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ABSTRACT

Computational phytopharmacology increasingly uses artificial intelligence, natural product informatics, target
prediction, pathway analysis, safety modeling, and evidence integration to support discovery-stage decisions.
However, phytopharmacological data are often chemically complex, biologically heterogeneous, and dependent
on uncertain botanical identity, chemical annotation, assay context, target evidence, pathway inference, and
safety interpretation. This article proposes an original human-in-the-loop framework for computational
phytopharmacology in which expert curation, model oversight, mechanistic reasoning, uncertainty
interpretation, translational review, and decision-confidence assessment are embedded across the discovery
workflow. The framework distinguishes expert curation from data annotation, model oversight from model
selection, explainability review from causal interpretation, decision confidence from clinical readiness, and
translational review from regulatory endorsement. It positions human expertise before, during, and after
computational inference through checkpoints for botanical identity, chemical annotation, bioactivity evidence,
assay relevance, training-data suitability, model-output interpretation, uncertainty communication, bias
detection, biological plausibility, exposure plausibility, safety review, herb-drug interaction review, evidence
grading, validation planning, and decision-boundary control. The main contribution is a structured framework
that treats computational outputs as research-prioritisation evidence requiring transparent documentation,
expert disagreement recording, validation planning, audit trails, and feedback loops for data and model
refinement. The framework is conceptual and does not represent an implemented, clinically validated, or
regulatory-approved decision-support system.
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INTRODUCTION

Computational phytopharmacology is increasingly shaped
by machine learning, natural product informatics,
molecular prediction, target inference, pathway analysis,
safety modelling, and translational prioritisation. In drug
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discovery more broadly, machine learning can support
decision-making when the biological question, data
structure, endpoint definition, and modelling task are
suitable for the intended use [1].

For phytopharmacology, this condition is especially
important because plant-derived materials may involve

This is an open access journal, and articles are distributed under the
terms of the Creative Commons Attribution-Non Commercial-
ShareAlike 4.0 License, which allows others to remix, tweak, and build
upon the work non-commerecially, as long as appropriate credit is given
and the new creations are licensed under the identical terms.

www.eijppr.com


https://doi.org/10.51847/QfrhT9l78x

International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | December 2025 | Volume 15 | Issue 6 | Page 1-10
Linus Chen, Human-in-the-Loop Computational Phytopharmacology: Expert Curation, Model Oversight, Mechanistic Reasoning, and Translational

Decision Confidence

complex mixtures, uncertain compound identity, variable
extract composition, and bioactivity evidence generated
across heterogeneous experimental systems.

The expanding use of artificial intelligence in drug
discovery has also created a need for realistic interpretation
of computational outputs. Model predictions may help
prioritise hypotheses, compounds, targets, pathways, or
safety concerns, but they should not be treated as
autonomous evidence of pharmacological validity. Critical
analyses of Al in drug discovery emphasise that
computational impact depends on data quality, appropriate
validation, domain constraints, and careful interpretation
of what models can and cannot support [2]. This caution is
central to phytopharmacology, where uncertain chemical
annotations or weak assay relevance can propagate into
misleading mechanistic narratives.

Computational prioritisation can be powerful when linked
to experimental follow-up. Deep-learning approaches have
shown that models may identify candidates for biological
testing, but the evidentiary value of such predictions
depends on downstream validation rather than prediction
alone [3]. In computational phytopharmacology, this
distinction is necessary because predicted bioactivity,
target engagement, pathway modulation, or safety liability
remains a research hypothesis until supported by fit-for-
purpose chemical, pharmacological, toxicological, or
translational evidence.

Artificial intelligence methods can support multiple
discovery tasks, including activity prediction, molecular
design, target prediction, toxicity assessment, and
candidate prioritisation, when selected and interpreted in
relation to expert-defined constraints [4]. The aim of this
article is therefore to develop a human-in-the-loop
computational phytopharmacology framework that
clarifies where human expertise is needed across data
model selection, output interpretation,
mechanistic plausibility assessment, evidence grading,
safety review, translational decision confidence, and
validation planning. The framework does not claim that
expert review proves computational outputs correct; rather,
it proposes structured expert involvement as a documented,
uncertainty-aware, and validation-oriented safeguard.

curation,

Human-in-the-loop phytopharmacology

Human-in-the-loop computational phytopharmacology
can be defined as a structured approach in which domain
experts contribute before, during, and after computational
inference. In molecular design, human-in-the-loop
workflows have shown that expert interaction can be
embedded within model-guided generation rather than
applied only after outputs are produced [5]. Translated to
phytopharmacology, this means that experts should not
merely inspect final target lists, docking outputs, pathway
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diagrams, or candidate rankings; they should also shape the
curation rules, modelling assumptions, decision
boundaries, and validation priorities that determine how
those outputs are generated and used.

Human expert feedback may also contribute to iterative
model refinement when data are limited or goals are
difficult to encode fully in model objectives. Human-in-
the-loop active learning for molecule generation illustrates
how expert input can augment model-guided search and
help refine computational prioritisation during the
modelling process [6]. In phytopharmacology, an
analogous role may involve expert review of natural-
product chemical space, biologically plausible target
classes, assay relevance, exposure constraints, safety
concerns, or medicinal-chemistry feasibility before further
computational cycles are undertaken.

Human-in-the-loop design also requires attention to
workflow, accountability, evaluation, and monitoring.
Clinical Al scholarship has shown that algorithmic systems
require careful integration into human workflows,
validation pathways, and governance structures before
they can responsibly affect high-stakes decisions [7].
Although computational phytopharmacology usually
operates earlier in the research pipeline, the same principle
applies: computational outputs should be linked to explicit
review points that define whether an output supports
exploratory ranking, mechanistic hypothesis generation,
validation planning, or no further action.

Explainability is one important component of human-in-
the-loop interpretation, but it should not be mistaken for
validation. ~ Healthcare = explainability  scholarship
emphasises that explanations are context-dependent and
should support human understanding, communication, and
scrutiny rather than automatically establish correctness [8].
In computational phytopharmacology, an explanation for a
target prediction, pathway association, feature attribution,
or toxicity alert may help experts interrogate a model, but
it does not prove that a phytochemical, extract, target, or
pathway has causal therapeutic relevance.

Expert curation and model oversight

Expert curation begins before model inference. Curated
bioactivity resources show the importance of structured
assay metadata, target information, activity records, and
deposition standards for computational reuse [9]. In
human-in-the-loop phytopharmacology, expert curation
should therefore assess whether bioactivity evidence is
traceable, whether assay endpoints are relevant to the
biological claim, whether controls and concentrations are
interpretable, and whether labels used for modelling reflect
reliable pharmacological evidence rather than noisy or
context-mismatched observations.
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Chemical annotation is another critical pre-inference
checkpoint. Natural product databases provide valuable
chemical-structure resources for computational research,
but their use in modelling still requires review of
compound identity, structure representation,
stereochemical ambiguity, duplicate entries,
attribution, and chemical-space coverage [10]. For herbal
and traditional medicine contexts, curated herb—
ingredient—target—disease resources can support evidence
integration, but expert review is still needed to judge
whether botanical identity, ingredient evidence, target
associations, and disease links are sufficiently coherent for
mechanistic hypothesis generation [11].

Model oversight continues during inference through
review of annotation pipelines, training data, model
selection, applicability domain, output ranking,
uncertainty, and potential bias. Molecular networking and
metabolome annotation workflows can enhance natural-
product interpretation, yet annotation outputs remain
dependent on data quality, tool assumptions,

source

and

confidence-aware interpretation [12]. Human oversight
should therefore examine whether model inputs are
appropriate, whether the computational method matches
the research question, whether outputs are overextended
beyond their evidence base, and whether uncertainty is
communicated in a way that supports cautious
prioritisation rather than false precision.

Post-inference oversight connects computational outputs
to validation planning. Best-practice
phytopharmacological research highlights the need to
address methodological quality, assay
reproducibility, and biological interpretation when
evaluating natural-product evidence [13]. For extract-
based work, transparent chemical characterisation is also
essential because pharmacological or toxicological
interpretation depends on knowing what material was
tested and how it was characterised [14]. Table 1
summarises expert curation and model oversight functions

guidance in

relevance,

required for

phytopharmacology.

human-in-the-loop computational

Table 1. Expert Curation and Model Oversight Functions in Human-in-the-Loop Computational Phytopharmacology:
Botanical Identity, Chemical Annotation, Bioactivity Evidence, Assay Relevance, Training Data, Model Outputs,
Explainability, Uncertainty, Bias, and Validation Needs

Human-in- A Model or . Decision- . L
Core expert Evidence Uncertainty or c . Failure risk if
the-loop . . data element . confidence  Validation need
. question reviewed bias addressed R absent
function affected contribution
Botanical Incorrect
otanical name, S L
Is the plant Herb identity . . . . Prevents false Independent  species identity
. . synonym status, Misidentification, o . .
Botanical material labels, extract attribution of botanical drives
. . . source metadata, synonym . . . . .
identity ~ taxonomically metadata, . activity to the  verification and  misleading
. . voucher or confusion, source .
review credible and . source . wrong botanical ~ transparent compound,
traceable? authentication mappin ambiguity source reportin, target, or safet
information Pping P 8 . B . 4
interpretation
Are Spectral False
evidence, Compound . Improves compound
compounds or . False annotations, L . .
. structure lists, . .. reliability of Orthogonal  identity leads to
Chemical extract isomer ambiguity, . . .
. . records, molecular . . chemical inputs chemical unreliable
annotation  constituents . duplicate entries, . .
. .. annotation level, features, . used for confirmation target, docking,
review  annotated with . . incomplete .
. stereochemistry, chemical- prediction and ~ where needed =~ ADMET, or
appropriate duplicate space inputs structures rankin, athwa
confidence? p P P & p Y
structures inference
.. Separates
Does the . Training P
.. Assay endpoint, stronger . Model learns
. .. activity . labels, . . Replication or .
Bioactivity . concentration, .. Noisy labels, assay pharmacological . unreliable
. evidence activity . . independent ..
evidence controls, target . heterogeneity, weak evidence from activity patterns
. support the . matrices, .. . assay .
review . context, activity . activity evidence weak or . or overweights
modelling candidate . confirmation .
. threshold . ambiguous weak evidence
label or claim? ranking .
observations
Defines whether
Cell type, Assa . .
Does the assay . P . .y Context mismatch, evidence Irrelevant assay
organism, target inclusion, . . . .
Assay match the . . endpoint supports Fit-for-purpose  evidence is
. . format, disease  endpoint . . . . .
relevance  biological or . overinterpretation, mechanistic =~ pharmacological interpreted as
. relevance, weighting, . . . L. .
assessment disease-related . . biological non-  plausibility or validation therapeutic
. endpoint evidence .
question? . . equivalence only exploratory relevance
interpretation grade .
screening
Y
2
-
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. Target Target
Are predicted g. .g . . Weak target
annotations, prediction Database Experimental e
or curated o . Strengthens associations
Target binding outputs, incompleteness, target
. targets . target-level produce
evidence evidence, network target o engagement or . .
. supported by .. . . plausibility . misleading
review . activity nodes, misannotation, hub perturbation .
credible . . assessment . mechanism
. evidence, pathway bias testing .
evidence? . . . claims
disease linkage inputs
. Pathway . L
Enrichment Overrepresentation Converts Mechanistic Pathway
Are pathway maps, . . Sy . s
Pathway findines outputs, pathway mechanism bias, hub-driven pathway outputs validation using association is
interpretation _ . . & databases, target enrichment, into bounded appropriate mistaken for
. biologically . hypotheses, .. . .
review distribution, pathway mechanistic biological causal
coherent? . . network .
disease biology . . redundancy hypotheses systems mechanism
interpretation
Dataset .
Model Sets th Model is
rovenance, ode . . ets the pre- . .
Are the P . . Distribution shift, . P applied outside
- .. chemical training set, . inference . . .
Training-data training data class imbalance, External testing its valid
- . coverage, label feature space, . . . confidence . .
oversight  suitable for the : missing negative and dataset audit chemical or
. quality, assay label boundary for . .
intended task? .. data biological
balance, definitions model use .
. domain
exclusions
Is the selected Model Algorithm . Sophisticated
. & . Model-task Aligns P .
model assumptions, choice, . . . . model is used
Model . . . mismatch, computation with Benchmarking
. appropriate for endpoint type, modelling . for an
selection . . o unnecessary the research and sensitivity .
. the question interpretability ~ workflow, . .. . . unsuitable
oversight . . complexity, black- decision being analysis .
and evidence needs, data evaluation endpoint or
box overuse supported
base? volume plan weak dataset
.. Scores, rankings, Candidate .. Limits output use . .
What decision, & C False precision, P . High score is
R confidence  prioritisation, . . to research Prospective or
Model-output if any, can be .. . score inflation, out- . .. . treated as proof
. . indicators, target lists, . prioritisation or  retrospective ..
interpretation supported by . of-domain . 1 of activity or
domain pathway . validation validation .
the output? . . predictions . mechanism
constraints claims planning
Does the Feature Explanation
explanation attribution, layer, Post hoc Supports expert . ..
g P . . Y . . . . PP 'p Experimental or Explanation is
Explainability  clarify or  structural alerts, interpretation rationalisation, interrogation ..
. . . . . . . mechanistic treated as
assessment  conflict with pathway record, misleading without implying Dy
. . . o follow-up validation
domain explanations, reviewer attribution causal proof
knowledge? model rationale notes
Applicabilit
PP . Y Confidence .
. domain, . . Prevents . . Uncertain
How uncertain . category,  Poor calibration, Calibration C
. . calibration .. . overconfident prediction is
Uncertainty is the . decision unrecognised C assessment and
. . . evidence, . prioritisation advanced as
interpretation prediction and . boundary, uncertainty, out-of- . external .
uncertainty e e from point 1 high-confidence
why? . validation  distribution inputs . validation .
estimates, o estimates alone evidence
.. priority
missing data
Could the
model or Dataset
o, Dataset
dataset composition, C . . . Framework
. weighting, Selection bias, . . .
systematically source . ; . . Adds cautionto  Bias auditand  reproduces
. . . . interpretation publication bias, . . e .
Bias detection favour certain  distribution, . evidence grading  sensitivity distorted
. caveats, chemical-space A . .
compounds, assay imbalance, . and prioritisation analysis evidence
Lo . feedback bias
targets, assays, publication bias s patterns
s priorities
or source indicators
traditions?
Are toxicity or Toxicit Safety flags, In vitro, in vivo, . .
. . 7 . v 4 . 8 Sparse safety Prevents Candidate is
Safety and  interaction evidence, exclusion . or
. . o evidence, premature . advanced
interaction concerns ADMET criteria, . . . pharmacological .
. . .. . Interaction translational . despite
review plausible predictions, validation . . . safety testing as .
. . underreporting, interpretation . plausible safety
enough to Interaction plan appropriate
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affect alerts, exposure exposure or interaction
prioritisation? context uncertainty concern
. . Stage-appropriate Computational
What must be Evidence gaps, Experimental Converts 8 pp. P P .
.o . . . chemical, hypothesis
Sy tested before assay suitability, plan, Confirmation bias, computational . . .
Validation . D . . biological, remains
. the output can  mechanism  prioritisation incomplete output into .
planning . . . pharmacological, unsupported
support a hypothesis, boundary, evidence chain testable research or safet and
stronger claim? safety concerns  audit trail plan DL Y .
validation overinterpreted

Mechanistic reasoning and decision confidence
Mechanistic reasoning in human-in-the-loop
computational phytopharmacology begins with careful
interpretation of target and pathway evidence. Network
pharmacology resources can support target, pathway, and
disease-association analysis, but their outputs depend on
database completeness, target annotation quality, and
assumptions used to connect compounds, herbs, proteins,
and disease terms [15]. Expert review is therefore needed
to determine whether a predicted target or enriched
pathway represents a biologically plausible hypothesis, a
database artefact, a hub-driven signal, or an association
that is too weak for further prioritisation.

Mechanistic interpretation should also distinguish
plausible explanation from causal proof. Network
pharmacology can help organise multi-target and systems-
level reasoning, but pathway-level associations require
cautious interpretation because computational linkage
alone does not establish that a compound, extract, or
phytochemical mixture produces a therapeutic effect
through that pathway [16]. Human experts should therefore
evaluate whether the proposed mechanism is coherent
across compound identity, target evidence, pathway
context, phenotype relevance, exposure plausibility, and
available pharmacological evidence.

Molecular docking and related structure-based predictions
may contribute to target plausibility assessment, but they
require expert interpretation of scoring functions, binding-
site  assumptions,  protein  preparation, ligand
representation, and biological relevance. Docking can
support carly-stage ligand—target hypothesis generation,
yet docking outputs should be treated as plausibility
evidence rather than direct evidence of bioactivity or
therapeutic mechanism [17]. Within a human-in-the-loop
framework, docking evidence should be
alongside chemical annotation confidence, assay evidence,
target biology, exposure feasibility, and validation needs.
Decision confidence in this framework is a bounded

reviewed

research judgement rather than a numeric guarantee of
correctness. Probabilistic modelling perspectives in drug
discovery show that uncertainty arises from data, model
assumptions, biological variability, and incomplete
knowledge, so decision confidence should incorporate
uncertainty rather than rely on point predictions alone [18].
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Reviews of uncertainty quantification in Al-enabled drug
discovery further support the need to communicate
uncertainty when interpreting model trust and prediction
reliability [19]. Explainable Al can help experts interrogate
molecular features, predicted mechanisms, or model
rationales, but explanation should support expert review
rather than be treated as causal validation [20].

Translational review points

Translational review points define where computational
outputs are examined before they are used to support
stronger research claims. Safety and interaction review is
one such checkpoint because graph-based modelling of
polypharmacy  side  effects demonstrates how
computational systems can identify possible interaction
patterns that require expert safety interpretation before
practical use [21]. In phytopharmacology, this checkpoint
should include toxicity evidence, ADMET concerns, herb—
drug interaction plausibility, exposure uncertainty, and
patient-context caution without converting computational
alerts into clinical recommendations.

Prediction reliability also requires review of calibration
and uncertainty. Calibration research in predictive
analytics shows that poorly calibrated predictions can
appear confident while failing to align with observed risk,
which makes calibration review important for responsible
decision-confidence assessment [22]. For computational
phytopharmacology, this means that ranked candidates,
pathway scores, target probabilities, toxicity alerts, or
activity predictions should be interpreted through
uncertainty, applicability-domain, and calibration evidence
when such evidence is available.

Translational readiness should be separated from
discovery-stage  prioritisation.  Staged  evaluation
frameworks for Al in medicine emphasise that algorithmic
systems require different levels of evidence across
development, validation, implementation, and clinical
evaluation [23]. By analogy, a phytopharmacology model
output may justify research prioritisation or validation
planning, but it should not be framed as clinical readiness,
therapeutic recommendation, or regulatory acceptability
unless supported by appropriate evidence outside the
conceptual framework.

Decision-boundary review is especially important when
computational outputs could be overinterpreted.
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Arguments for interpretable models in high-stakes
decisions support the principle that opaque or weakly
justified outputs should not be allowed to carry decision
weight beyond their evidentiary limits [24]. In human-in-
the-loop computational phytopharmacology, the decision
boundary should specify whether the evidence supports

data correction, model refinement, mechanistic hypothesis
generation, experimental validation, translational review,
or no action. Figure 1 illustrates human-in-the-loop
translational review points that connect expert curation,
model oversight, mechanistic reasoning, safety review,
validation planning, and decision-confidence boundaries.
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Figure 1. Human-in-the-Loop Translational Review Points in Computational Phytopharmacology

Alt-text description

A checkpoint diagram showing human experts reviewing
botanical identity, chemical annotation, bioactivity
evidence, assay relevance, model outputs, explainability,
uncertainty, mechanistic plausibility, safety concerns,
validation needs, translational readiness, and decision
boundaries.

Proposed human-in-the-loop framework

The proposed framework defines human-in-the-loop
computational phytopharmacology as a structured,
documented, and validation-aware research process.
Governance scholarship in healthcare Al supports the need
for explicit roles, accountability structures, transparency,
and decision boundaries when Al systems are used in
consequential biomedical contexts [25]. Applied to
phytopharmacology, the proposed framework assigns
expert responsibilities across botanical identity review,
chemical annotation review, bioactivity evidence review,
assay relevance assessment, model selection oversight,
model-output  interpretation,  uncertainty
mechanistic reasoning, safety review, evidence grading,
validation planning, and translational decision-boundary
control.

review,

The first stage is expert curation, where botanical,
chemical, pharmacological, assay, target, pathway, and
safety evidence are checked before computational
inference. The second stage is computational modelling,
where target prediction, pathway inference, ADMET

prediction,  knowledge-graph  analysis,  network
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pharmacology, docking, or candidate prioritisation may be
used within explicit task boundaries. Responsible
machine-learning roadmaps in healthcare emphasise
lifecycle monitoring, bias evaluation, and feedback loops,
which support the inclusion of structured model oversight
before, during, and after inference [26].

The third stage is mechanistic reasoning, in which experts
judge whether computational outputs form a coherent and
biologically plausible evidence chain. Ethical analyses of
healthcare Al highlight transparency, accountability, and
stakeholder responsibility, which support documentation
of expert disagreement, uncertainty, assumptions, and
decision rationale in the proposed framework [27]. In
phytopharmacology, this documentation should clarify
whether a mechanism is supported by compound identity,
target evidence, pathway coherence, exposure plausibility,
safety interpretation, and validation planning, or whether it
remains a weak exploratory association.

The fourth stage is translational review, where evidence
grading, safety review, interaction concerns, validation
needs, decision confidence, and decision boundaries are
assessed before any output is used to justify further action.
Dual-use analyses of Al-powered drug discovery show that
computational systems can generate risks when model
outputs are used without adequate safeguards, making
safety, and boundary relevant to
responsible discovery governance [28]. In this framework,
translational decision confidence supports research
prioritisation and validation planning only; it does not

misuse, review
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establish clinical utility, regulatory acceptability, or
therapeutic recommendation.

The final stage is feedback-driven improvement. Expert
disagreement, annotation errors, failed validation attempts,
uncertainty signals, safety concerns, and model-output
limitations should be returned to data curation and model

refinement through versioned audit trails. This feedback
loop makes human expertise a continuous part of
computational phytopharmacology rather than an informal
final approval step. Table 2 presents the proposed human-
in-the-loop framework for computational
phytopharmacology.

Table 2. Proposed Human-in-the-Loop Framework for Computational Phytopharmacology: Expert Curation, Model
Oversight, Mechanistic Reasoning, Safety Review, Evidence Grading, Translational Review Points, Decision
Confidence, Feedback Loops, and Validation Boundaries

Computational Decision-
Framework Core Human expert P Evidence Validation Feedback . .
element . confidence . Failure risk
stage purpose role . required . boundary action
reviewed contribution
. . Traceable
Review botanical
dentity. chemical source data,
., identity, chemica .
Establish y Herb labels, chemical Sets the Correct
. annotation, source . .. . Models are
reliable compound evidence, minimum Does not annotations, .
. metadata, . . . trained or
Expert input .. structures, assay ~ assay evidentiary validate exclude .
. . bioactivity . . interpreted
curation  evidence . labels, target ~ metadata, basis for pharmacologica weak data, . .
evidence, assay . . using unreliable
before annotations, target  computationa 1 effect document .
. relevance, target L. . inputs
inference . traiing nputs context, l use uncertainty
evidence, and
safety
safety records .
evidence
Target
prediction,
athwa .
. .p Y Fit between Does not Record .
Generate Define modelling inference, . Computational
. . task, data,  Produces establish model .
. bounded question, endpoint, ADMET . . . score is
Computation . L. model, candidate mechanism, assumptions, .
. research constraints, and prediction, . . mistaken for
al modelling .. endpoint, hypotheses efficacy, safety, applicability .
hypothes permissible output network ) . .. .. evidence of
and intended for review or clinical limits, and ..
es use pharmacology, .. . activity
. decision utility output scope
docking,
candidate
ranking
Review training Dataset Defines .
. . Requires
Examine data, model Training set, provenance, whether . Update
. . external testing Overconfident
model selection, output features, evaluation outputs are . model .
o . . . or prospective ) or biased model
Model  suitability ranking, predictions, evidence, usable for o choice, .
. L . . . validation . output guides
oversight and explainability, explanations, uncertainty prioritisation, . revise data,
. ; . . Sy where claims . poor
output  uncertainty, bias, uncertainty signals, validation flag bias or L
L L o . . are . prioritisation
reliability and applicability indicators explanation planning, or uncertainty
. .. strengthened
domain records rejection
Target
Predicted confidence,
Assess . .
. . targets, enriched pathway Converts ~ Mechanistic Refine .
biological Interpret . . . . Correlation or
s pathways, relevance, disconnected claim requires mechanism
. .. plausibilit compound—target— .. . . database
Mechanistic molecular exposure  predictions experimental hypothesis .
. y and pathway— o . association is
reasoning . networks,  plausibility, into bounded perturbation or and
evidence phenotype . . . presented as
. . docking outputs,  assay mechanism pharmacologica document
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Figure 2 presents the proposed human-in-the-loop expert curation, model oversight, mechanistic reasoning,

framework for computational phytopharmacology, linking
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Figure 2. Human-in-the-Loop Framework for Computational Phytopharmacology

Alt-text description

A circular human-in-the-loop framework showing expert
curation, computational modeling, model oversight,
mechanistic reasoning, evidence grading, safety review,
translational review, decision-confidence assessment,
validation planning, and feedback loops to improve data

and models.
CONCLUSION

This article proposes a human-in-the-loop framework for
computational phytopharmacology that integrates expert
curation, model oversight, mechanistic reasoning, safety
review, translational review points, decision-confidence
assessment, validation planning, audit trails, and feedback-
driven improvement. The framework argues that human
expertise should be embedded as a structured, documented,
and validation-aware component before, during, and after
computational inference rather than added as an informal
final check on model outputs. Its purpose is to support
responsible research prioritisation by clarifying the
evidentiary limits of computational predictions, the expert
questions required at each checkpoint, and the decision
boundaries that separate hypothesis generation from
clinical or regulatory claims. The framework remains
conceptual and should be interpreted as a methodological
contribution for organising expert review, uncertainty
communication, and validation planning in computational
phytopharmacology.
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