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INTRODUCTION oriented research. However, the relevance of a natural

product source or phytochemical identity to cancer
Natural products remain important starting points for drug  pharmacology cannot be assumed from origin alone;
discovery because they provide chemically diverse  anticancer interpretation requires evidence that connects

structures and biologically active scaffolds that can inspire  chemical identity to tumor-relevant biology, target
pharmacological investigation, including oncology-
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engagement, pathway context, selectivity, safety, and
validation readiness [1].

Contemporary natural product discovery increasingly
requires integration of chemistry, biology, pharmacology,
and translational interpretation. For  anticancer
phytochemicals, this means that compound annotation,
information, bioactivity  evidence, target
hypotheses, and developability considerations should be
examined together rather than treated as isolated evidence
fragments [2]. Such integration is particularly important
because tumor biology is context-dependent, and a
compound that appears active in one experimental setting
may not support a broader anticancer claim.

Machine learning and related Al methods can assist drug
discovery by organizing chemical, biological, and
pharmacological data into predictive or prioritization
workflows. In anticancer phytochemical research, these
tools may support target prediction, activity modeling,
pathway inference, molecular-signature  analysis,
candidate triage, and evidence integration, but their outputs
remain dependent on data quality, model assumptions, and
validation design [3].

The aim of this article is to develop an original Al-assisted
conceptual framework for prioritizing anticancer
phytochemicals while preserving clear evidence
boundaries. The framework is designed to treat Al-
predicted anticancer potential as a research hypothesis that
requires tumor-context validation, target and pathway
evidence, molecular selectivity assessment, safety-aware
exposure interpretation, and translational
caution before any stronger claim can be justified [4].

source

screening,

Anticancer phytochemicals and Al discovery

Anticancer phytochemicals can be understood as plant-
derived compounds or compound classes investigated for
tumor-relevant biological effects, including effects on
proliferation, survival signaling, cell-cycle regulation,
apoptosis-related processes, migration-related biology, or
immune-relevant mechanisms where evidence is available.
Deep learning can contribute to this research space by
representing molecular structures, biological signatures,
and pharmacological patterns in ways that support
discovery prioritization, although such models do not
themselves establish anticancer efficacy [5].

Al-assisted natural product discovery is especially relevant
because phytochemicals often present challenges in
chemical diversity, annotation, stereochemical complexity,
dereplication, variability, and bioactivity
attribution. Al can support chemical-space exploration,
target hypothesis generation, similarity-based inference,
and prioritization of compounds for follow-up, but these
functions must remain connected to reliable chemical
characterization and transparent evidence provenance [6].

source
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Natural product source information can enrich candidate
interpretation when biosynthetic context, compound class,
and chemical annotation are clearly recorded.
Nevertheless, source and biosynthetic context should be
treated as discovery metadata rather than oncology
evidence, because they do not establish tumor relevance,
target vulnerability, pathway dependency, or tumor-
normal selectivity by themselves [7].

A responsible Al-assisted anticancer phytochemical
workflow therefore requires a layered structure in which
predictive outputs are interpreted alongside experimental
and translational evidence. Chemical annotation, predicted
targets, pathway links, safety estimates, and candidate-
ranking signals can support prioritization only when
uncertainty, evidence strength, and validation
requirements are explicitly retained [8].

Target vulnerability and pathway dependency

Target vulnerability refers to the degree to which a
molecular target is functionally important in a defined
tumor context. In anticancer phytochemical prioritization,
a predicted or experimentally proposed target should not
be considered meaningful solely because a compound may
interact with it; target relevance should be strengthened by
functional evidence showing that the target contributes to
tumor survival, proliferation, adaptation, or another
cancer-relevant phenotype in the relevant context [9].
Tumor pathway dependency adds a second interpretive
layer by asking whether a tumor context depends on a
pathway or network state that the candidate is hypothesized
to modulate. Al-derived dependency maps can help
prioritize context-specific vulnerability hypotheses, but
they require careful biological interpretation because
predicted dependency does not automatically establish
response to a phytochemical candidate [10]. Synthetic-
lethality prediction can further support vulnerability
hypothesis generation, especially where tumor-specific
genetic or pathway relationships are implicated, but such
predictions require experimental confirmation before
mechanistic or translational claims are made [11].
Oncogenic pathway relevance should be distinguished
from pathway alteration alone. A pathway may be altered,
activated, suppressed, or rewired in cancer datasets without
being therapeutically actionable in a given tumor context,
and candidate prioritization should therefore examine the
direction, context, and functional relevance of pathway
evidence [12]. Cancer systems biology also cautions
against reducing anticancer interpretation to a single
cytotoxic phenotype, because tumor behavior emerges
from  interacting  hallmarks, adaptive states,
microenvironmental influences, and context-dependent
vulnerabilities [13].
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Target confidence should integrate multiple evidence
streams, including predicted target links, disease
association, functional dependency evidence, pathway
relevance, molecular signatures, and, where available,
experimental target identification. Evidence-integration
platforms support this principle by showing that target
prioritization is strengthened when diverse evidence types
are made explicit rather than collapsed into a single
unsupported claim [14]. Dependency-map resources can

support targetable vulnerability hypotheses, but the
framework proposed here treats such evidence as one
component of tumor-context reasoning rather than proof
that a phytochemical candidate has validated anticancer
activity [15].

Table 1 summarises target vulnerability and tumor
pathway dependency features relevant to Al-assisted
anticancer phytochemical prioritization.

Table 1. Target Vulnerability and Tumor Pathway Dependency Features for Al-Assisted Anticancer Phytochemical
Prioritization: Tumor Context, Target Confidence, Oncogenic Pathway Relevance, Molecular Signatures, Selectivity
Needs, Interpretation Boundaries, and Validation Requirements

Core Potential Selectivity or
Framework . . e . Risk of y Validation Framework
oncology Required evidence prioritization . . safety
feature . . overinterpretation . need role
question signal requirement
. Cancer type, Candidate . . .
Cancer or Which tumor P . Treating broad . . Validate in ~ Anchors all
. subtype, model  hypothesis is Avoid generalizing
tumor context is . cancer language as context- downstream
. context, molecular  tiedto a - across tumor types e .
context being context-specific . relevant tumor prioritization
.. background, and defined tumor . without support .
definition  addressed? . . evidence models logic
evidence source setting
What . .
Genomic, Candidate . .
molecular . . . . . Require Use Links
Tumor transcriptomic, aligns with Assuming . . .
features . comparison with  molecularly candidate
molecular pathway, or tumor-relevant molecular alteration .
define the . non-dependent or  annotated  logic to tumor
context dependency molecular  predicts response .
tumor . normal contexts models biology
. evidence features
setting?
Functional
Is the target . Separates
. dependency,  Target appears . Functional
functionally . Treating target ~ Assess normal-cell . target
Target . . perturbation, or  necessary for perturbation .
..., Important in presence as dependency and prediction
vulnerability orthogonal tumor-relevant . L and rescue
the tumor . vulnerability toxicity risk . from target
vulnerability phenotype studies
context? . relevance
evidence
Experimental target .
. P B Multiple
How reliable ~ engagement, . Grades
. . evidence . . Screen for oft- .
is the chemical Treating a single Orthogonal predicted
Target . .o streams . target and
compound- proteomics, binding predicted target as target versus
confidence . support the polypharmacology .
target data, or high- confirmed . validation supported
. . same target risks .
relationship? confidence . mechanisms
. hypothesis
prediction
Is the target Pathway alteration Candidate
Oncogenic  linked to G nZlin or target lies  Assuming pathway Consider normal Pathway Provides
pathway cancer- s stims big(;lo within a association means tissue function of perturbation pathway-level
relevance relevant 4 evidence & tumor-relevant therapeutic value the pathway assays plausibility
signaling? pathway
Does the Dependency Strong Test pathway Distinguishes
Tumor  tumor rely on screens, dependency Equating pathway . modulation in  alteration
. . . - . Require tumor-
pathway the perturbation data,  signal in a alteration with context- from
L .. normal contrast .
dependency implicated or pathway activity defined tumor dependency matched functional
pathway? signatures context models dependency
Is the . Lo
athwa Genomic, Alteration is Confirm
w . . . . . .
Pathway P . Y transcriptomic, consistent with Inferring response pathway Clarifies
. activated, . . .. Evaluate pathway .
alteration proteomic, or candidate direction from . modulation pathway
suppressed, . . . role in healthy cells . . .
context mutated. or phosphoproteomic mechanism  alteration alone after candidate interpretation
. evidence hypothesis exposure
rewired? P P
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Does
candidate- . . Signature . .
) Transcriptomic, g L Exclude Validate Links Al
Molecular-  associated . supports a  Treating signature : . . .
. . . proteomic, or . L nonspecific stress ~ signature  signature logic
signature  biology align . plausible similarity as .. .
. . molecular-signature . or toxicity changes  to mechanism
alignment with tumor- . tumor-relevant mechanism proof . .
evidence . signatures experimentally hypotheses
relevant hypothesis
signatures?
Is the .
. Evidence
candidate . ..
. Tumor-normal suggests a . Require normal- Test selectivity ~ Controls
Tumor- hypothesis . _ ... . Treating .
viability, molecular,  potential .. cell or tissue- across tumor overstatement
normal more tumor- . cytotoxicity as .
or functional tumor- . relevant and normal  of anticancer
contrast  relevant than . . selectivity . ..
comparisons selective comparison models selectivity
normal-cell- .
window
relevant?
Does the . .
Resistance models, Candidate
. target or . . . . . Adds an
Resistance pathway rewiring  hypothesis Assuming Assess Validate in .
pathway . . . . optional
relevance evidence, or addresses combination benefit  combination resistant and
relate to . . . .. . advanced
where . supported resistance- ~ without resistance toxicity and non-resistant e .
adaptive . . prioritization
supported resistance relevant data antagonism models
escape or . . layer
. mechanisms biology
resistance?
Do target,
athway, Concordance acrossMultiple layers . . Integrates
L P Y ple lay Building causality Orthogonal . g .
Mechanistic signature, and target, pathway,  support the .. Include safety and . . evidence into
R . from association . mechanistic .
plausibility phenotype omics, and same off-target review L cautious
. . . alone validation
evidence phenotype evidence hypothesis hypotheses
cohere?
What
evidence is  Explicit invento .
.. P Y Require safety and . Prevents
. missing of absent target, Clear next .o . .. . Stage-specific
Validation .. L Hiding uncertainty selectivity testing o premature
a before selectivity, validation step in ranking language before translational validation therapeutic
gap stronger ADMET, or clinical can be defined g languag . planning . P .
. . claims interpretation
claims can be evidence
made?
Molecular selectivity and safety-aware screening medicinal chemistry constraints make biologically

Molecular selectivity is a central constraint in anticancer
phytochemical prioritization because a candidate may
show a tumor-relevant molecular signature without
demonstrating selective action on tumor biology. Al-based
interpretation of gene-expression signatures can help
connect candidate molecules to disease-associated
transcriptional states, but such alignment should be read as
a hypothesis-generating signal rather than proof of tumor-
selective mechanism or clinical relevance [16].

Predicted target profiles can help identify plausible
intended targets and possible off-target liabilities, but they
should be interpreted as confidence-weighted hypotheses.
Target-prediction tools can assist early triage of small
molecules, including phytochemical candidates, yet
predicted target lists require orthogonal evidence before
they are described as supported mechanisms [17].
Exposure plausibility is equally important, because a
candidate with an attractive target or pathway hypothesis
may have limited prioritization value if predicted
pharmacokinetic properties, drug-likeness features, or
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meaningful exposure unlikely [18].

Safety-aware screening should treat toxicity and ADMET
evidence as core prioritization dimensions rather than late-
stage annotations. Computational toxicity prediction can
flag chemical risk signals and support early caution, but it
cannot substitute for experimental safety assessment or
justify claims that a natural compound is safe in an
oncology context [19]. Integrated ADMET prediction can
assist early evaluation of absorption, distribution,
metabolism, excretion, and toxicity-related concerns, but
predicted properties must remain part of a broader
evidence-grading process that includes uncertainty and
validation needs [20].

Off-target liability is particularly relevant for
phytochemical candidates because polypharmacology may
contribute to either mechanistic breadth or misleading
nonspecific activity. Computational off-target prediction
can help identify unintended interactions that may affect
selectivity, toxicity, or mechanism interpretation [21].
Screening strategies for off-target liabilities further support
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the need to treat safety-aware filtering as a required layer
in candidate prioritization rather than an optional
confirmatory step after ranking [22].

1. Phytochemical identity 2. Tumor-Context and

3. Dependency and

Figure 1 illustrates how target vulnerability, tumor
pathway dependency, molecular selectivity, and safety
filters can be connected during Al-assisted anticancer
phytochemical screening.

5, Prioritization and
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Figure 1. Target Vulnerability, Pathway Dependency, and Safety-Aware Screening Logic for Anticancer
Phytochemicals

Alt-text description

A conceptual screening logic diagram showing anticancer
phytochemical candidates evaluated through cancer
context, target pathway dependency,
molecular signatures, selectivity, tumor-normal contrast,
ADMET evidence, toxicity signals, off-target risk,
uncertainty, and validation needs.

vulnerability,

Candidate prioritization logic

Candidate prioritization in anticancer phytochemical
discovery should be treated as an evidence-aware process
rather than a simple ranking exercise. Omics-guided
natural product workflows can support prioritization by
linking chemical annotation, bioactivity evidence,
molecular profiles, and evidence provenance, but the
resulting candidates should be framed as research
hypotheses whose value depends on the strength and
coherence of supporting evidence [23].

Graph-based machine learning offers a useful conceptual
model for integrating heterogeneous relationships among
compounds, targets, pathways, disease contexts, safety
features, and validation evidence. In the framework
proposed here, graph-style reasoning is valuable because it
can preserve relationships across evidence layers, but
candidate prioritization should retain uncertainty rather
than converting network proximity or inferred association
into a claim of anticancer efficacy [24].

Cancer drug-repurposing research illustrates how
computational prioritization can connect molecular
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context, candidate activity, and translational hypotheses,
but this logic must be adapted
phytochemicals. A repurposing-like signal may indicate
that a compound deserves further study in a tumor-relevant
context, yet it should not imply that the compound is
clinically active, clinically safe, or suitable for patient use
[25]. Interpretable anticancer sensitivity models further
support the need for transparent prioritization, because
model outputs become more useful when the features
driving candidate selection can be inspected and linked to
biological uncertainty [26].

Drug-response and inform
prioritization by connecting molecular features of cancer
models to response hypotheses, but these predictions
require careful dataset interpretation, external validation,
and selectivity-aware follow-up [27]. Combination or
synergy hypotheses are especially sensitive to
overinterpretation because apparent complementary
activity may also increase toxicity, off-target liability, or
context-specific uncertainty [28]. Multi-action molecular
design based on differential gene-expression information
can support the hypothesis that a candidate may influence
more than one tumor-relevant biological process, but such
design logic must remain constrained by molecular-
signature evidence, safety interpretation, and validation
readiness [29].

Table 2 maps safety-aware candidate prioritization criteria
for anticancer phytochemical discovery.

cautiously for

synergy models can
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Table 2. Safety-Aware Candidate Prioritization Criteria for Anticancer Phytochemicals: Chemical Characterization,
Cancer Relevance, Target Vulnerability, Pathway Dependency, Molecular Selectivity, Tumor-Normal Contrast,
ADMET Evidence, Toxicity Signals, Evidence Strength, and Validation Readiness

Safety or
Caution signal selectivity

Prioritization Required High-priority

. Validation Decision
Core question

criterion evidence signal requirement  boundary
concern
Compound name
* Structurall . .
structure, v Ambiguous Unknown Chemical L
. . defined . . . Do not prioritize
. Is the candidate stereochemical extract, unclear  constituents  verification .
Phytochemical . compound or . . strongly without
. . clearly detail where constituent, or may drive and . .
identity . . well- . o identity
identified?  relevant, source, . poorly annotated  activity or  reproducibility
. characterized S confidence
and purity . compound toxicity checks
. . fraction
information
. Validated . .
Is chemical . . Analytical Candidate
. annotation, Reproducible . . .
. evidence . ... Weak annotation . o confirmation remains low-
Chemical . chromatographic characterization Misattribution . .
. sufficient for or source S before readiness if
characterization . or spectral supports L of bioactivity .. . .
reproducible . variability mechanistic ~ chemistry is
evidence, and follow-up . .
study? - testing uncertain
batch traceability
. Tumor context,
Is evidence Context- . . . Context- No broad
. model system, . Generic anticancerOvergeneralized . .
Cancer linked to a specific tumor- . . matched  anticancer claim
molecular wording without oncology
relevance  defined cancer relevant . . tumor model ~ from narrow
background, and . context interpretation . .
context? evidence testing evidence
assay type
Dependency, .
P . Y Target appears Functional
Is the target perturbation, . . Normal-cell S
. functionally  Target prediction validation and Target
Target functionally target . . ) dependency -
- . important in or expression target prediction alone
vulnerability relevant in the engagement, or may create . .
o relevant tumor alone S engagement is insufficient
tumor context?  vulnerability . toxicity risk .
. biology testing
evidence
Pathway activity, Dependenc . Pathwa .
Does the tumor Y Y p . Y . Essential .y Pathway link
pathway aligns with  Pathway alteration modulation .
Pathway context rely on . . . . normal pathway remains
. . alteration, candidate  without functional .. and .
dependency  the implicated . activity may hypothesis-level
dependency, or  mechanism dependency o . -, dependency .
pathway? . . limit selectivity . unless validated
perturbation data  hypothesis validation
Is the candidate . .
. Target profile, Consistent . . . Predicted
plausibly . Broad promiscuity Misleading ~ Orthogonal ..
. off-target screen, intended-target . selectivity
Molecular selective for . . . . . or poorly mechanism target and off-
.. . binding evidence, evidence with . . cannot be
selectivity intended .. explained assignment or target
or selectivity ~ manageable . . treated as
molecular . e polypharmacology  toxicity profiling
hypothesis liabilities proven
effects?
.. Tumor-normal . General ..
Is activity more Potential Tumor-cell Cytotoxicity

comparator data
or tissue-relevant

cytotoxicity Matched

Tumor-normal tumor-relevant tumor-selective  cytotoxicity alone does not

may be misread tumor-normal

selectivity than normal- response without normal . . establish tumor
normal-cell . as anticancer ~ comparison ..
cell-relevant? . window comparator .. selectivity
evidence selectivity
Absorption,
Are distribution, E . tal
o . . . xperimenta .
pharmacokinetic metabolism, Plausible Poor predicted . P No translational
. . Unrealistic ADME . .
ADMET and excretion, exposure and exposure or high . claim without
. . . . concentration  follow-up
evidence developability solubility, developability property . exposure
. . assumptions where S
concerns permeability, profile uncertainty . plausibility
appropriate

considered?  transporter, or
stability evidence
Toxicity Natural origin Natural

.. Are toxicity .. No major early Toxicity alert or Experimental
Toxicity . . prediction, L . may be falsely compounds are
. risks actively risk signal and  missing safety . safety
evidence normal-cell . . equated with not assumed
screened? clear information assessment
assays, organ- safety safe
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risk alerts, or uncertainty
safety literature  statement
Off-target
Could o d'cti%)n Off-target Off-target
. i s R, )
unintended P . Manageable High-risk liability —effects may Off-target uncertainty
Off-target . . counterscreening, . .. S
. interactions . off-target or unknown  drive toxicity or validation and lowers
liability . . .. broad profiling, .
explain activity s profile profile false counterscreens prioritization
. or liability . .
or risk? . mechanism readiness
review
Concentration-
response
. evidence, . . .
Are active .. Activity occurs .. . In vitro activity
. solubility, . Activity only at  Nonspecific Exposure- .
Exposure  concentrations . under plausible . . does not imply
o . . stability, . nonspecific high stress or assay aware .
plausibility biologically experimental . L achievable
. exposure .. exposure artifact validation
plausible? . conditions exposure
prediction, or
pharmacokinetic
data
Source, dataset,
. Opaque
. . assay, model, Opaque dataset or . Evidence .
Evidence Is each evidence . Transparent Irreproducible . evidence cannot
computational . . unclear assay S audit and .
provenance layer traceable? evidence chain prioritization . support high
method, and provenance reporting
. confidence
evidence type
Graded
computational, in L . .
. How coherent . P .. Concordant . Overweighting  Evidence = Ranking must
Evidence . . vitro, preclinical, . Single weak . .
and reliable is .. evidence across . low-confidence grading and reflect evidence
strength . and clinical evidence stream .. .
the evidence? ) layers data replication quality
evidence where
available
Explicit .. Sensitivit .
. P . Gaps are . . False precision . 7 Uncertainty
. What remains uncertainty Ranking hides . . analysis and ;
Uncertainty defined and . . in candidate . must remain
unresolved? statement and missing evidence C e validation ..
. testable prioritization . visible
gap inventory planning
Defined assays,
target tests, Stage- Candidate is
Sy . Clear next . Resource use . .
Validation =~ What follow-up pathway studies, . No feasible appropriate  prioritized for
. S . validation L may be poorly L
readiness is justified? selectivity validation plan . validation research, not
. pathway directed
evaluation, safety plan treatment
checks
. Preclinical .
Istherea  Target, pathway,  Evidence . .. .. Translational
. . .. Major missing Premature and clinical .
Translational plausible route selectivity, safety, supports staged .. . relevance is not
. safety or exposure clinical evidence .
relevance to stronger exposure, and  translational . o therapeutic
. . . evidence implication where
evidence?  model relevance investigation . proof
appropriate
Explicit
separation of Candidate  Language implies . Clinical
.. Are unsupported P .. Buage 1mp Medical L No treatment or
No clinical- . . prediction, framed as a treatment, .. . validation .
. patient-facing . . misinformation .. prevention
claim boundary . . preclinical research prevention, or . before clinical .
claims avoided? . . .. risk . recommendation
evidence, and hypothesis  clinical efficacy claims

clinical evidence

Proposed conceptual framework

The proposed conceptual framework is designed to
connect phytochemical evidence with oncology-informed
interpretation and safety-aware prioritization. Its first stage
records phytochemical identity, compound class, natural
product source, chemical characterization, and evidence
provenance. This stage is necessary because anticancer
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interpretation becomes unstable when chemical identity is
uncertain, when source information is incomplete, or when
biological activity is attributed to a poorly characterized
extract or compound class. Natural products may interact
with cancer-relevant signaling pathways, but pathway
association must be interpreted as mechanistic plausibility
rather than evidence of validated anticancer efficacy [30].
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The second stage evaluates target confidence by
distinguishing Al-predicted targets from experimentally
supported targets. target-identification
approaches, including chemical proteomics, can strengthen
mechanistic confidence when they connect a natural
product candidate to a molecular target in a biologically
relevant system [31]. In the conceptual framework, target
confidence 1is therefore graded across predicted
computational support,

Experimental

association, orthogonal
biochemical evidence, cellular target engagement, and
context-relevant functional evidence.

The third stage links target vulnerability and tumor
pathway dependency to molecular selectivity and safety-
aware screening. Computational approaches to anticancer
natural product discovery can help connect compounds,
targets, pathways, and downstream validation priorities,
but staged interpretation is required so that target
prediction, docking-style inference, pathway mapping, and
preclinical evidence do not collapse into premature clinical
claims [32]. The framework therefore treats computational
prioritization as an upstream filter that must be followed by
tumor-context validation, tumor-normal comparison,
exposure assessment, toxicity review, and clear separation

between preclinical and clinical evidence.

The fourth stage defines translational decision boundaries.
Clinical and epidemiological evidence concerning
phytochemicals in cancer-related contexts must be
interpreted separately from computational predictions,
mechanistic studies, and preclinical observations [33].
Accordingly, the framework does not classify a candidate
as clinically effective; instead, it classifies the candidate’s
research readiness according to evidence provenance,
target confidence, pathway dependency support,
selectivity evidence, safety signals, exposure plausibility,
uncertainty, and validation gaps.

The fifth stage integrates source, chemical, mechanistic,
and validation evidence into a safety-aware candidate-
prioritization decision. Phytochemical source and
biosynthetic identity can support reproducibility and
discovery interpretation when properly documented [34].
Molecular target evidence can further support mechanistic
plausibility, but target claims must be separated into
predicted, experimentally  supported, functionally
validated, and clinically supported categories so that the
framework does not overstate anticancer relevance [35].
Table 3 presents the proposed conceptual framework for
Al-assisted anticancer phytochemical prioritization.

Table 3. Proposed Conceptual Framework for Al-Assisted Anticancer Phytochemical Prioritization: Phytochemical
Identity, Target Vulnerability, Tumor Pathway Dependency, Molecular Selectivity, Safety-Aware Screening, Evidence
Grading, Candidate Ranking, Validation Planning, and Translational Boundaries

Al-assisted

Candidate
Framework Core Required or N Caution  Validation . . Research
. prioritization . R Failure risk .
stage purpose input conceptual signal  requirement decision value
i output
logic
Compound Al may assist
identity, annotation, . Chemical .
. Y . . Ambiguous . . Determines
) Establish compound dereplication, Identity- verification L
Phytochemical . L compound, Misassigned whether
. . what is being class, natural ~ similarity  confidence . and . . o
identity . mixture, or o bioactivity  prioritization can
evaluated product source, analysis, and  category reproducibility .
. . extract begin
chemical evidence check
characterization organization
Assay type,
dataset, model, Evidence is Opaque
. Track where source, mapped b Evidence data source . Irreproducible Improves
Evidence . . pp . Y S Evidence P . P
evidence computational origin, traceability or unclear . or biased  transparency and
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clinical evidence

evidence status exists

Figure 2 presents the proposed conceptual framework for
Al-assisted anticancer phytochemical prioritization across

molecular selectivity, safety-aware screening, evidence
grading, and validation planning.
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Figure 2. Conceptual Framework for Al-Assisted Anticancer Phytochemical Prioritization

Alt-text description

A conceptual framework diagram showing phytochemical
identity and cancer context feeding into target vulnerability
assessment, tumor pathway dependency assessment,
molecular selectivity review, safety-aware screening,
evidence grading, candidate prioritization, validation
planning, and translational boundaries.

Research implications

For natural product researchers, cancer pharmacologists,
computational biologists, and systems pharmacologists,
the proposed framework provides a structured way to
separate discovery enthusiasm from evidence strength.
Reliability and interpretability are particularly important
for cancer drug-sensitivity prediction because model
outputs can appear precise even when they reflect dataset
bias, limited external validity, or insufficient biological
explanation [36]. The framework therefore encourages
researchers to report why a candidate is prioritized, what
evidence supports each layer, and what remains uncertain.
For AI model developers and translational oncology
researchers, the framework highlights the need for tumor-
context-specific datasets, selectivity benchmarks, external
validation, exposure-aware modeling, and safety-aware
screening. Biological machine-learning workflows require
careful protection against data leakage, especially when
related samples, overlapping datasets, or improperly
separated training and testing structures may inflate
apparent performance [37]. In anticancer phytochemical
prioritization, leakage-aware validation is essential
because overstated model reliability may lead to

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

misleading
conclusions.

target, pathway, or candidate-ranking
For journal reviewers, funding bodies, and research teams,
the framework can function as a reporting and evaluation
scaffold. Candidate claims should specify whether
evidence concerns chemical identity, predicted target
association, experimentally supported target engagement,
tumor pathway dependency, molecular
alignment, tumor-normal selectivity, ADMET plausibility,
toxicity risk, off-target liability, validation readiness, or
translational boundary. This structure supports clearer peer
review and safer research prioritization by preventing Al-
derived candidate rankings from being presented as
validated anticancer evidence.

signature

CONCLUSION

This article proposed an Al-assisted conceptual framework
for anticancer phytochemical prioritization that integrates
phytochemical identity, tumor-context definition, target
vulnerability, tumor pathway dependency, molecular
selectivity, safety-aware screening, evidence grading,
candidate prioritization, validation planning, and
translational boundaries. The framework positions Al as a
tool for organizing and prioritizing research hypotheses,
not as evidence of clinical anticancer efficacy. Its central
contribution is to connect computational discovery with
tumor  biology,  selectivity  assessment, safety
interpretation, exposure plausibility, uncertainty reporting,
and validation requirements. Responsible anticancer
phytochemical discovery requires that predicted targets,
pathway links, molecular signatures, and candidate
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rankings remain bounded by evidence strength and tested
through appropriate experimental and clinical research
pathways before any therapeutic claim is considered.
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