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ABSTRACT 
Natural product drug discovery increasingly draws on heterogeneous evidence spanning chemical structures, 
biological assays, molecular profiles, published literature, and clinical observations, yet these evidence streams 
are commonly stored, modelled, and interpreted in isolation. This article proposes a multimodal molecular 
intelligence framework for organizing and integrating such evidence without treating computational 
convergence as proof of mechanism, efficacy, safety, or clinical utility. The framework begins with traceable 
natural product identity and botanical-source records, followed by complementary representations of chemical 
structures, stereochemistry, molecular descriptors, fingerprints, and molecular graphs. Bioassay evidence is 
incorporated with assay metadata, exposure context, target annotations, and explicit confidence boundaries. 
Transcriptomic, proteomic, metabolomic, genomic, microbiomic, pathway, and network evidence are 
positioned as context-dependent sources of mechanistic hypotheses. Literature mining, named entity 
recognition, relation extraction, knowledge graphs, and citation traceability provide structured text evidence 
while preserving source provenance. Clinical literature, real-world observations, pharmacovigilance reports, 
adverse-event information, ADMET evidence, and toxicity signals contribute translational and safety context 
but are not treated as causal confirmation. The proposed architecture combines modality alignment, cross-
modal consistency assessment, conflict detection, missing-data handling, uncertainty estimation, bias 
assessment, expert review, candidate-prioritization boundaries, validation planning, and iterative feedback. Its 
principal contribution is a provenance-preserving and validation-gated framework that supports research 
prioritization while maintaining explicit no-clinical-claim boundaries.  
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INTRODUCTION 

Natural product drug discovery remains a major source of 

chemically diverse scaffolds, pharmacologically active 

compounds, and therapeutic inspiration. Its scientific 

value, however, is accompanied by substantial evidentiary 

complexity arising from uncertain botanical identities, 

variable preparations, structurally related constituents, 

incomplete stereochemical annotations, heterogeneous 

assays, and uneven translational documentation. Natural 

products and their derivatives have contributed 

meaningfully to drug discovery, but natural origin alone 
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does not establish pharmacological relevance, safety, or 

therapeutic potential [1,  2]. A rigorous discovery process 

must therefore distinguish the existence of a natural 

compound from the quality of evidence supporting its 

biological activity and possible development value. 

Modern discovery programmes generate information 

across chemical structures, molecular descriptors, 

fingerprints, molecular graphs, bioassays, target 

annotations, transcriptomics, proteomics, metabolomics, 

pathway analyses, literature corpora, clinical studies, and 

safety-surveillance systems. Machine learning can assist 

molecular-property prediction, target prioritization, 

screening, biomarker analysis, and development planning, 

yet its usefulness depends on the appropriateness of the 

data, endpoints, validation strategy, and intended decision 

context [3]. When these evidence sources remain 

disconnected, potentially informative relationships may be 

overlooked; when they are combined without adequate 

controls, incompatible observations may be mistaken for 

mutually reinforcing evidence. 

Multimodal integration therefore creates both an 

opportunity and a methodological risk. It may improve 

evidence organization, reveal cross-modal patterns, 

highlight contradictions, and support the prioritization of 

testable hypotheses. However, artificial intelligence does 

not independently establish target validity, mechanism, 

therapeutic efficacy, safety, or clinical utility, particularly 

when its outputs depend on incomplete, biased, 

heterogeneous, or proxy-labelled datasets [4]. Provenance 

gaps, inconsistent identifiers, assay-context loss, missing 

modalities, publication bias, distribution shift, uncertain 

clinical coding, and uncalibrated confidence may produce 

an appearance of evidentiary coherence that is not 

supported by the underlying observations. 

This article proposes an original multimodal molecular 

intelligence framework for natural product drug discovery. 

The framework connects natural product identity, 

botanical provenance, chemical representations, bioassay 

evidence, omics profiles, pathway and network 

information, text-mined literature, clinical signals, 

pharmacovigilance evidence, ADMET and toxicity 

information, and multidisciplinary expert interpretation. Its 

central premise is that multimodal AI should support 

evidence organization, mechanistic hypothesis formation, 

safety-aware prioritization, and validation planning while 

preserving modality-specific limitations, source 

traceability, uncertainty, conflicts, and explicit boundaries 

between research prioritization and clinical claims. 

Multimodal molecular intelligence 

Multimodal molecular intelligence can be defined as the 

structured computational integration of heterogeneous 

chemical, biological, textual, and clinical evidence for a 

clearly bounded discovery question. It differs from single-

modality machine learning because its purpose is not 

merely to predict an endpoint from one feature space. It 

also differs from simple database aggregation, which co-

locates records without necessarily aligning their 

meanings, contexts, quality levels, or evidentiary 

relationships. Multimodal integration may involve early 

fusion of harmonized features, late fusion of modality-

specific outputs, intermediate representation fusion, graph-

based integration, or coordinated embeddings, but each 

strategy makes distinct assumptions about comparability, 

missingness, and information sharing [5, 6]. 

Early fusion combines modality-derived variables before 

model fitting and may be useful when evidence objects are 

well aligned, sufficiently complete, and measured at 

compatible levels. Its limitations include dimensional 

imbalance, scale differences, sparse modalities, and the 

possibility that high-volume data streams dominate lower-

dimensional but more reliable evidence. Late fusion 

preserves separate modality-specific analyses and 

combines their outputs after individual evaluation, making 

it easier to inspect modality contributions but potentially 

limiting interaction discovery. Joint embeddings and cross-

modal representations can capture relationships among 

molecular, omics, pathological, textual, or clinical 

features, although their performance and interpretability 

remain dependent on the population, task, data-generating 

process, and validation design [7]. 

Multimodal molecular intelligence should also be 

distinguished from network pharmacology alone, omics 

analysis alone, and text mining alone. Network 

pharmacology can organize compound–target–pathway 

relationships but may inherit unverified database edges and 

centrality biases. Omics analysis can identify response 

signatures and enriched pathways but cannot 

independently determine whether observed changes are 

causal, specific, or therapeutically favourable. Text mining 

can retrieve entities, relations, and reported mechanisms 

but cannot convert published assertions into validated 

biological facts. A credible integration architecture must 

preserve modality identity, experimental context, data 

lineage, and evidentiary independence rather than merging 

every available observation into a single undifferentiated 

score [8]. 

The proposed concept therefore treats each modality as a 

bounded evidence channel with its own representation, 

validation procedure, uncertainty estimate, and permitted 

interpretation. Modality alignment should verify that 

records refer to compatible compounds, organisms, 

preparations, targets, tissues, doses, time points, 

phenotypes, and outcomes. Missing data should remain 

visible rather than being interpreted automatically as 

negative evidence. Cross-modal agreement should increase 
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the priority of a hypothesis only when the supporting 

evidence is contextually compatible and sufficiently 

independent, whereas disagreement should generate a 

conflict record requiring expert review or additional 

experimentation. Source provenance, bias assessment, 

expert interpretation, and no-clinical-claim controls are 

consequently structural requirements rather than optional 

reporting additions. 

Chemical structures and bioassays 

Chemical evidence begins with reliable identification of 

the natural product object under investigation. A record 

should distinguish an isolated compound from a 

standardized preparation, complex extract, fraction, 

mixture, salt, derivative, or incompletely characterized 

material. Natural product databases vary in coverage, 

curation practices, identifiers, structural completeness, 

biological annotations, and source documentation, making 

cross-database reconciliation necessary before evidence 

integration [9]. Aggregated resources can improve access 

to natural product structures, but their records may inherit 

inconsistencies from upstream databases; consequently, 

canonical identifiers, source links, version information, 

alternative structures, and normalization histories should 

be retained [10]. Botanical or microbial provenance should 

include taxonomic identity, organism part or strain, 

extraction and preparation context, and voucher or source 

information where available. 

Chemical structure representation should be plural rather 

than singular. Molecular descriptors provide interpretable 

physicochemical properties, fingerprints encode 

predefined structural neighbourhoods, and molecular 

graphs capture atom–bond topology for representation 

learning. Stereochemistry requires separate attention 

because enantiomers, diastereomers, and geometrical 

isomers may differ in binding, metabolism, selectivity, and 

toxicity. Computational assignment may help identify 

unresolved stereochemical relationships, but predicted 

configurations should remain explicitly labelled as 

uncertain until supported by appropriate structural 

evidence [11]. Molecular benchmarks further indicate that 

representation quality must be assessed in relation to the 

endpoint, dataset composition, evaluation metric, and 

splitting strategy rather than assumed from model 

complexity alone [12]. 

Bioassay evidence should not be reduced to a compound–

activity label. Each observation requires the assay type, 

biological system, species, cell line or tissue, endpoint, 

units, exposure concentration, duration, controls, curve 

quality, replication status, laboratory source, and 

experimental conditions. Target-prediction performance 

can depend strongly on assay-derived labels, class 

imbalance, endpoint heterogeneity, and evaluation design, 

so predicted target associations should be separated from 

direct binding evidence and functional target confirmation 

[13]. Similarly, no single molecular representation 

performs optimally across all activity and property-

prediction tasks; comparisons among descriptors, 

fingerprints, graphs, and learned representations should 

therefore use scaffold-aware or otherwise task-appropriate 

validation [14]. 

Compound–target evidence should be represented as a 

traceable relationship connecting a verified compound 

identity, a normalized target, a defined assay, an evidence 

type, and a confidence category. Graph-based models may 

support structure–property and structure–activity learning 

by encoding atomic and bond relationships, but their 

outputs remain dataset-dependent predictions and should 

not be interpreted as mechanistic explanations merely 

because attention or feature-attribution values are available 

[15]. ADMET and toxicity information should integrate 

experimental evidence, exposure context, structural alerts, 

metabolism hypotheses, and uncertainty without equating 

an absence of recorded toxicity with safety. Within the 

proposed framework, chemical and bioassay modalities 

provide evidence for research prioritization and validation 

planning; they do not independently establish target 

validity, drug potential, safety, or translational readiness. 

Table 1 summarises chemical structure and bioassay 

components required for multimodal molecular 

intelligence in natural product drug discovery. 

 

Table 1. Chemical Structure and Bioassay Components for Multimodal Molecular Intelligence in Natural Product Drug 

Discovery: Natural Product Identity, Botanical Source, Stereochemistry, Molecular Descriptors, Molecular Graphs, 

Bioassay Evidence, Assay Metadata, Bioactivity Context, Target Annotation, ADMET Evidence, and Validation Needs 

Data 

component 

Core drug 

discovery 

question 

Required 

input 

AI or 

integration 

function 

Potential 

output 

Reliability 

concern 

Validation 

requirement 

Framewor

k role 

Natural 

product 

identity 

Is the 

evidence 

linked to a 

distinct and 

traceable 

natural 

Stable 

identifier, 

preferred 

name, 

synonyms, 

preparation 

Entity 

resolution, 

deduplication, 

and synonym 

reconciliation 

Canonical 

identity 

record with 

linked 

alternatives 

Extracts, 

mixtures, 

salts, 

derivatives, 

and isolated 

compounds 

Manual 

adjudication 

of ambiguous 

identities and 

reconciliation 

Root 

evidence 

object for 

downstrea

m 

integration 
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product 

object? 

type, source 

record, and 

version 

may be 

conflated 

across 

sources 

Botanical 

source 

Which 

organism, 

tissue, strain, 

or preparation 

produced the 

material? 

Taxonomic 

name, 

organism 

part or 

strain, 

geographica

l context, 

voucher 

information 

where 

available, 

and 

preparation 

details 

Taxonomic 

normalization 

and source 

linking 

Botanical or 

microbial 

provenance 

profile 

Misidentificati

on, outdated 

taxonomy, 

absent 

voucher 

records, and 

batch 

variability 

Taxonomic 

verification 

and source-

document 

review 

Prevents 

transfer of 

evidence 

between 

non-

equivalent 

sources 

Chemical 

structure 

Which 

molecular 

entity is 

represented? 

Standardize

d 

connection 

table, 

charge, 

tautomer, 

isotope, salt 

status, and 

mixture 

status 

Structure 

standardizatio

n and 

representation 

generation 

Canonical 

structure 

with 

preserved 

alternatives 

Incorrect 

records, 

unresolved 

mixtures, and 

normalization-

induced 

information 

loss 

Independent 

structure 

review and 

comparison 

with primary 

sources 

Primary 

chemical 

evidence 

modality 

Stereochemis

try 

Are chiral 

centres and 

geometric 

configuration

s resolved? 

Isomeric 

structure, 

stereochemi

cal 

annotations, 

evidence 

source, and 

confidence 

status 

Stereochemic

al encoding or 

prediction 

Resolved, 

partial, or 

uncertain 

stereochemi

cal record 

Missing or 

incorrectly 

inferred 

configurations 

Spectroscopic

, synthetic, 

crystallograph

ic, or other 

appropriate 

confirmation 

when 

decision-

relevant 

Mandatory 

uncertainty

-bearing 

structural 

attribute 

Molecular 

descriptor 

Which 

interpretable 

physicochemi

cal 

characteristic

s describe the 

compound? 

Standardize

d structure 

and 

documented 

calculation 

settings 

Descriptor 

calculation, 

normalization

, and feature 

selection 

Interpretabl

e descriptor 

vector 

Software 

dependence, 

correlated 

variables, and 

invalid 

calculations 

Recalculation

, range 

checks, and 

cross-tool 

comparison 

Interpretabl

e 

representati

on and 

baseline 

modelling 

channel 

Molecular 

graph 

How are 

atoms, bonds, 

charges, and 

local 

environments 

connected? 

Atom 

features, 

bond 

features, 

aromaticity, 

formal 

charge, and 

stereochemi

cal 

information 

Graph 

representation 

learning 

Molecular 

embedding 

or task-

specific 

prediction 

Structural 

graphs omit 

preparation, 

exposure, 

assay, and 

biological 

context 

External 

evaluation, 

scaffold-

aware testing, 

and 

applicability-

domain 

assessment 

Structure-

learning 

channel 

Molecular 

fingerprint 

Which 

predefined 

substructures 

or 

neighbourhoo

Standardize

d structure, 

fingerprint 

type, radius, 

Similarity 

search, 

clustering, 

and 

conventional 

Similarity 

profile or 

predictive 

feature 

vector 

Hash 

collisions and 

representation-

specific blind 

spots 

Comparison 

across 

fingerprint 

types and 

external 

Retrieval, 

baseline 

prediction, 

and 

chemical-
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ds are 

present? 

and bit 

settings 

machine 

learning 

chemical-

space testing 

space 

mapping 

Bioassay 

evidence 

Has the 

material 

produced a 

measured 

biological 

response? 

Endpoint, 

value, units, 

concentratio

n, protocol, 

controls, 

replication, 

and source 

Assay 

harmonization 

and evidence 

grading 

Context-

qualified 

activity 

record 

Heterogeneous 

protocols, 

selective 

reporting, and 

incomparable 

endpoints 

Replication, 

control 

review, unit 

verification, 

and protocol 

appraisal 

Empirical 

biological 

evidence 

Assay 

metadata 

Under what 

experimental 

conditions 

was the 

observation 

generated? 

Assay type, 

organism, 

cell line, 

tissue, 

readout, 

duration, 

laboratory, 

plate, and 

batch 

information 

Metadata 

normalization 

and assay 

grouping 

Assay-

context 

profile 

Missing 

context may 

make activity 

records 

uninterpretabl

e or non-

comparable 

Minimum 

metadata 

completeness 

gate 

Preserves 

experiment

al meaning 

Bioactivity 

context 

Is the 

measured 

activity 

relevant to 

plausible 

exposure, 

selectivity, 

and 

biological 

conditions? 

Potency, 

efficacy, 

dose, 

duration, 

exposure 

estimate, 

comparator, 

matrix, and 

selectivity 

data 

Cross-assay 

contextualizat

ion and 

exposure-

aware 

interpretation 

Qualified 

bioactivity 

hypothesis 

Activity may 

occur only at 

implausible 

concentrations 

or under 

artificial 

conditions 

Orthogonal 

assays, 

concentration

–response 

testing, and 

exposure-

relevance 

assessment 

Distinguish

es 

measured 

signals 

from 

developme

nt-relevant 

evidence 

Target 

annotation 

Which 

molecular 

target is 

associated 

with the 

observation? 

Standardize

d target 

identifier, 

species, 

isoform, 

assay 

modality, 

and 

evidence 

directness 

Target 

normalization 

and 

relationship 

aggregation 

Target-

evidence 

record 

Predicted, 

indirect, and 

directly 

measured 

targets may be 

conflated 

Direct 

binding or 

functional 

confirmation 

when 

required 

Connects 

chemical 

and 

biological 

evidence 

Target 

confidence 

How strong, 

reproducible, 

and direct is 

the 

compound–

target 

relationship? 

Evidence 

type, assay 

quality, 

replication, 

selectivity, 

source 

independen

ce, and 

uncertainty 

Evidence 

grading and 

confidence 

calibration 

Traceable 

target-

confidence 

category 

Aggregate 

confidence 

may conceal 

heterogeneous 

or dependent 

evidence 

Predefined 

grading rubric 

and 

multidisciplin

ary review 

Prevents 

target 

prediction 

from being 

described 

as target 

validation 

Compound–

target 

evidence 

Are 

compound 

identity, 

assay 

findings, and 

target 

annotations 

mutually 

compatible? 

Verified 

compound 

record, 

assay 

evidence, 

target 

identity, 

provenance, 

and 

Cross-modal 

matching, 

consistency 

assessment, 

and conflict 

detection 

Supported, 

conflicting, 

or 

unresolved 

compound–

target 

hypothesis 

Entity 

mismatch, 

promiscuity, 

assay 

artefacts, and 

publication 

bias 

Orthogonal 

assays, 

identity audit, 

and 

independent 

replication 

Core cross-

modal 

evidence 

unit 
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contextual 

metadata 

ADMET 

evidence 

Are 

absorption, 

distribution, 

metabolism, 

excretion, 

and transport 

characteristic

s plausible? 

Experiment

al or 

predicted 

ADMET 

endpoints, 

biological 

system, 

exposure 

conditions, 

and method 

metadata 

Property 

modelling and 

evidence 

aggregation 

ADMET 

hypothesis 

profile with 

limitations 

In vitro and in 

silico 

endpoints may 

not translate 

across species 

or exposure 

settings 

Relevant 

experimental 

confirmation 

and 

applicability 

assessment 

Developme

nt-risk 

prioritizatio

n and test 

planning 

Toxicity 

evidence 

Are there 

structural, 

experimental, 

metabolic, or 

observed 

safety 

concerns? 

Cytotoxicity

, organ-

toxicity 

evidence, 

structural 

alerts, 

reactive-

metabolite 

data, dose, 

and 

exposure 

context 

Safety-

evidence 

integration 

and alert 

generation 

Toxicity 

concern 

profile 

Alerts may be 

nonspecific, 

labels may be 

incomplete, 

and 

unreported 

toxicity may 

appear absent 

Dose-aware 

experimental 

assessment, 

mechanistic 

follow-up, 

and expert 

toxicology 

review 

Exclusion, 

caution, 

and 

validation-

planning 

input 

 

Omics profiles and text evidence 

Omics evidence can extend natural product investigation 

beyond isolated compound–target associations by 

characterizing biological responses across molecular 

layers. Transcriptomic profiles may identify genes and 

cellular programmes that change after exposure, 

proteomics may reveal altered proteins or signalling states, 

and metabolomics may connect exposure with metabolic 

pathways, biotransformation products, or downstream 

physiological responses. In natural product research, these 

modalities can support target discovery and pathway-

hypothesis generation when compound identity, dose, 

time, tissue, model system, and analytical platform are 

adequately documented [16]. Such profiles nevertheless 

remain context-dependent observations: a differentially 

expressed gene, altered protein, or enriched metabolite set 

does not independently prove direct target engagement or 

a therapeutically relevant mechanism. 

Single-cell and cell-resolved multi-omics approaches may 

provide additional information about heterogeneous 

responses that are obscured in bulk measurements. These 

methods can help distinguish cell-type-specific effects, 

identify rare responding populations, and examine whether 

apparent pathway activity originates from a restricted 

biological compartment. Their use in natural product 

research may be particularly valuable when extracts or 

compounds produce divergent responses across immune, 

stromal, epithelial, or disease-associated cellular 

populations [17]. However, cell isolation procedures, batch 

effects, sequencing depth, temporal sampling, tissue 

dissociation, and population-composition differences can 

alter the resulting profiles. The framework therefore treats 

cell-resolved signatures as qualified mechanistic 

hypotheses whose relevance depends on replication, 

orthogonal confirmation, and compatibility with exposure 

and assay evidence. 

Integrated analysis can identify variation shared across 

omics layers while preserving modality-specific signals. 

Latent-factor approaches, for example, may organize 

coordinated transcriptomic, proteomic, or metabolomic 

variation and accommodate partially observed data without 

requiring all modalities to contain identical information 

[18]. These representations are useful for identifying 

patterns, patient or sample groupings, and candidate 

biological processes, but latent factors remain 

mathematical summaries rather than validated 

mechanisms. More broadly, multi-omics interpretation 

requires alignment of tissue, sampling time, disease state, 

analytical platform, cohort composition, and preprocessing 

because apparent agreement across modalities can arise 

from correlated technical effects or shared confounding 

rather than biological convergence [19]. Cross-modal 

validation should therefore test whether a hypothesis 

suggested in one layer is supported by an independently 

generated and biologically appropriate layer. 

Genomic, transcriptomic, proteomic, and metabolomic 

evidence may also support the investigation of biosynthetic 

pathways and natural product origins, particularly for 
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microbial secondary metabolites [20]. Genomics and 

transcriptomics can suggest biosynthetic gene clusters or 

expression programmes, whereas metabolomics may help 

connect those programmes with candidate products; 

experimental confirmation remains necessary when 

pathway assignments or compound identities are uncertain. 

Text evidence provides a complementary means of 

organizing published observations. Biomedical language 

models can support named entity recognition and relation 

extraction for chemicals, genes, proteins, diseases, and 

biological effects, but extracted relations remain source-

dependent assertions rather than validated facts [21]. 

Automated annotation resources can improve retrieval and 

normalization while retaining links to the source article 

[22]. Within the proposed framework, literature mining, 

relation extraction, and knowledge graphs must preserve 

DOI-level and passage-level provenance, distinguish 

primary from secondary evidence, capture negation and 

speculation where possible, and expose contradictory 

reports for expert assessment. 

Table 2 maps omics profile and text evidence modalities 

that can support multimodal natural product drug 

discovery. 

 

Table 2. Omics Profiles and Text Evidence for Multimodal Natural Product Drug Discovery: Transcriptomics, 

Proteomics, Metabolomics, Genomics, Microbiomics, Pathway Enrichment, Network Pharmacology, Literature 

Mining, Named Entity Recognition, Relation Extraction, Knowledge Graphs, and Citation Traceability 

Evidence 

modality 

Core 

biological 

question 

Required 

input 

Computationa

l function 

Potential 

output 

Interpretatio

n risk 

Validation 

requireme

nt 

Framewor

k role 

Transcripto

mics 

Which genes 

and cellular 

programmes 

change after 

exposure or 

between 

relevant 

biological 

states? 

Raw or 

processed 

expression 

data, tissue 

or cell type, 

dose, 

duration, 

controls, 

batch, and 

platform 

metadata 

Differential 

expression, 

signature 

matching, 

clustering, and 

latent 

representation 

Context-

qualified 

response 

signature or 

pathway 

hypothesis 

Batch effects, 

cell-

composition 

differences, 

nonspecific 

stress 

responses, and 

temporal 

ambiguity 

Independen

t 

experiment 

or cohort, 

quantitativ

e 

confirmatio

n, and 

dose–time 

assessment 

Hypothesis

-generating 

biological-

response 

modality 

Proteomics 

Which 

proteins, 

complexes, or 

post-

translational 

states change 

in the relevant 

system? 

Protein or 

peptide 

measureme

nts, 

platform, 

sample 

preparation, 

controls, 

and 

identificatio

n 

confidence 

Differential 

abundance, 

module 

detection, 

interaction 

mapping, and 

pathway 

analysis 

Protein-

response 

profile or 

candidate 

functional 

module 

Incomplete 

coverage, 

peptide 

ambiguity, 

abundance–

activity 

mismatch, and 

platform bias 

Targeted 

protein 

measureme

nt, 

functional 

assay, or 

orthogonal 

confirmatio

n 

Adds 

functional 

proximity 

without 

independen

tly 

validating 

mechanism 

Metabolomic

s 

Which 

metabolic 

pathways, 

exposure 

markers, or 

biotransforma

tion products 

are altered? 

Spectral 

features, 

retention 

information

, metabolite 

annotations, 

standards, 

matrix, 

dose, and 

time 

Feature 

annotation, 

pathway 

mapping, and 

exposure-

response 

analysis 

Metabolic 

signature or 

biotransforma

tion 

hypothesis 

Unknown-

feature 

misannotation

, ion 

suppression, 

matrix effects, 

dietary 

confounding, 

and microbial 

contributions 

Authentic 

standards, 

targeted 

assays, 

replication, 

and 

exposure-

aware 

interpretati

on 

Connects 

compound 

exposure to 

metabolic 

response 

Genomics 

where 

supported 

Do inherited, 

acquired, or 

biosynthetic 

genomic 

features 

Variant, 

copy-

number, 

genome-

assembly, 

Variant 

annotation, 

genomic-

context 

analysis, and 

Genomic-

context or 

biosynthetic-

origin 

hypothesis 

Population 

structure, 

multiple 

testing, 

assembly 

Independen

t 

replication, 

functional 

testing, or 

Conditiona

l context 

modality 

rather than 

universal 
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modify target 

or response 

context? 

or 

biosyntheti

c-cluster 

data with 

sample 

metadata 

biosynthetic 

inference 

errors, and 

weak causal 

inference 

biosyntheti

c 

confirmatio

n 

mechanism 

evidence 

Microbiomic

s where 

supported 

Could 

microbial 

composition 

or metabolism 

modify 

natural 

product 

exposure or 

response? 

Microbial 

sequencing 

or 

functional 

data, host 

metadata, 

sampling 

context, 

diet, 

geography, 

and 

contaminati

on controls 

Community 

profiling, 

functional 

inference, and 

host–microbe 

association 

analysis 

Microbiome-

associated 

metabolism or 

response 

hypothesis 

Compositiona

lity, 

contamination

, geographic 

effects, 

dietary 

confounding, 

and reverse 

causation 

Longitudin

al or 

perturbatio

nal study 

and 

metabolite-

level 

confirmatio

n 

Optional 

contextual 

modality 

when 

biologicall

y justified 

Pathway 

enrichment 

Which 

predefined 

biological 

processes are 

statistically 

overrepresent

ed? 

Ranked 

genes, 

proteins, or 

metabolites

; pathway 

database, 

version, 

and 

background 

set 

Overrepresentat

ion, gene-set 

enrichment, or 

topology-aware 

analysis 

Ranked 

pathway 

hypotheses 

Database bias, 

overlapping 

pathways, 

arbitrary 

thresholds, 

and circular 

interpretation 

Multiple 

methods, 

sensitivity 

analysis, 

permutatio

n controls, 

and 

orthogonal 

evidence 

Organizes 

molecular 

responses 

without 

establishin

g 

mechanism 

Network 

pharmacolog

y 

How might 

compounds, 

targets, 

pathways, and 

phenotypes be 

connected? 

Curated 

compound–

target 

evidence, 

interaction 

data, 

pathway 

annotations, 

disease 

associations

, and 

provenance 

Network 

construction, 

module 

detection, 

traversal, and 

centrality 

analysis 

Exploratory 

compound–

target–

pathway map 

Predicted 

edges, 

database 

popularity, 

circular reuse 

of sources, 

and centrality 

inflation 

Edge-level 

evidence 

grading, 

source-

independen

ce 

assessment

, and 

experiment

al 

perturbatio

n 

Systems-

level 

hypothesis 

organizatio

n 

Literature 

mining 

What 

published 

evidence 

addresses a 

defined 

compound, 

target, 

pathway, 

phenotype, or 

safety 

question? 

Reproducib

le search 

strategy, 

peer-

reviewed 

sources, 

identifiers, 

and 

inclusion 

logic 

Retrieval, 

relevance 

ranking, 

evidence 

classification, 

and passage 

extraction 

Source-linked 

evidence set 

Retrieval bias, 

publication 

bias, context 

loss, and 

overreliance 

on abstracts 

Reproducib

le retrieval, 

primary-

source 

verification

, and 

expert 

appraisal 

Evidence 

discovery 

and 

organizatio

n rather 

than truth 

adjudicatio

n 

Named 

entity 

recognition 

Which 

chemicals, 

species, 

genes, 

proteins, 

diseases, 

Full text or 

abstracts, 

dictionaries

, 

ontologies, 

and 

Entity 

detection, 

normalization, 

and synonym 

resolution 

Candidate 

entity 

mentions 

linked to 

standardized 

identifiers 

Abbreviations

, nested 

entities, 

taxonomic 

ambiguity, 

and 

Manual 

validation 

of 

decision-

relevant 

entities and 

Populates 

auditable 

evidence 

objects 
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outcomes, and 

preparations 

are 

mentioned? 

annotated 

corpora 

preparation–

compound 

conflation 

error 

analysis 

Relation 

extraction 

What 

relationship is 

asserted 

between 

identified 

entities? 

Source 

sentences 

or passages 

containing 

normalized 

entities 

Rule-based, 

statistical, or 

neural relation 

extraction 

Candidate 

compound–

target, 

compound–

effect, or 

safety relation 

Negation, 

speculation, 

temporality, 

dose, study 

design, and 

directionality 

may be lost 

Sentence-

level 

review, 

evidence-

type 

classificati

on, and 

primary-

source 

verification 

Generates 

reviewable 

relation 

hypotheses 

Knowledge 

graph 

evidence 

Which typed 

and traceable 

relations 

connect 

products, 

compounds, 

targets, 

pathways, 

diseases, 

assays, and 

safety events? 

Normalized 

entities, 

typed 

edges, 

source 

identifiers, 

timestamps, 

and 

confidence 

attributes 

Graph 

integration, 

query, 

traversal, 

relation 

aggregation, 

and link 

prediction 

Provenance-

rich evidence 

subgraph 

False entity 

resolution, 

predicted-

edge inflation, 

and hidden 

source 

dependence 

Relation-

level 

provenance

, 

confidence 

separation, 

and expert 

review of 

decision-

relevant 

paths 

Cross-

modal 

organizatio

nal and 

retrieval 

layer 

Text-mined 

mechanism 

evidence 

Does the 

literature 

describe a 

plausible 

sequence 

from exposure 

to target, 

pathway, and 

phenotype? 

Source-

linked 

entities, 

relations, 

directionalit

y, study 

design, 

dose, and 

model 

context 

Multi-sentence 

evidence 

assembly and 

argument 

mapping 

Mechanistic 

hypothesis 

with 

supporting 

passages 

Narrative 

coherence 

may be 

mistaken for 

causal 

validation 

Experiment

al-design 

appraisal, 

source 

independen

ce, and 

orthogonal 

corroborati

on 

Mechanis

m-

hypothesis 

support 

only 

Citation 

traceability 

Can every 

text-derived 

assertion be 

traced to an 

identifiable 

source and 

passage? 

DOI, article 

identifier, 

section, 

passage, 

extraction 

method, 

and 

timestamp 

Provenance 

attachment, 

versioning, and 

audit logging 

Citation-

linked 

evidence 

object 

Secondary 

citations may 

be mistaken 

for primary 

evidence, and 

corrected 

articles may 

remain in 

pipelines 

Primary-

source 

verification

, version 

checks, and 

correction 

monitoring 

Mandatory 

safeguard 

for text-

derived 

evidence 

Conflicting 

evidence 

detection 

Do sources or 

modalities 

disagree on 

identity, 

target, effect 

direction, 

pathway, or 

safety? 

Normalized 

claims with 

direction, 

context, 

source, 

confidence, 

and 

evidence 

type 

Contradiction 

detection, 

contextual 

comparison, 

and conflict 

clustering 

Conflict 

record 

requiring 

adjudication 

Apparent 

contradictions 

may arise 

from different 

doses, tissues, 

preparations, 

or time points 

Contextual 

expert 

review and 

targeted 

experiment

al 

resolution 

Prevents 

forced 

consensus 

and 

reduces 

overconfid

ent 

synthesis 

Clinical signals and evidence integration 

Clinical signals occupy a fundamentally different 

evidentiary position from molecular structures, laboratory 

assays, and omics profiles. A clinical signal may arise from 

a controlled study, observational cohort, electronic health 

record, spontaneous report, case series, or published 

clinical narrative, and each source has distinct limitations 

regarding population selection, exposure definition, 
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outcome ascertainment, denominators, confounding, and 

missingness. Pharmacovigilance is designed to detect and 

assess possible medicine-related harms, but a detected 

signal is an invitation to investigate rather than a definitive 

causal conclusion [23]. Within natural product research, 

this distinction is particularly important because product 

identity, formulation, co-exposures, contamination, 

variable composition, and incomplete documentation can 

complicate attribution. 

Artificial intelligence may assist pharmacovigilance by 

supporting case intake, duplicate detection, coding, 

information extraction, signal triage, and pattern 

identification. Such automation requires validated 

workflows, transparent governance, and sustained human 

oversight because errors can be propagated rapidly when 

source records are incomplete or ambiguous [24]. Deep-

learning approaches may also support adverse-event 

prediction or drug–event association analysis, but their 

outputs are shaped by the composition of the training data, 

reporting practices, label definitions, and representation of 

exposure and patient context [25]. These methods can 

therefore generate safety hypotheses or review priorities, 

but they do not establish individual risk, incidence, 

causality, or clinical actionability. 

Clinical text can provide information that is absent from 

structured fields, including symptom timing, suspected 

exposure, co-medication, dechallenge, rechallenge, and 

clinician interpretation. Natural language processing has 

been used to identify adverse-event information in 

electronic health records, although portability across 

institutions remains difficult because documentation 

practices, coding systems, patient populations, and 

annotation standards differ [26]. Real-world data may 

complement clinical evidence by describing routine-care 

populations and outcomes under defined analytical 

conditions, but observational estimates remain vulnerable 

to confounding, selection bias, measurement error, missing 

exposure details, and incomplete outcome capture [27]. 

Consequently, clinical and real-world signals should enter 

the framework with explicit study-design metadata, 

temporal information, source quality, and uncertainty 

rather than being converted directly into a generalized 

effectiveness or safety score. 

Traditional use may provide historical exposure context, 

preparation information, or hypotheses regarding possible 

effects, but duration of use is not equivalent to proof of 

efficacy or absence of harm. Herb-related adverse 

outcomes illustrate the need for verified product identity, 

exclusion of alternative causes, dose and temporal 

assessment, evaluation of co-medications, and structured 

causality review [28]. Cross-modal integration should 

therefore examine whether chemical identity, assay 

findings, omics responses, literature assertions, and 

clinical observations refer to compatible products, doses, 

biological contexts, and effect directions. Agreement 

among genuinely independent and compatible sources may 

justify higher research priority, whereas conflict, 

missingness, uncertain provenance, or weak clinical 

attribution should lower confidence and trigger further 

review. Expert clinical, pharmacological, toxicological, 

botanical, and methodological judgment is required before 

any translational interpretation, and candidate 

prioritization must remain separated from therapeutic 

recommendation. 

Table 3 summarises clinical signal and evidence 

integration domains required for cautious translational 

interpretation in multimodal natural product drug 

discovery. 

 

Table 3. Clinical Signals and Evidence Integration in Multimodal Natural Product Drug Discovery: Pharmacovigilance 

Signals, Real-World Evidence, Safety Signals, Adverse-Event Evidence, Clinical Literature, Cross-Modal Consistency, 

Conflict Detection, Expert Review, Uncertainty, and Decision Boundaries 

Integration 

domain 

Core 

translational 

question 

Evidence 

needed 

Integration 

function 

Potential 

output 

Risk of 

overinterpretation 

Validation 

requirement 

Decision 

boundary 

Clinical signal 

Is there an 

observed 

patient-level 

pattern 

relevant to 

exposure, 

response, or 

harm? 

Defined 

population, 

product or 

compound 

identity, 

exposure, 

comparator, 

outcome, 

timing, and 

data source 

Signal detection, 

temporal linkage, 

and contextual 

evidence mapping 

Clinical 

research 

signal 

Association may be 

described as 

treatment effect, 

safety, or causality 

Epidemiological 

appraisal, 

replication, 

confounder 

assessment, and 

intervention-

identity 

verification 

Does not 

establish 

efficacy, safety, 

causality, or 

clinical utility 

alone 

Pharmacovigilance 

signal 

Is an adverse-

event pattern 

sufficiently 

Spontaneous 

reports, case 

narratives, 

Disproportionality 

analysis, case 

Safety-

review 

priority 

Reporting bias, 

stimulated 

reporting, 

Case validation, 

product-identity 

review, and 

Signal detection 

is not causality 

determination 
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unusual or 

important to 

justify 

investigation? 

literature 

reports, 

duplicate 

status, 

seriousness, 

timing, and 

exposure 

estimates 

where 

available 

aggregation, NLP, 

and signal triage 

duplicates, missing 

denominators, and 

notoriety effects 

structured signal 

assessment 

Real-world 

evidence where 

supported 

Does routine-

care evidence 

inform 

effectiveness 

or safety 

under a 

prespecified 

design? 

Fit-for-

purpose 

records, 

registries, 

claims, 

patient-

generated 

data, 

exposure 

definitions, 

outcomes, 

covariates, 

and follow-

up 

Cohort 

construction, 

adjustment, 

outcome analysis, 

and sensitivity 

testing 

Context-

bound 

effectiveness 

or safety 

estimate 

Residual 

confounding, 

selection bias, 

misclassification, 

missingness, and 

data drift 

Prespecified 

protocol, 

robustness 

analyses, 

negative 

controls where 

appropriate, and 

external 

assessment 

Cannot 

automatically 

substitute for 

prospective or 

randomized 

validation 

Safety signal 

Is there 

convergent 

evidence 

suggesting a 

possible 

hazard? 

Structural 

alerts, 

experimental 

toxicity, 

metabolites, 

clinical 

cases, dose, 

route, and 

exposure 

context 

Cross-source 

safety aggregation 

and alerting 

Safety 

concern 

requiring 

investigation 

Repeated 

dependent 

evidence may 

appear 

independent, and 

nonspecific alerts 

may appear 

definitive 

Source-

dependence 

assessment, 

exposure 

relevance, 

replication, and 

expert 

toxicology 

review 

Supports 

caution or 

testing rather 

than a definitive 

safety label 

Adverse-event 

evidence 

What adverse 

outcome was 

observed, 

under what 

exposure, and 

with what 

alternatives? 

Event 

definition, 

seriousness, 

onset, 

duration, 

dechallenge, 

rechallenge, 

co-

medication, 

comorbidity, 

and product 

details 

Event 

normalization, 

temporal analysis, 

and alternative-

cause mapping 

Structured 

adverse-

event record 

Attribution may 

ignore 

contamination, 

substitution, 

underlying disease, 

or concurrent 

treatment 

Clinical case 

review and 

structured 

causality 

assessment 

No automatic 

attribution to a 

natural product 

or constituent 

Traditional use 

context where 

supported 

Does 

documented 

traditional use 

inform 

exposure 

history, 

preparation, 

or hypothesis 

formation? 

Preparation, 

route, dose, 

duration, 

population, 

indication, 

and source 

quality 

Contextual 

evidence mapping 

Traditional-

use context 

record 

Historical use may 

be misrepresented 

as modern efficacy 

or safety evidence 

Product-

composition 

verification and 

contemporary 

pharmacological 

and safety 

evaluation 

Supports 

context and 

hypothesis 

generation only 

Clinical literature 

evidence 

What peer-

reviewed 

clinical 

Study 

design, 

intervention 

Study 

classification, 

intervention 

Design-

qualified 

clinical 

Claims may be 

transferred across 

non-equivalent 

Intervention-

identity audit, 

study appraisal, 

No cross-

product or 

cross-
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evidence 

exists for the 

product, 

preparation, 

extract, or 

constituent? 

identity, 

comparator, 

population, 

dose, 

outcomes, 

duration, and 

risk-of-bias 

information 

matching, and 

evidence 

extraction 

evidence 

profile 

extracts, 

preparations, or 

isolated 

compounds 

and replication 

where relevant 

preparation 

therapeutic 

inference 

Evidence 

triangulation 

Do 

independently 

generated 

evidence 

streams 

support the 

same bounded 

hypothesis? 

Chemical, 

bioassay, 

omics, 

textual, and 

clinical 

evidence 

with explicit 

provenance 

Structured 

convergence 

assessment 

Triangulated 

research 

hypothesis 

Shared databases, 

duplicated 

publications, or 

circular citations 

may create false 

independence 

Source-

dependence 

analysis, 

compatibility 

checks, and 

expert 

adjudication 

Convergence 

prioritizes 

testing but does 

not prove the 

hypothesis 

Cross-modal 

consistency 

Are identity, 

direction, 

dose, target, 

model, tissue, 

time, and 

outcome 

compatible? 

Harmonized 

entities and 

contextual 

metadata 

across 

modalities 

Semantic, 

temporal, and 

biological 

consistency 

checking 

Compatible 

evidence 

bundle 

Superficial 

agreement may 

conceal 

incompatible 

experiments or 

populations 

Context-level 

comparison and 

independent 

verification of 

decisive links 

Only compatible 

evidence 

contributes to 

convergence 

Cross-modal 

conflict detection 

Where and 

why do 

modalities 

disagree? 

Signed 

assertions, 

effect 

direction, 

experimental 

context, 

source, and 

uncertainty 

Contradiction 

localization, 

context 

comparison, and 

conflict 

classification 

Conflict map 

with possible 

explanations 

Automated systems 

may suppress 

negative or 

minority evidence 

Expert review 

and targeted 

experimental or 

clinical 

clarification 

Unresolved 

conflict lowers 

confidence and 

blocks strong 

interpretation 

Uncertainty 

estimation 

How 

uncertain are 

individual 

signals and 

the integrated 

interpretation? 

Measurement 

error, 

sampling 

uncertainty, 

model 

uncertainty, 

missingness, 

extraction 

confidence, 

and 

provenance 

quality 

Uncertainty 

decomposition, 

calibration, and 

propagation 

Modality-

specific and 

integrated 

uncertainty 

profile 

A single 

confidence score 

may conceal severe 

uncertainty in one 

critical source 

Calibration, 

sensitivity 

analysis, and 

transparent 

component 

reporting 

High 

uncertainty 

restricts 

prioritization 

and requires 

further evidence 

Bias assessment 

Could 

sampling, 

reporting, 

measurement, 

publication, or 

model bias 

explain the 

apparent 

signal? 

Population 

composition, 

data-

generation 

process, 

missingness, 

source 

selection, 

and model-

development 

details 

Structured bias 

appraisal and 

stress testing 

Bias-risk 

profile 

Apparent cross-

modal consistency 

may reflect shared 

systematic bias 

Independent 

review, 

subgroup 

assessment, and 

external 

validation 

High bias risk 

prevents strong 

translational 

interpretation 

Expert clinical or 

pharmacology 

review 

Are integrated 

outputs 

chemically, 

biologically, 

Evidence 

graph, source 

passages, 

conflicts, 

Multidisciplinary 

adjudication 

Accepted, 

revised, 

deferred, or 

Automation bias, 

selective 

acceptance, and 

Independent 

reviewers, 

documented 

rationale, and 

Human review 

is mandatory 

before 
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and clinically 

coherent? 

uncertainty, 

dose, 

exposure, 

and intended 

use 

rejected 

interpretation 

disciplinary blind 

spots 

conflict-of-

interest 

disclosure 

translational 

interpretation 

Candidate 

prioritization 

boundary 

Which 

bounded 

hypotheses 

merit 

additional 

laboratory or 

translational 

testing? 

Evidence 

quality, 

uncertainty, 

feasibility, 

novelty, 

safety 

concerns, 

and 

validation 

burden 

Multi-criteria 

prioritization and 

sensitivity 

analysis 

Research-

priority tier 

with 

rationale 

Rank order may be 

mistaken for 

therapeutic 

superiority or 

probability of 

success 

Alternative 

weighting, 

committee 

review, and 

prespecified 

advancement 

gates 

Supports 

resource 

allocation only 

No clinical-claim 

boundary 

Which 

outputs are 

prohibited 

without direct 

clinical 

validation? 

Intended-use 

statement, 

validation 

status, claim 

taxonomy, 

and user role 

Output restriction, 

labelling, and 

escalation 

Research-

only output 

with explicit 

limitations 

Suggestive 

wording or visual 

design may imply 

clinical 

actionability 

Governance, 

editorial review, 

and interface 

testing 

No diagnosis, 

prescribing, 

treatment, 

efficacy, or 

safety 

recommendation 

 

Figure 1 illustrates how chemical structures, bioassays, 

omics profiles, text evidence, and clinical signals can be 

integrated into a multimodal evidence logic for natural 

product 

drug discovery. 

 

 
Figure 1. Multimodal Evidence Integration Logic for Natural Product Drug Discovery 

 

Alt-text description 

A conceptual evidence integration diagram showing 

chemical structures, bioassays, omics profiles, text 

evidence, clinical signals, pathway knowledge, safety 

evidence, provenance, uncertainty, expert review, and 

candidate prioritization boundaries. 

Proposed multimodal framework 

The proposed framework begins with a versioned natural 

product data foundation. Each evidence object should 

include natural product identity, botanical or microbial 

source, preparation type, structural status, stereochemical 

completeness, assay links, omics context, literature 

provenance, clinical-signal source, safety information, and 

transformation history. Dataset documentation principles 

support the recording of composition, collection processes, 
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intended use, exclusions, known limitations, maintenance, 

and potential sources of bias [29]. Applied here, these 

principles require every compound, assay, omics profile, 

extracted relation, and clinical record to retain its original 

source and subsequent processing steps. Records with 

unresolved identity, unclear provenance, or non-equivalent 

preparations should not be fused merely because they share 

a common name. 

The second stage comprises modality-specific 

representation and quality control. Chemical structures 

may be represented simultaneously through descriptors, 

fingerprints, graphs, and stereochemical annotations; 

bioassays should be encoded with endpoints and 

experimental context; omics profiles require platform, 

tissue, dose, time, batch, and cohort metadata; text 

evidence should retain source passages and extraction 

confidence; and clinical signals require population, 

exposure, outcome, temporality, and study-design 

information. Missingness should be represented explicitly 

because absence of a measurement, missing 

documentation, an untested endpoint, and a true negative 

result are not equivalent states. Reviews of machine-

learning prediction studies have shown that missing data 

are often handled or reported inadequately, creating 

avoidable risks of biased estimates and irreproducible 

conclusions [30]. The proposed system therefore assigns a 

typed missingness status to each unavailable field and 

requires sensitivity analysis when missingness can 

influence integration or prioritization. 

The third stage performs modality alignment, fusion, and 

uncertainty-aware integration. Entity alignment reconciles 

compounds, targets, species, tissues, preparations, 

phenotypes, and clinical outcomes; contextual alignment 

compares dose, time, biological system, and direction of 

effect. Early fusion may be used only when inputs are 

sufficiently harmonized, whereas late fusion may be 

preferable when modality-specific models require 

independent validation. Joint embeddings and cross-modal 

representations may support pattern discovery, but no 

integrated representation should erase the source, 

confidence, or validation status of its constituent evidence. 

Uncertainty should be distinguished across measurement 

noise, sampling variability, model uncertainty, extraction 

uncertainty, and distribution shift. Methods for uncertainty 

estimation can support calibration and error 

communication, but their reliability depends on the 

estimation strategy and the data distribution in which they 

are evaluated [31]. The proposed framework therefore 

preserves modality-level uncertainty and propagates it to 

integrated outputs without collapsing it into an 

unexplained confidence score. 

The fourth stage applies cross-modal validation, bias 

assessment, and transparent reporting. A hypothesis 

generated from chemical structure should be assessed 

against assay evidence; an omics-derived pathway 

hypothesis should be examined for target, dose, and 

temporal compatibility; a text-derived relation should be 

checked against the primary experiment; and a clinical 

signal should be evaluated for exposure identity, 

confounding, and alternative explanations. Studies of 

supervised machine-learning prediction models have 

identified recurring risks involving participant selection, 

predictor handling, outcome definition, analysis, 

overfitting, and weak external validation [32]. Transparent 

reporting should therefore specify intended use, data 

sources, preprocessing, model development, evaluation 

strategy, limitations, and the role of human reviewers, 

consistent with minimum-information principles for 

clinical AI modelling [33]. In this framework, any 

evidence chain that fails source-independence, identity, 

compatibility, bias, or validation checks is marked as 

unresolved rather than being forced into a positive or 

negative conclusion. 

The fifth stage combines multidisciplinary expert review, 

candidate prioritization, validation planning, and feedback 

updating. Experts should review the evidence graph, 

modality-specific limitations, conflicts, uncertainty, safety 

concerns, and intended decision boundary before a 

candidate or mechanistic hypothesis is prioritized. 

Research outputs may include a candidate-priority tier, 

target-context hypothesis, mechanism hypothesis, safety-

risk hypothesis, or recommended validation experiment, 

but these outputs must be accompanied by the evidence and 

uncertainty that produced them. Reviews of clinical AI 

studies have shown that weak design and reporting can 

support claims that exceed the underlying evidence [34]. 

The proposed architecture therefore includes an explicit 

no-clinical-claim boundary: it cannot generate diagnoses, 

treatment recommendations, efficacy conclusions, safety 

conclusions, or prescribing advice. New assays, omics 

results, literature corrections, negative findings, safety 

reports, and expert decisions should enter an append-only 

feedback process that updates the evidence state without 

erasing prior versions. 

Table 4 presents the proposed multimodal molecular 

intelligence framework for natural product drug discovery. 
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Table 4. Proposed Multimodal Molecular Intelligence Framework for Natural Product Drug Discovery: Data 

Foundation, Chemical Structure Representation, Bioassay Integration, Omics Integration, Text Evidence Retrieval, 

Clinical Signal Integration, Provenance Mapping, Cross-Modal Validation, Expert Review, Candidate Prioritization, 

Feedback, and Claim Boundaries 

Framewo

rk stage 

Core 

purpose 

Required 

input 

Multimoda

l function 

Potential 

output 

Validation 

need 
Failure risk 

Feedback 

mechanis

m 

Decision 

boundar

y 

Natural 

product 

data 

foundatio

n 

Establish 

traceable 

product, 

organism, 

preparation, 

and 

compound 

identities 

Taxonomy, 

source 

records, 

voucher or 

strain 

information 

where 

available, 

preparation 

details, 

structures, 

identifiers, 

and database 

versions 

Cross-

source 

entity 

resolution 

and 

versioned 

evidence-

object 

constructio

n 

Auditable 

natural 

product 

record 

Identity, 

taxonomy, 

preparation

, and 

provenance 

audit 

Conflation of 

species, 

extracts, 

mixtures, 

derivatives, 

and isolated 

compounds 

Corrections 

propagate 

through 

linked 

evidence 

while 

preserving 

prior 

versions 

No 

downstre

am fusion 

until 

minimum 

identity 

and 

provenan

ce 

requirem

ents are 

met 

Chemical 

structure 

represent

ation 

Encode 

complemen

tary 

structural 

information 

without 

discarding 

uncertainty 

Standardized 

structures, 

stereochemis

try, 

descriptors, 

fingerprints, 

graphs, salts, 

tautomers, 

and 

confidence 

status 

Parallel 

chemical 

encoding 

and 

applicabilit

y-domain 

assessment 

Structure

-

represent

ation 

bundle 

Independe

nt structure 

and 

stereochem

istry 

verification 

Information 

loss, invalid 

normalization, 

and 

representation

-specific bias 

New 

structural 

evidence 

updates the 

bundle and 

affected 

predictions 

Structure

-derived 

outputs 

remain 

research 

hypothes

es 

Bioassay 

integratio

n 

Connect 

measured 

biological 

responses 

to explicit 

experiment

al 

conditions 

Endpoint, 

protocol, 

biological 

system, 

dose, 

duration, 

controls, 

replication, 

units, and 

source 

Assay 

normalizati

on, 

evidence 

grading, 

and cross-

assay 

comparison 

Context-

qualified 

bioactivit

y profile 

Protocol 

review, 

replication, 

orthogonal 

testing, and 

exposure 

assessment 

Incomparable 

endpoints, 

assay 

artefacts, and 

potency 

inflation 

New 

experiment

s revise 

evidence 

grade and 

conflict 

status 

No 

target-

validatio

n or 

efficacy 

claim 

from 

isolated 

assay 

evidence 

Omics 

integratio

n 

Characteriz

e biological 

responses 

across 

molecular 

layers 

Transcripto

mic, 

proteomic, 

metabolomic

, genomic, or 

microbiomic 

profiles with 

context 

metadata 

Latent-

factor, 

pathway, 

network, 

and 

response-

signature 

integration 

Context-

bound 

target, 

pathway, 

or 

response 

hypothesi

s 

Batch, 

tissue, 

dose, time, 

cohort, and 

platform 

validation 

Correlation, 

technical 

variation, or 

nonspecific 

stress 

interpreted as 

mechanism 

Replication 

and 

perturbatio

n studies 

update 

evidence 

and 

uncertainty 

Omics 

signature

s do not 

independ

ently 

establish 

mechanis

m 

Text 

evidence 

retrieval 

Retrieve, 

normalize, 

and 

structure 

published 

claims 

Reproducibl

e searches, 

peer-

reviewed 

sources, full 

text or 

abstracts, 

NER, 

relation 

extraction, 

evidence 

classificatio

n, and 

Citation-

traceable 

evidence 

record 

Primary-

source 

verification 

and 

extraction-

error 

review 

Decontextuali

zation, 

negation 

errors, 

duplication, 

and 

Reviewer 

corrections 

and 

literature 

updates 

revise 

Text-

mined 

evidence 

cannot 

establish 

biologica

l or 



International Journal of Pharmaceutical and Phytopharmacological Research (eIJPPR) | April 2026 | Volume 16 | Issue 2 | Page 85-105 
Olivia Bennett, Multimodal Molecular Intelligence for Natural Product Drug Discovery: Integrating Chemical Structures, Bioassays, Omics Profiles, 
Text Evidence, and Clinical Signals 

ISSN (Online) 2249-6084 (Print) 2250-1029                                                                                       www.eijppr.com 
 

100 

identifiers, 

and passages 

source 

linking 

publication 

bias 

extraction 

records 

clinical 

validity 

alone 

Clinical 

signal 

integratio

n 

Add 

bounded 

patient, 

effectivenes

s, and 

safety 

context 

Clinical 

studies, 

EHRs, 

registries, 

reports, 

pharmacovig

ilance 

records, 

exposure 

identity, 

outcomes, 

and timing 

Clinical-

signal 

linkage, 

case 

aggregation

, and 

contextual 

evidence 

integration 

Clinical 

or safety 

research 

signal 

Epidemiol

ogical 

review, 

causality 

assessment

, and 

product 

verification 

Confounding, 

reporting bias, 

missing 

denominators, 

and exposure 

misclassificati

on 

Adjudicate

d cases and 

new studies 

update 

signal 

status 

No 

causal, 

effective

ness, 

safety, or 

treatment 

conclusio

n 

Evidence 

provenan

ce 

mapping 

Preserve 

origin, 

transformat

ion, 

version, 

and 

dependency 

of every 

evidence 

object 

DOI, dataset, 

database, 

assay, 

model, 

preprocessin

g, extraction, 

timestamp, 

and reviewer 

metadata 

Provenance

-graph 

constructio

n and 

dependency 

tracking 

Auditable 

evidence 

lineage 

Completen

ess, 

integrity, 

source-

dependenc

e, and 

version 

checks 

Circular 

evidence, 

duplicated 

sources, and 

untraceable 

transformatio

ns 

Corrections 

create 

append-

only 

lineage 

updates 

Evidence 

without 

adequate 

provenan

ce is 

excluded 

or down-

weighted 

Modality 

alignment 

Ensure that 

modalities 

refer to 

compatible 

entities and 

contexts 

Normalized 

compounds, 

preparations, 

targets, 

organisms, 

tissues, 

doses, times, 

phenotypes, 

and 

outcomes 

Semantic, 

unit, 

temporal, 

and 

biological 

alignment 

Aligned 

multimod

al 

evidence 

bundle 

Identity 

and context 

verification 

False fusion 

of non-

equivalent 

objects or 

experiments 

Alignment 

conflicts 

trigger 

remapping 

or 

separation 

Unaligne

d 

evidence 

cannot 

contribut

e to 

integrate

d 

inference 

Data 

fusion 

and cross-

modal 

represent

ation 

Combine 

compatible 

evidence 

while 

retaining 

modality 

identity 

Validated 

modality-

specific 

representatio

ns and 

alignment 

metadata 

Early 

fusion, late 

fusion, 

joint 

embedding, 

graph 

integration, 

and 

modality 

weighting 

Integrate

d 

research 

represent

ation 

Comparati

ve 

evaluation, 

ablation, 

leakage 

testing, and 

distribution

-shift 

assessment 

Dominant 

modalities, 

hidden 

leakage, and 

opaque 

weighting 

Validation 

results 

recalibrate 

fusion 

strategy 

and 

modality 

contributio

n 

Integrate

d 

represent

ation is 

not proof 

of 

converge

nce 

Cross-

modal 

validation 

Determine 

whether 

one 

modality’s 

hypothesis 

is 

corroborate

d 

independen

tly 

Aligned 

evidence and 

predefined 

validation 

questions 

Out-of-

modality 

corroborati

on, 

consistency 

checking, 

and conflict 

analysis 

Supporte

d, 

contradic

ted, or 

unresolve

d 

hypothesi

s status 

Source-

independen

ce testing 

and 

orthogonal 

validation 

Shared 

sources create 

false 

corroboration 

New 

independen

t evidence 

updates 

hypothesis 

status 

Converge

nce 

supports 

prioritizat

ion rather 

than 

proof 

Missing 

data 

handling 

Preserve 

distinctions 

among 

Typed 

missingness 

metadata, 

Missingnes

s 

modelling, 

Missingn

ess-aware 

Mechanis

m-of-

missingnes

Silent 

imputation, 

negative-

New 

measureme

nts replace 

High-

impact 

unresolve
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unavailable, 

unmeasured

, censored, 

and 

negative 

evidence 

observation 

process, and 

modality 

availability 

masking, 

sensitivity 

analysis, 

and partial-

modality 

inference 

evidence 

profile 

s 

assessment 

and 

robustness 

analysis 

evidence 

misclassificati

on, and biased 

ranking 

missing 

states while 

retaining 

history 

d 

missingn

ess limits 

integratio

n 

Uncertain

ty 

estimatio

n 

Quantify 

and 

communica

te 

uncertainty 

within and 

across 

modalities 

Measuremen

t errors, 

calibration 

data, 

extraction 

confidence, 

sample size, 

and 

distribution 

information 

Aleatoric 

and 

epistemic 

uncertainty 

estimation 

and 

propagation 

Modality

-specific 

and 

integrate

d 

uncertain

ty profile 

Calibration

, stress 

testing, and 

external-

distribution 

assessment 

Overconfident 

predictions 

and 

misleading 

aggregate 

confidence 

Validation 

outcomes 

recalibrate 

uncertainty 

estimates 

High 

uncertain

ty 

prevents 

strong 

prioritizat

ion or 

interpreta

tion 

Bias 

assessmen

t 

Identify 

sampling, 

reporting, 

measureme

nt, 

annotation, 

and model 

bias 

Data-

generation 

history, 

population 

or chemical-

space 

composition, 

missingness, 

labels, and 

source 

selection 

Structured 

bias 

appraisal, 

subgroup 

analysis, 

and stress 

testing 

Bias-risk 

record 

Independe

nt 

methodolo

gical 

review and 

external 

testing 

Biased 

evidence 

appears 

consistent 

across 

modalities 

Audit 

results 

trigger data 

revision, 

model 

retraining, 

or restricted 

use 

High bias 

risk 

blocks 

advance

ment 

Expert 

review 

Apply 

chemical, 

botanical, 

pharmacolo

gical, 

omics, 

toxicologic

al, clinical, 

and 

methodolog

ical 

judgment 

Full 

evidence 

graph, 

source 

passages, 

conflicts, 

uncertainty, 

and intended 

use 

Structured 

multidiscipl

inary 

adjudicatio

n 

Accepted

, revised, 

deferred, 

or 

rejected 

interpreta

tion 

Independe

nt review, 

rationale 

documenta

tion, and 

conflict 

manageme

nt 

Automation 

bias, selective 

interpretation, 

and 

disciplinary 

blind spots 

Reviewer 

rationale 

updates 

rules, 

evidence 

status, and 

validation 

plans 

Expert 

review 

cannot 

replace 

experime

ntal or 

clinical 

validatio

n 

Candidat

e 

prioritiza

tion 

Allocate 

research 

resources 

among 

bounded 

hypotheses 

Evidence 

quality, 

source 

independenc

e, 

uncertainty, 

safety 

concerns, 

novelty, 

feasibility, 

and 

validation 

burden 

Multi-

criteria 

prioritizatio

n with 

sensitivity 

analysis 

Research

-priority 

tier and 

rationale 

Alternative 

weighting 

and 

committee 

review 

False 

precision, 

unstable 

rankings, and 

therapeutic 

overstatement 

New 

evidence 

and 

completed 

validation 

revise 

priority 

No 

therapeut

ic-

superiorit

y or 

clinical-

utility 

claim 

Validatio

n 

planning 

Convert 

unresolved 

questions 

into 

decisive 

Conflicts, 

missing 

modalities, 

uncertainty, 

safety 

concerns, 

Evidence-

gap 

mapping 

and test 

selection 

Orthogon

al 

validatio

n plan 

Endpoint 

relevance, 

controls, 

feasibility, 

and 

prospective 

Convenient 

proxy testing 

that does not 

resolve the 

key 

uncertainty 

Completed 

studies 

update the 

evidence 

graph 

Advance

ment 

requires 

prespecifi

ed 

validatio
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experiment

s or studies 

and 

mechanistic 

gaps 

specificatio

n 

n-gate 

completi

on 

Feedback 

updating 

Maintain a 

learning 

evidence 

system 

while 

preserving 

history 

New 

bioassays, 

omics 

profiles, 

literature, 

safety 

reports, 

corrections, 

and expert 

decisions 

Versioned 

updating, 

recalibratio

n, and 

change 

control 

Updated 

evidence 

state and 

decision 

record 

Temporal 

validation, 

leakage 

prevention, 

and 

auditability 

Retrospective 

rewriting, loss 

of negative 

evidence, and 

unstable 

outputs 

Append-

only 

updates and 

periodic 

multidiscipl

inary 

review 

Updated 

outputs 

retain 

prior 

versions 

and 

rationale 

No 

clinical-

claim 

boundary 

Prevent 

research 

outputs 

from being 

interpreted 

as patient-

care 

decisions 

Intended use, 

validation 

status, user 

role, claim 

taxonomy, 

and 

communicati

on template 

Claim 

filtering, 

warning 

labels, and 

escalation 

Research

-only 

output 

with 

explicit 

limitation

s 

Governanc

e, editorial 

audit, and 

user-

comprehen

sion testing 

Clinical 

implication 

through 

wording, 

ranking, or 

interface 

design 

No 

diagnosis, 

treatment, 

prescribing, 

efficacy, 

safety, or 

clinical 

recommend

ation 

 

Figure 2 presents the proposed multimodal molecular 

intelligence framework for natural product drug discovery, 

integrating chemical, bioassay, omics, text, clinical, safety, 

provenance, validation, and expert-review layers. 

 

 
Figure 2. Proposed Multimodal Molecular Intelligence Framework for Natural Product Drug Discovery 

Alt-text description 

A conceptual multimodal AI framework showing natural 

product data flowing through chemical structure 

representation, bioassay integration, omics integration, text 

evidence retrieval, clinical signal integration, provenance 

mapping, cross-modal validation, expert review, candidate 

prioritization, validation planning, and feedback loops. 

Research implications 

The proposed framework has implications for how 

research questions are selected and how computational 

outputs are evaluated in natural product drug discovery. 

Realistic AI contributions depend on addressing 

biologically and translationally meaningful problems, 
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using endpoints that correspond to the intended decision, 

and planning the experimental work needed after 

computational prioritization [35, 36]. For natural product 

informatics, this requires movement away from isolated 

structure–activity prediction toward traceable evidence 

objects that connect compound identity, botanical or 

microbial source, preparation, stereochemistry, assay 

conditions, omics context, literature claims, and safety 

information. It also requires recognition that integrated 

evidence remains limited by the validity of the chemical 

and biological data from which it is constructed. 

Multimodal model development should be accompanied 

by benchmark designs that reflect natural product chemical 

space, scaffold diversity, preparation heterogeneity, assay 

variability, missing modalities, and source-domain shift. 

Random data splits alone are unlikely to demonstrate 

whether a representation generalizes to unseen scaffolds, 

species, preparations, assay systems, or clinical contexts. 

Benchmarks should therefore distinguish molecular 

prediction, assay-context interpretation, cross-modal 

retrieval, conflict detection, missing-modality robustness, 

uncertainty calibration, and provenance reconstruction as 

separate tasks. Dataset documentation, interoperable 

identifiers, versioned ontologies, assay metadata standards, 

and passage-level citation links should be treated as model-

development infrastructure rather than administrative 

additions. Negative findings, ambiguous structures, failed 

assays, contradictory omics signatures, and weak clinical 

attributions should remain available because removing 

them can produce misleadingly coherent evidence spaces. 

For phytopharmacology and translational research, the 

framework supports safety-aware prioritization by making 

uncertainty, conflict, product identity, dose relevance, and 

clinical-signal quality visible before experimental 

resources are committed. It can also help multidisciplinary 

teams identify which uncertainty is most decision-relevant 

and which orthogonal experiment could meaningfully 

change the evidence state. The framework should not be 

used to automate therapeutic claims or to substitute 

computational agreement for pharmacological replication, 

toxicological evaluation, clinical investigation, or expert 

judgment. Its most appropriate role is to improve the 

traceability and structure of research decisions: why a 

hypothesis was prioritized, which evidence supported it, 

which evidence conflicted, what remained unknown, and 

what validation would be required before stronger 

conclusions could be considered. 

CONCLUSION 

This article proposes a multimodal molecular intelligence 

framework for natural product drug discovery that 

integrates natural product identity, botanical provenance, 

chemical structures, stereochemistry, molecular 

descriptors, fingerprints, graphs, bioassays, omics profiles, 

pathway and network evidence, text-mined literature, 

clinical signals, pharmacovigilance information, ADMET 

and toxicity evidence, source provenance, uncertainty, bias 

assessment, expert review, validation planning, and 

iterative feedback. Its central contribution is not an 

implemented predictive system but a structured 

architecture for organizing heterogeneous evidence 

without erasing modality-specific limitations or converting 

computational convergence into unsupported claims. 

Multimodal integration may strengthen hypothesis 

prioritization when identities and contexts are aligned, 

supporting evidence is sufficiently independent, conflicts 

and missingness remain visible, and uncertainty is 

communicated transparently. The framework therefore 

positions candidate prioritization as a research decision-

support activity bounded by experimental validation, 

clinical evaluation, safety review, and multidisciplinary 

interpretation. Explicit provenance, validation gates, 

feedback updating, and a no-clinical-claim boundary are 

essential for ensuring that multimodal molecular 

intelligence improves evidentiary discipline rather than 

amplifying overconfidence. 
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