological data to support hypothesis generation, candidate
prioritization, target prediction, ADMET screening,
toxicity estimation, or pathway inference. Target-
prediction tools for small molecules can help identify

prioritization while retaining a strict boundary between
prediction and confirmation.

Table 1 compares descriptive, curated, linked, and
predictive system levels in computational

plausible protein associations for phytochemicals, but their ~ phytopharmacology maturity.

Table 1. Descriptive and Predictive System Levels in Computational Phytopharmacology Maturity: Compound
Databases, Curated Repositories, Linked Data Systems, Knowledge Graphs, Target Prediction, ADMET Prediction,
Pathway Inference, and Validation Requirements

Main
Primary data . Evidence e e e c . Transition
System level Core purpose . computational Key limitation Validation need .
inputs e generated requirement
capability
. Compound .
Organize plant- P Identity checks, .
. names, Search, o Coverage may . Add curation
_r derived . Descriptive . duplicate
Descriptive structures, retrieval, be mistaken for rules,
compounds and . . record-level . control,
compound database . source species, browsing, and . . evidence . provenance, and
basic . information . annotation . .
. synonyms, inventory quality . evidence links
annotations . . consistency
identifiers
Botanical
. . Curated
Connect plant identity, plant
. . source-to- . Source Add
identity,  part, compound  Structured Curation depth o . .
Curated . . . compound . traceability, interoperability,
phytochemistry, annotation, curation and and evidence . . .
phytopharmacology . . .. . . and . curation audit,  standardized
. bioactivity, and literature evidence quality may . . .
repository . L. compound- evidence- identifiers, and
therapeutic records, organization .. vary . .
S to-activity context review  linked data
context bioactivity .
. evidence
entries
Standard
Enable cross-  identifiers, .
. Linked records  Provenance .
resource ontologies,  Interoperable = Traceable . . Add predictive
. . . may imply  checks, relation
. connection and provenance  querying and linked . models and
Linked data system . unsupported validation, .
reusable metadata,  cross-database  evidence . . . uncertainty-
. . . biological semantic .
knowledge compound- connection  relationships . . aware inference
. causality consistency
representation target-pathway
links
Represent
entities and Curated
relationships entities, relation Graph traversal, Mechanism-  Graph paths . .. Add validated
. . Relation-quality -
across types, evidence relation relevant and may be . . prediction,
Knowledge graph- . . . audit, evidence L.
compounds, records, safety  discovery, evidence- overinterpreted . explainability,
enabled system . . . grading, expert ..
sources, targets, annotations, evidence path linked as confirmed review and decision
pathways, interaction exploration  hypotheses  mechanisms boundaries
diseases, and records
evidence
Chemical External
Prioritize structures, validation,
. . . - . Add pathway
L plausible  known ligand- Target Predicted Predictions are applicability-
Target-prediction . . context and
molecular target data, hypothesis target not confirmed domain .
system . . o . evidence-aware
targets for similarity generation associations mechanisms assessment, . .
. . interpretation
phytochemicals  features, experimental
bioactivity data follow-up
ADMET or Screen Chemical . . . . Add safet
.. L S . Property and  Candidate Predicted risk Benchmarking, . Y
toxicity-prediction _developability descriptors, risk prediction triage signals does not equal domain analysis evidence
system and safety- ADMET labels, P £e S q ISIS, integration and
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relevant toxicity experimental  prospective translational
properties endpoints, safety evidence testing gates
assay metadata
Link predicted Target dat . .
H‘Zarp:::s l:re ari‘; : ) Pathwa Biological Add
\%% . W o o
. . 8 .. P .y Mechanistic Pathway- . Y plausibility  explainability,
Pathway-inference  bioactivity annotations, . enrichment can . .
. .. hypothesis level review and evidence
system signals to omics signals, L overstate causal . .
. . . organization  hypotheses experimental  grading, and
biological disease relevance . .
. design linkage expert review
processes associations
L ML, QSAR, L
Prioritize Curated Q Applicability-
. target . . Add
compounds, chemical, e Ranked or Model outputs domain analysis, .
.. . . prediction, . explainable,
Predictive targets, biological, filtered may be independent .
. . . ADMET . o evidence-aware
discovery system mechanisms, or  activity, . research mistaken for validation, ..
. prediction, L . decision-support
developability pathway, and hypotheses validation uncertainty o
hypotheses safety data network reportin capability
P Y inference P g
Explainable and translational system levels approaches to pharmacokinetic natural product-drug
Higher-maturity =~ computational  phytopharmacology interactions show how natural products, drugs, enzymes,

systems must connect prediction to interpretability,
uncertainty, safety, and decision context. ADMET
prediction platforms can support systematic screening of
absorption, distribution, metabolism, and
toxicity-related properties, but their role remains candidate
triage rather than replacement of experimental safety
assessment [14]. This distinction is especially important
for plant-derived compounds because chemical
complexity, exposure uncertainty, formulation context,
metabolism, and interaction potential can alter the meaning
of predicted properties.

Explainable Al is a defining requirement for Level 4
maturity because decision-support users need to
understand why a model produced a target, property, risk,
or prioritization output [15]. Explainability may show
influential features, structural alerts, graph paths, or
evidence relationships, but it should not be treated as
causal proof of pharmacological action. In the proposed
model, explainability improves interpretability and
auditability only when paired with uncertainty
communication, evidence provenance, and expert review.
Evidence-aware translational systems also require
structured  safety = knowledge. = Knowledge-graph

excretion,

transporters, evidence records, and interaction mechanisms
can be connected in a computable representation [16]. This
kind of evidence organization supports higher maturity
because it allows safety-relevant relationships to be
inspected, traced, and evaluated rather than hidden behind
isolated prediction outputs.

A translationally oriented phytopharmacology system
should connect chemical characterization, preclinical
signals, clinical interaction evidence where available, and
decision-focused modeling without implying that
computational output alone determines clinical readiness
[17]. Recommended approaches for modeling
pharmacokinetic natural product-drug interactions further
show that computational models should support decision-
making only within transparent evidence boundaries and
with explicit recognition of uncertainty, assumptions, and
validation needs [18]. Level 5 maturity therefore refers to
validation-linked research decision support, not regulatory
approval, clinical recommendation, or proof of therapeutic
safety.

Table 2 summarises explainable and translational system
levels required for higher-maturity computational
phytopharmacology.

Table 2. Explainable and Translational System Levels in Computational Phytopharmacology: Explainable Al,
Evidence Grading, Uncertainty Communication, Human Expert Review, Validation Gates, Safety Awareness, Decision
Support, and Translational Readiness

Higher- Evidence Decision-
g . . Required Required model , . . . Readiness
maturity Core function . interpretation support Failure risk .
e data quality feature signal
capability role boundary
. . Output
Curated inputs Feature Explanation . P .
Make model . o Helps users Supports rationale is
0 ts with traceable  attribution, inspect why a  interpretation. may be isible
. utpu . . . A , . \% ,
Explainable AT . P chemical and rationale display, p. . Y P mistaken for
interpretable to . . prediction was ~ not causal . bounded, and
biological graph-path . mechanism .
researchers . . produced confirmation linked to
meaning explanation, or proof .
uncertainty
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interpretable
model structure
Uncertaint Predictions
Labeled data . v Helps .
. estimates, e Users may include
. with known . distinguish . .
. Indicate confidence . domain flags, Supports ignore uncertainty
Uncertainty . . . endpoint strong, weak, . .
.7 limits and domain confidence cautious uncertainty and and
communication . context and . and out-of- o L
boundaries o warnings, or . prioritization over-rank  applicability-
applicability . domain . .
. . model-limit .. predictions domain
information o predictions . .
indicators information
Provenance-
rich records . Helps separate Weak evidence Claims are
e Evidence-layer . .
. Distinguish from assays, . prediction, Supports may appear linked to
Evidence . . tagging and . . ; .
. evidence strength literature, . assay evidence, evidence-aware equivalentto evidence type
grading . source-quality . . . .
across data types  repositories, .. and translational research triage direct and evidence
. indicators . S
and validation evidence validation strength
studies
Add Reviewable Human-in-the- Helps identify
. . . . Supports
pharmacological, records, loop review implausible, .. . Expert
. . decision Automation ..
Human expert chemical, transparent interface or unsafe, or . decisions are
. . refinement, not bias may reduce
review botanical, and  outputs, and expert poorly .. . documented
. . . automated  critical review .
translational accessible annotation supported ) and auditable
. approva
judgment provenance workflow outputs PP
Versioned  Gate logic for
Connect . 5 Gate may be ..
. datasets, independent . Each transition
computational . Helps decide Supports go/no-  treated as a ..
Sy model outputs, testing, . . has explicit
Validation gate  hypotheses to L what evidence is  go research score rather .
. protocols, and replication, or . validation
testing . . needed next planning than a .
. experimental  prospective . requirements
requirements . requirement
context evaluation
.. Safety
Integrate toxicity, annotations Safety signals
ADMET, . . Safety filters, Helps prevent Supports safety- Predicted safety Y SIE
. . interaction . . . are shown
Safety interaction, . interaction graph purely efficacy-  informed may be
. evidence, . . . before
awareness contraindication, links, and risk centered research mistaken for .
ADMET data, o C .. translational
and exposure flags prioritization  prioritization  clinical safety .
exposure prioritization
concerns
context
Link computational Data . .
P . Helps identify ..
outputs to connecting .. Supports Decision
.. . . Decision-support ~ whether a . .
) preclinical, clinical, chemistry, ) : . structured ~ Readiness may outputs remain
Translational . . workflow with  candidate is .
. . formulation,  biology, safety, . research  be overstated as conditional
readiness logic evidence  ready for further .. Sy
exposure, and  exposure, and . o decisions, not approval  and validation-
. . D boundaries validation . . .
implementation validation . medical advice linked
. planning
questions status
System
FAIR, o Y
Track model versioned Audit trails, Helps make Opaque outputs can be
versions, data . reproducible system Supports  workflows may traced to data,
Governance quality- .. . .
. provenance, workflows, decisions responsible undermine trust  models,
and auditability .. controlled, and . . . .
decision records, model inspectable and implementation and evidence, and
. provenance- . e .
and review steps . documentation  accountable reproducibility review
rich data .
decisions
Capability progression logic reasoning, transparent endpoint definition, and validation
Capability progression in computational  logic appropriate to the chemical and biological space

phytopharmacology begins when a system moves from
data availability toward data validity. Predictive systems
cannot be considered mature simply because they produce
or property
applicability-domain

target hypotheses,
clear

compound rankings,
estimates; they require
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being modeled [19]. For plant-derived compounds, this is
particularly important because structural diversity,
stereochemical complexity, source-dependent annotation,
and heterogeneous assay evidence can make prediction
boundaries difficult to define.
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The next transition is from prediction to biologically
interpretable  prioritization.  Drug-target interaction
prediction systems can support prioritization by estimating
plausible compound-target associations, but these outputs
should be treated as hypotheses that guide experimental
design rather than as confirmed mechanisms [20]. In a
maturity pathway, Level 3 systems are therefore useful
when they help select candidates, targets, or assays for
further study, but they remain immature if they lack
validation, uncertainty communication,
context reporting.

Developability-oriented prediction adds another transition
requirement because candidate prioritization should not
focus only on putative efficacy. Scalable ADMET
prediction platforms can help evaluate large chemical
libraries and support early triage, but their outputs remain
computational signals that require endpoint-specific

or evidence-

computational phytopharmacology, this that
ADMET, toxicity, interaction, and exposure plausibility
should be introduced before translational claims are made,
not after mechanistic narratives have already been
constructed.

The transition from predictive systems to responsible
decision-support ~ systems requires ground truth,
reproducibility, human intervention, and explicit limits on
what Al outputs can support [22]. Safety-aware maturity
also requires herb-drug interaction evidence systems
because phytopharmaceutical candidates may involve
complex exposure, metabolism, transport, and co-use
contexts that are not captured by compound lists alone
[23]. Figure 1 illustrates the capability progression
pathway from descriptive compound databases to
predictive, explainable, and translational computational
phytopharmacology systems.

means

interpretation and follow-up evidence [21]. In
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Figure 1. Capability Progression Pathway for Computational Phytopharmacology Maturity

Alt-text description

A staged maturity pathway diagram
computational phytopharmacology systems progressing
from descriptive compound databases to curated linked
data systems, predictive discovery systems, explainable
evidence-aware systems, and translational validation-
linked systems. Capability requirements increase across
data quality, prediction, explainability, wvalidation,
governance, and decision support.

showing

Proposed maturity model

The proposed maturity model organizes computational
phytopharmacology systems into five progressive levels.
Level 1 consists of descriptive compound databases that
support lookup, inventory, and basic annotation. Level 2
consists of curated and linked phytopharmacology data
systems that connect plant identity, chemical entities,
bioactivity evidence, source provenance, and interoperable
identifiers. Level 3 consists of predictive computational
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discovery systems that generate target, ADMET, toxicity,
pathway, or prioritization hypotheses. Level 4 consists of
explainable evidence-aware decision-support systems that
combine prediction with rationale, uncertainty, evidence
grading, safety awareness, and expert review. Level 5
consists of translational validation-linked discovery
systems that connect computational hypotheses to
validation planning, safety interpretation, governance, and
bounded research decisions. Biomedical knowledge graphs
provide one organizing approach for connecting entities,
evidence, and relationships across such maturity levels
[24].

In this model, higher maturity reflects integration of
technical capability with evidence quality. Drug-discovery
knowledge graphs illustrate how structured relationships
among compounds, targets, diseases, pathways, and
evidence sources can support hypothesis generation and
decision pathways when relation provenance and
interpretation limits are preserved [25]. For computational

wWww.eijppr.com

48



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | August 2025 | Volume 15 | Issue 4 | Page 43-52
Lukas Weber, Maturity Pathways for Computational Phytopharmacology: From Descriptive Compound Databases to Predictive, Explainable, and

Translational Discovery Systems

phytopharmacology, this means that graph-based systems
should not merely connect more nodes; they should make
it possible to inspect why a candidate, target, pathway, or
safety signal is being prioritized.

Interoperability is a central transition requirement between
curated data systems and evidence-aware decision-support
environments. Life-science knowledge graph work shows
that reusable biomedical knowledge representations can
support cross-resource integration, semantic querying, and
[26]. In phytopharmacology
maturity, this supports the need for standardized compound
identifiers, botanical names, target identifiers, pathway
terms, evidence records, safety annotations, and decision

distributed data reuse

provenance.

Graph inference and embedding-based prediction can
increase discovery capability, but only if evaluation
reflects realistic use conditions. Knowledge graph
embedding studies for drug-drug interaction prediction
show that graph-based inference should be assessed under

conditions that resemble practical prediction scenarios
rather than idealized retrospective settings [27]. This
principle is directly relevant to computational
phytopharmacology because graph-predicted compound-
target, compound-pathway, or interaction associations may
otherwise appear more mature than their evidence base
permits.

Human expert review is required because mature systems
must support judgment rather than replace it. Human-in-
the-loop molecule-generation workflows demonstrate how
expert feedback can guide computational exploration
toward goal-oriented outcomes [28]. Governance also
requires data quality beyond simple FAIR availability,
because maturity depends on whether data are findable,
accessible, interoperable, reusable, and sufficiently reliable
for their intended discovery use [29]. Table 3 presents the
proposed  maturity model for  computational
phytopharmacology systems.

Table 3. Proposed Maturity Model for Computational Phytopharmacology: Descriptive Databases, Curated and Linked

Data Systems, Predictive Discovery Systems, Explainable Evidence-Aware Systems, and Translational Validation-

Linked Discovery Platforms

Evidence or Decision-

Maturity Defining Data Model  Explainability . Transition
Level name . . . . validation support L.
level capability requirement requirement requirement . priority
requirement role
Searchable Standardized
inventory of compound Identity Move from
. lant-derived names, chemical . checks Supports compound
Descriptive P ’ No predictive Transparent L PP . p,,
compounds, structures, duplicate  lookup and availability to
Level 1  compound . model  metadata fields .
structures, botanical . . control, inventory curated
databases required  and definitions . .
sources, and sources, annotation only evidence
basic identifiers, review context
annotations synonyms
Botanical
Curated . .
. identity, plant  Rule-based
connection it 4 linki Curati dit Supports
art, compoun inking, uration audit, .
Curated and ~ among plant P p g . evidence Add validated
. . . annotation, semantic Traceable evidence . ..
linked identity, bioactivit erv. or source-to Fovenance exploration  predictive
. v uery, urce-to- \% ,
Level 2 phytopharmacol phytochemistry, Y quety P . and models and
. .. records, graph record relation L
ogy data bioactivity, . . . . research  applicability-
literature representatio  explanation consistency . . .
systems targets, hypothesis domain logic
provenance, n may be checks .
pathways, and . framing
interoperable used
provenance . .
identifiers
... ML, QSAR,
. Curated training Q
Candidate, . target External
data, endpoint o L o Add
Predictive target, pathway, labels. chemical prediction, Basic rationale, validation,  Supports explainabilit
. ADMET, > ADMET feature benchmark prioritizatio P . Y
computational .. descriptors, . o . evidence
Level 3 . toxicity, or prediction, contribution, or  testing, n for .
discovery . assay context, .. . o . grading, safety
developability . toxicity model-limit  applicability- experimenta
systems . uncertainty- . . . . context, and
hypothesis prediction, reporting domain 1 planning .
. relevant expert review
generation pathway assessment
metadata .
inference
. Integration of ~ Multimodal Predictive Human-  Expert review, Supports Link outputs to
Explainable . . S
Level4 | prediction, curated data, models plus readable  validation-gate bounded validation
evidence-aware . . .
provenance, evidence records,  graph rationale, planning, research  workflows and
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decision- uncertainty, safety inference, uncertainty evidence- decision-  translational
support systems  evidence annotations,  uncertainty  flags, graph strength making readiness
grading, safety  interaction = communicati paths, evidence assessment conditions
awareness, and evidence, on, and traceability
expert review  pathway and  evidence-
disease context aware
filtering
Connection of
computational ~ FAIR-plus- Independent
hypotheses to uality data, Governed . . validation Supports Maintain
. P Sy q y Full audit trail . PP i
Translational validation versioned models . planning,  structured  continuous
L. . . ofrationale, o .
validation-  planning, safety datasets, embedded in uncertaint reproducibility go/no-go updating,
Level 5 linked interpretation,  experimental reproducible evi dencey’ checks, safety research  governance,
discovery governance, metadata, validation- . ’ review, decisions, and context-
. review, and . .. .
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Figure 2. Maturity Model for Predictive, Explainable, and Translational Computational Phytopharmacology Systems

Alt-text description

A conceptual maturity model diagram showing five system
levels connected to data requirements, model capabilities,
evidence requirements, explainability, validation gates,
expert review, safety awareness, translational readiness,
and decision-support boundaries.

Practical implications

For computational phytopharmacology researchers and
natural product database developers, the maturity model
provides a way to assess whether a system mainly supports
lookup, curated evidence exploration, prediction,
explainable prioritization, or validation-linked decision
support. FAIR data-management principles in drug
discovery indicate that practical implementation requires
attention to data  discoverability, accessibility,
interoperability, reusability, provenance, and workflow-

ISSN (Online) 2249-6084 (Print) 2250-1029

level data stewardship [30]. Applied  to
phytopharmacology, this means that database builders
should report curation logic, source provenance, chemical
identifier standards, botanical identity handling, evidence
type, and known limits of reuse.

For AI model developers, pharmacologists, translational
scientists, journal reviewers, funding bodies, and platform
designers, the model can guide reporting expectations and
validation planning. A data-science roadmap for early-
stage discovery emphasizes shared vocabularies,
integrated data architecture, reproducible workflows, and
alignment between computational outputs and
experimental-data generation [31]. In phytopharmacology,
these principles support clearer reporting of training data,
applicability domains, uncertainty —communication,
evidence boundaries, expert-review procedures, and
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validation gates before computational predictions are used
to justify stronger mechanistic or translational claims.
Future research should develop benchmark datasets,
transparent evaluation protocols, explainable AI methods
suitable for structurally complex natural products,
uncertainty-reporting standards, herb-drug interaction
evidence frameworks, and validation-linked workflows
that connect computational outputs to experimental
pharmacology. The proposed maturity model can also
support peer review by making it easier to distinguish
descriptive database papers, predictive model papers,
knowledge graph studies, decision-support concepts, and
translational validation-linked systems. Its main practical
value is not to assign universal scores, but to clarify what
capability, evidence, and governance requirements must be
met before a computational phytopharmacology system is
described as mature.

CONCLUSION

This article proposes a maturity model for computational
phytopharmacology that describes progression from
descriptive compound databases to curated and linked data
systems, predictive discovery systems, explainable
decision-support systems, and
translational validation-linked discovery platforms. The
model emphasizes that mature systems require more than
large datasets or advanced algorithms: they require curated
data, provenance, chemical and biological annotation,
validation, uncertainty communication, explainability,
evidence grading, expert oversight, safety awareness,
governance, reproducibility, and clearly bounded decision
support. By separating lookup, prediction, explanation,
evidence awareness, and translational readiness, the model
offers a structured pathway for developing computational
phytopharmacology without  overstating
computational predictions as confirmed mechanisms,
validated safety claims, or clinical decisions.

evidence-aware

systems
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