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ABSTRACT 
Molecular foundation models are emerging as general-purpose representation systems for chemical and 
biological prediction, yet phytochemical space remains poorly served by models trained mainly on generic 
small-molecule data. This article proposes a conceptual framework for molecular foundation models designed 
specifically to represent natural product complexity without converting computational predictions into 
unsupported therapeutic claims. The framework organizes phytochemical information across identity, source, 
chemical structure, stereochemistry, scaffold architecture, biosynthetic context, molecular graphs, molecular 
language, three-dimensional information where supported, bioactivity evidence, assay context, target and 
pathway relationships, safety signals, provenance, data quality, and uncertainty. It distinguishes representation 
learning from evidence interpretation by separating pretraining, transfer learning, multimodal integration, and 
fine-tuning from the validation steps required to establish bioactivity, target engagement, safety, or therapeutic 
usefulness. Target-context encoding is positioned as a means of generating testable hypotheses and prioritizing 
experiments, while therapeutic potential is treated as a bounded research construct rather than a model-
confirmed property. The proposed design requirements emphasize natural product-aware training data, 
stereochemistry-sensitive encoders, assay-aware labels, provenance tracking, calibrated uncertainty, bias 
assessment, external validation, experimental confirmation, expert curation, and transparent reporting. The 
main contribution is an original, evidence-grounded architecture for aligning molecular foundation model 
development with the distinctive informational structure of phytochemical space and with responsible 
translational interpretation.  
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INTRODUCTION 

Molecular foundation models extend conventional 

chemical representation learning by using broad 

pretraining objectives to construct reusable representations 

that can subsequently support task-specific adaptation. 

Their potential value in drug discovery lies not in an 

assumed ability to understand chemistry, but in their 

capacity to organize recurring structural patterns and 

transfer learned representations across related prediction 

tasks. This distinction is especially important because a 

molecule can be encoded through descriptors, fingerprints, 

molecular strings, graphs, geometric features, or 

combinations of these modalities, each preserving different 
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information and imposing different inductive assumptions. 

Consequently, the usefulness of a molecular foundation 

model depends on whether its representation is chemically 

appropriate for the intended problem and whether its 

outputs remain interpretable within the limits of the 

encoded data [1]. 

Evaluation presents a second foundational challenge. 

Molecular models are commonly assessed across property, 

bioactivity, toxicity, and interaction tasks, but apparent 

performance depends strongly on the selected dataset, 

endpoint definition, data split, metric, and chemical 

similarity between development and evaluation 

compounds. A model that performs well under a random 

split may not transfer to new scaffolds, uncommon 

stereochemical configurations, underrepresented 

compound classes, or natural products collected from 

poorly represented taxa. Standardized molecular-learning 

benchmarks therefore provide useful comparative 

infrastructure, but benchmark success alone cannot 

demonstrate that a representation generalizes to 

phytochemical space or supports pharmacologically 

meaningful interpretation [2]. 

These limitations are amplified for natural products. 

Phytochemicals occupy structurally and informationally 

heterogeneous regions of chemical space characterized by 

complex ring systems, dense stereochemistry, 

glycosylation, macrocyclic architectures, unusual 

functional-group combinations, and biosynthetically 

related analogue families. Their activity records may also 

be sparse, selectively reported, derived from incompatible 

assay formats, or concentrated around frequently 

investigated compounds and targets. Comparative analyses 

of molecular-property prediction show that performance is 

shaped not only by model architecture but also by dataset 

size, molecular representation, activity cliffs, label quality, 

and evaluation strategy [3]. A phytochemical foundation 

model must therefore encode data quality and applicability 

limits rather than treating all structures and activity labels 

as equally informative. 

The pharmacological interpretation of model outputs 

introduces a further boundary. Predicted bioactivity does 

not establish experimentally observed activity; predicted 

compound–target association does not confirm binding or 

functional engagement; pathway proximity does not 

demonstrate causal mechanism; and favourable 

computational safety outputs do not establish tolerability. 

Machine learning may assist compound organization, 

hypothesis generation, target prioritization, and 

experimental planning across defined stages of drug 

discovery, but these functions remain dependent on 

suitable evidence, domain expertise, and empirical 

validation [4]. The need is therefore not merely for a larger 

molecular model, but for a phytochemical-space 

framework that explicitly integrates structure, 

stereochemistry, source context, bioactivity evidence, 

target and pathway context, safety information, 

provenance, uncertainty, and translational boundaries. 

Phytochemical space and molecular foundation models 

Phytochemical space can be defined as the 

multidimensional domain formed by natural product 

identities, chemical structures, stereochemical 

configurations, scaffold families, compound classes, 

biological sources, biosynthetic relationships, measured 

activities, target associations, safety observations, and 

evidence provenance. It is broader than a structure-only 

collection because the same nominal compound may be 

represented differently across databases, linked to multiple 

organisms, reported with incomplete stereochemistry, or 

associated with conflicting biological observations. 

Reviews of natural product databases show substantial 

differences in coverage, annotation practices, structure 

standardization, source information, and linkage to 

biological data [5]. A natural product-aware foundation 

model must therefore begin with record reconciliation and 

context preservation rather than assuming that aggregated 

database entries are interchangeable training examples. 

Within this domain, a molecular foundation model is 

proposed here as a broadly pretrained representation 

system that can be adapted to several phytochemical 

research tasks without claiming universal validity across 

them. Its pretraining foundation may include molecular 

graphs, molecular strings, descriptors, chemical classes, 

source annotations, spectra, literature-derived 

relationships, target information, or other modalities, 

provided that each input retains an identifiable evidentiary 

status. Large open collections of natural products can 

provide structural diversity for such pretraining, but their 

primary value is coverage rather than automatic 

pharmacological annotation. Aggregated natural product 

resources contain standardized structures and associated 

descriptors that can support chemical-space exploration, 

representation learning, and retrieval, while incomplete 

source or activity metadata still require qualification [6]. 

Pretraining coverage should therefore be documented 

across scaffolds, compound classes, stereochemical states, 

and source categories. 

Natural product-aware representation also requires clarity 

about the different roles of molecular language models, 

graph foundation models, self-supervised learning, transfer 

learning, and multimodal integration. A molecular 

language model learns statistical relationships among 

tokens in a molecular notation; a graph foundation model 

operates on atoms, bonds, and graph-derived relationships; 

and self-supervised learning constructs training objectives 

from the molecular data themselves rather than relying 
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exclusively on labelled endpoints. Transfer learning adapts 

a pretrained representation to a downstream task, whereas 

multimodal learning aligns or integrates different 

information types. None of these approaches is inherently 

natural product-aware. Even transparent fixed 

representations such as chemical fingerprints emphasize 

different aspects of molecular similarity, and their 

effectiveness in natural product space varies with 

fingerprint design and the chemical relationships being 

examined [7]. A phytochemical model should 

consequently compare learned embeddings against 

multiple auditable baselines. 

The distinction between generic small-molecule space and 

phytochemical space is not simply one of molecular 

complexity. Natural product records may carry botanical, 

microbial, marine, or other organismal origins; taxonomic 

identifiers; tissue or material information; biosynthetic 

clues; compound-class assignments; literature provenance; 

and varying levels of curation. These fields can influence 

whether apparently identical records should be merged, 

kept separate, or assigned different confidence levels. 

Curated natural product resources increasingly preserve 

structural standardization, stereochemical information, 

molecular classifications, source links, and processing 

histories, while acknowledging that residual annotation 

errors and uncertain natural-product status may remain [8]. 

In the proposed framework, source and provenance 

metadata are therefore represented as model-accessible 

context and as governance information that can constrain 

interpretation, rather than as decorative annotations added 

after prediction. 

Structure and bioactivity encoding 

Structure encoding should combine complementary 

representations rather than assuming that one molecular 

view captures every feature relevant to phytochemical 

space. Molecular-language pretraining can learn 

transferable patterns from large corpora of molecular 

strings and support later adaptation to property-prediction 

tasks, but its outputs remain dependent on tokenization, 

molecular notation, corpus composition, and downstream 

evaluation [9]. Graph-based contrastive learning offers a 

different route by constructing representations through 

atom–bond topology and self-supervised molecular 

augmentations [10]. For phytochemicals, such 

augmentations require chemical scrutiny because deletion 

of a bond, subgraph, stereochemical marker, glycosidic 

linkage, or rare substituent could remove precisely the 

feature that distinguishes a natural product scaffold or 

controls its biological recognition. 

Stereochemistry and geometry require dedicated treatment. 

A structure-processing pipeline should preserve defined 

stereocentres, double-bond geometry, undefined 

stereochemistry, charges, tautomeric decisions, and 

structure-normalization history. Geometry-enhanced 

representation learning demonstrates that bond lengths, 

bond angles, and related spatial features can improve 

molecular-property representations when suitable 

geometric information is available [11]. Nevertheless, 

generated conformers should be distinguished from 

experimentally observed conformations, and neither 

should automatically be equated with a biologically active 

conformation. Two-dimensional molecular depictions can 

also support self-supervised representation and 

downstream property or target-prediction tasks, illustrating 

that image-like molecular views may provide 

complementary signals [12]. In the proposed framework, 

molecular images and three-dimensional information are 

optional evidence-qualified modalities rather than 

replacements for stereochemistry-aware graphs and 

molecular strings. 

Cross-modal alignment can reduce dependence on the 

limitations of a single representation. Contrastive learning 

between molecular graphs and molecular strings provides 

a mechanism for learning shared features while retaining 

distinct encoders for different molecular views [13]. 

Multimodal chemical pretraining can extend this principle 

by aligning structural and language-related information 

within a common representation space [14]. For 

phytochemical applications, however, a common 

embedding should not erase the origin of each input. The 

representation should preserve modality-level provenance 

so that a structural feature, taxonomic annotation, assay 

result, literature-derived relationship, or predicted target 

association can be inspected independently. Compound 

classes, scaffold features, chemical fingerprints, and 

natural product source should similarly be encoded as 

traceable contextual attributes rather than collapsed into an 

opaque vector with no accessible evidentiary lineage. 

Bioactivity encoding requires stricter separation between 

observation and inference. Quantitative measurements 

should retain endpoint identity, assay format, species, 

target construct, units, relation operators, concentration 

conditions, controls, replicate information, and publication 

source wherever available. Predicted activities should be 

stored as model outputs rather than merged with observed 

labels, while uncertain, contradictory, or incompletely 

reported records should remain explicitly marked. Graph 

foundation models that combine structural pretraining with 

biological multitask information illustrate how pretraining 

and downstream adaptation can be connected across 

molecular-property tasks [15]. In a phytochemical 

framework, this connection should be accompanied by 

assay-aware fine-tuning, external evaluation, uncertainty 

reporting, and clear identification of the evidence 

supporting each output. Table 1 summarises structure and 
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bioactivity encoding requirements for molecular 

foundation models representing phytochemical space. 

 

Table 1. Structure and Bioactivity Encoding Requirements for Molecular Foundation Models in Phytochemical Space: 

Chemical Structure, Stereochemistry, Molecular Graphs, Molecular Language, Scaffold Features, Natural Product 

Source, Assay Context, Bioactivity Evidence, Provenance, and Uncertainty 

Encoding 

dimension 

Core 

representati

on question 

Required 

input data 

Foundation 

model 

function 

Natural 

product-

specific 

challenge 

Validation 

requirement 
Failure risk 

Framework 

role 

Chemical 

structure 

Does the 

representatio

n preserve 

molecular 

identity, 

connectivity, 

bond type, 

charge, 

aromaticity, 

and 

normalizatio

n decisions? 

Standardized 

structure 

records, 

atom and 

bond 

annotations, 

charge 

states, 

tautomer 

decisions, 

and stable 

identifiers 

Learn 

reusable 

atom-, bond-

, fragment-, 

and 

molecule-

level 

representatio

ns 

Salts, 

mixtures, 

glycosides, 

unusual 

valence states, 

duplicate 

records, and 

inconsistent 

structures may 

be present 

Structure-

standardizati

on audit, 

duplicate 

analysis, and 

expert 

review of 

representativ

e records 

Incorrect 

molecular 

identity 

propagates 

into every 

downstream 

task 

Core identity 

and structural 

representatio

n layer 

Stereochemis

try 

Are defined, 

undefined, 

conflicting, 

and source-

dependent 

stereochemic

al 

assignments 

represented 

explicitly? 

Isomeric 

molecular 

notation, 

stereochemi

cal bond 

labels, 

configuratio

n 

annotations, 

and 

evidence 

source 

Distinguish 

stereoisomer

s and encode 

uncertainty 

where 

configuratio

n is 

unresolved 

Biological 

recognition 

may depend 

on 

stereochemistr

y, while many 

database 

records are 

incomplete 

Stereoisomer 

challenge 

sets and 

explicit 

evaluation of 

undefined-

stereochemis

try cases 

Distinct 

phytochemic

als collapse 

into 

misleadingly 

similar 

representatio

ns 

Mandatory 

natural 

product-

aware 

encoding 

control 

Molecular 

graph 

Does graph 

construction 

retain 

chemically 

meaningful 

topology and 

local 

attributes? 

Atom, bond, 

ring, 

aromaticity, 

charge, and 

stereochemi

cal features 

Graph 

pretraining, 

message 

passing, 

substructure 

learning, 

and task 

adaptation 

Fused rings, 

bridged 

systems, 

macrocycles, 

glycosides, 

and 

uncommon 

scaffolds 

increase 

representation

al complexity 

Scaffold-

aware 

external 

evaluation 

and 

chemically 

reviewed 

graph 

augmentatio

ns 

Topological 

shortcuts or 

destructive 

augmentatio

ns obscure 

rare 

structural 

features 

Principal 

structural 

encoder 

Molecular 

language 

Does 

molecular 

tokenization 

preserve 

meaningful 

chemical 

distinctions 

and remain 

robust to 

alternative 

valid 

strings? 

Standardized 

isomeric 

strings, 

tokenization 

rules, and 

alternative 

molecular-

string 

enumeration

s 

Masked-

token, 

denoising, 

or related 

self-

supervised 

pretraining 

Long strings, 

rare tokens, 

non-unique 

notation, and 

underrepresen

ted natural 

product 

syntax 

String-

randomizatio

n robustness 

and 

consistency 

checks 

against graph 

representatio

ns 

The model 

learns 

notation 

frequency 

rather than 

transferable 

chemistry 

Complement

ary 

sequence-

based 

encoder 
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Scaffold 

features and 

chemical 

fingerprints 

Which fixed 

representatio

ns provide 

interpretable 

baselines 

and 

neighbourho

od 

definitions? 

Scaffold 

assignments, 

ring 

systems, 

fragments, 

functional 

groups, 

fingerprint 

families, and 

similarity 

metrics 

Baseline 

modeling, 

chemical-

space 

mapping, 

retrieval, 

and 

coverage 

assessment 

Different 

fingerprints 

emphasize 

different 

aspects of 

natural 

product 

similarity 

Multi-

fingerprint 

comparison, 

scaffold 

splitting, and 

novel-

scaffold 

testing 

A single 

representatio

n gives a 

distorted 

account of 

phytochemic

al similarity 

Transparent 

baseline and 

generalizatio

n-audit layer 

Compound 

class 

Can 

hierarchical 

or 

overlapping 

chemical 

classes be 

represented 

without 

being treated 

as proof of 

biological 

function? 

Curated 

class labels, 

ontology 

relationships

, and 

assignment 

provenance 

Auxiliary 

learning, 

class-

conditioned 

retrieval, 

and 

coverage 

analysis 

Class 

assignments 

may be 

inconsistent, 

overlapping, 

or derived 

from 

structure-

prediction 

rules 

Agreement 

testing 

against 

curated 

assignments 

and expert 

review 

Circular 

class labels 

become 

proxies for 

activity or 

target labels 

Semantic 

chemical-

context layer 

Natural 

product 

source and 

biosynthetic 

context 

Is the 

compound 

linked to 

producing 

organism 

and 

biosynthetic 

information 

only at the 

strength 

supported by 

evidence? 

Taxonomic 

identifiers, 

organism 

part or 

material, 

collection 

context, 

biosynthetic 

genes or 

pathways 

where 

available, 

and 

literature 

source 

Align 

chemical 

and 

biological-

source 

modalities 

and support 

context-

aware 

retrieval 

Taxonomic 

revisions, 

synonyms, 

contamination

, ecological 

variation, and 

incomplete 

biosynthetic 

knowledge 

Taxonomic 

normalizatio

n, source–

compound 

lineage 

checks, and 

organism-

held-out 

evaluation 

False source 

or pathway 

associations 

distort 

biological 

hypotheses 

Source and 

optional 

biosynthetic-

context layer 

Three-

dimensional 

information 

Is spatial 

information 

represented 

as an 

evidence-

qualified 

conformatio

nal 

hypothesis? 

Experimenta

l structures 

or 

conformer 

ensembles, 

protonation 

state, 

geometry 

source, and 

conformatio

nal metadata 

Geometry-

aware 

pretraining 

or 

downstream 

structural 

refinement 

Flexible 

macrocycles 

and 

glycosylated 

compounds 

may have 

uncertain 

biologically 

relevant 

conformations 

Conformer-

sensitivity 

analysis and 

evaluation 

against 

suitable 

experimental 

geometry 

where 

available 

A single 

generated 

conformer is 

treated as 

biologically 

definitive 

Conditional 

geometric-

representatio

n layer 

Bioactivity 

evidence and 

assay context 

Are 

observed 

activities 

separated by 

endpoint, 

assay, 

system, 

conditions, 

Quantitative 

results, 

units, 

relation 

operators, 

assay 

format, 

target 

construct, 

Context-

conditioned 

fine-tuning, 

evidence 

retrieval, 

and 

bioactivity 

prioritizatio

n 

Sparse, 

selectively 

reported, 

heterogeneous

, or 

conflicting 

natural 

product 

measurements 

Assay-

stratified 

evaluation, 

replication 

checks, 

counter-

screening, 

and external 

testing 

Incompatible 

assays are 

merged and 

predictions 

are mistaken 

for observed 

pharmacolog

y 

Observed-

evidence and 

bioactivity-

context layer 
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and evidence 

status? 

species, 

controls, and 

publication 

provenance 

Target 

annotations 

Is each 

target link 

identified as 

measured, 

curated, 

inferred, or 

predicted? 

Target 

identifiers, 

evidence 

type, assay 

context, 

confidence, 

and source 

Joint 

compound–

target 

representatio

n and task-

specific 

fine-tuning 

Many 

phytochemical 

target 

assignments 

arise from 

indirect or 

computational 

evidence 

Target-

family 

holdout 

testing and 

independent 

interaction 

confirmation 

Predicted 

associations 

are 

interpreted 

as confirmed 

engagement 

Target-

evidence 

bridge 

Evidence 

provenance 

and data 

quality 

Can each 

structure, 

label, 

annotation, 

and 

transformati

on be traced 

and audited? 

Source 

identifiers, 

database 

version, 

publication, 

extraction 

method, 

curator 

action, and 

conflict 

status 

Provenance-

conditioned 

weighting, 

traceable 

retrieval, 

and data-

quality 

filtering 

Aggregation 

can replicate 

incorrect, 

duplicated, or 

weakly 

supported 

records 

Record-level 

lineage audit 

and 

versioned 

curation 

Unverifiable 

evidence is 

blended with 

curated 

observations 

Mandatory 

governance 

layer 

Uncertainty 

and bias 

Does the 

representatio

n distinguish 

model 

uncertainty, 

data 

uncertainty, 

assay 

variability, 

and coverage 

limitations? 

Prediction 

distributions

, domain-

distance 

measures, 

label 

variance, 

scaffold and 

taxonomic 

coverage, 

and 

subgroup 

metadata 

Calibration, 

abstention, 

coverage 

monitoring, 

and bias 

diagnostics 

Rare 

scaffolds, 

taxa, targets, 

and assays 

may lie 

outside the 

model’s 

support 

Calibration, 

selective-

prediction, 

scaffold, 

taxon, target, 

and temporal 

external 

evaluation 

Overconfide

nt outputs 

reflect 

sampling 

bias or 

unsupported 

extrapolation 

Confidence, 

applicability-

domain, and 

abstention 

layer 

Target context and therapeutic potential 

Target-context encoding should begin by separating target 

identity from target evidence. A phytochemical may be 

associated with a protein because of a direct binding assay, 

a functional experiment, curated literature, similarity-

based inference, network analysis, or a model prediction, 

and these relationships should not be represented as 

equivalent. Transfer learning has been applied to natural 

product target prediction by using broader chemical 

information before adapting the model to natural product-

specific target labels [16]. This approach supports domain 

adaptation, but its output remains a ranked target 

hypothesis whose credibility depends on the similarity 

between pretraining and target domains, the quality of 

natural product labels, and the independence of evaluation 

data. Comparative work on natural product target 

prediction further indicates that algorithm choice, 

molecular features, activity curation, and external 

validation can materially affect apparent performance [17]. 

Target confidence should therefore combine, but not 

conflate, model confidence and evidentiary confidence. 

Model confidence concerns the stability or calibrated 

probability of a prediction, whereas evidentiary confidence 

concerns the quality, directness, reproducibility, and 

contextual relevance of the observations supporting a 

target association. Machine-learning assessment of 

natural-compound bioactivity has shown how 

computational predictions can be linked to literature 

evaluation and selected experimental testing, providing a 

useful example of prediction being treated as a hypothesis 

requiring confirmation rather than as a validated 

pharmacological conclusion [18]. Sequence-based affinity 

models likewise demonstrate that molecular strings and 

protein sequences can be encoded jointly to predict 

continuous drug–target relationships [19]. Such outputs 

may assist prioritization, but they do not independently 

establish physical binding, functional modulation, 
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selectivity, cellular target engagement, or activity under 

physiologically relevant exposure conditions. 

A richer target-context layer should represent compound–

target interactions, target confidence, pathway 

relationships, disease or phenotype context, and 

mechanism hypotheses as distinguishable, provenance-

linked relations. Multi-objective neural architectures can 

jointly predict compound–protein affinity and interaction-

related patterns, illustrating how structural and target 

information may be represented together [20]. However, 

predicted contacts or affinities remain computational 

outputs rather than experimental interaction maps. 

Heterogeneous biomedical knowledge graphs further 

demonstrate how compounds can be connected to genes, 

pathways, diseases, phenotypes, and other evidence types 

for prioritization [21]. In the proposed framework, these 

contextual edges are typed by source and evidence level, 

enabling a mechanism hypothesis to be assembled without 

presenting network proximity as causal proof. ADMET 

and toxicity information should be represented through 

endpoint-specific outputs whose interpretation remains 

conditioned by assay domain, data coverage, and external 

testing requirements [22]. Figure 1 illustrates how 

molecular foundation models can connect phytochemical 

structure, bioactivity evidence, target context, pathway 

context, safety evidence, uncertainty, and therapeutic-

potential boundaries. 

 

 
Figure 1. Target-Context and Therapeutic-Potential Encoding for Molecular Foundation Models in Phytochemical 

Space 

 

Alt-text description 

A conceptual encoding diagram showing phytochemical 

structure and bioactivity evidence linked to target context, 

pathway context, safety evidence, uncertainty, validation 

needs, and therapeutic-potential boundaries. 

Therapeutic potential should be treated as a bounded 

hypothesis produced from a structured evidence profile 

rather than as a latent property that a foundation model can 

directly reveal. A research-prioritization output may 

integrate phytochemical identity, structural novelty, assay-

qualified bioactivity, target evidence, pathway relevance, 

disease context, exposure-related considerations, ADMET 

evidence, toxicity signals, provenance, uncertainty, and 

validation gaps. The framework should nevertheless 

prevent a high-ranking output from being translated into 

claims of efficacy, safety, mechanistic validation, clinical 

usefulness, or translational readiness. External evaluation 

is required to determine whether the representation 

transfers beyond closely related compounds and familiar 

targets, while experimental confirmation is required for 

each biological proposition being advanced. Expert review 

remains necessary to judge chemical identity, assay 

relevance, target plausibility, safety interpretation, and 

whether the proposed evidence chain supports further 

investigation. 

Foundation model design requirements 

A phytochemical foundation model should be evaluated as 

a representation system whose usefulness depends on its 

data foundation, downstream task, and decision context. 

Learned embeddings should therefore be compared with 

chemically meaningful fixed descriptors, fingerprints, and 

task-specific models rather than being assumed superior 

because they originate from large-scale pretraining. 

Comparative evaluations of learned molecular 

representations show that model performance varies across 

endpoints, datasets, representations, and split strategies, 

supporting the inclusion of strong conventional baselines 

in every downstream assessment [23]. Large-scale 

comparisons of drug-target prediction methods similarly 

indicate that architecture cannot be interpreted 

independently of training scale, assay-label construction, 

chemical features, and competing methods [24]. The 

proposed design therefore requires natural product-aware 
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corpus documentation, stereochemistry-sensitive inputs, 

assay-qualified labels, baseline comparison, and explicit 

applicability-domain analysis. 

Evaluation splits and data curation must also be designed 

to prevent structural leakage and shortcut learning. Natural 

product collections contain families of closely related 

analogues, repeated scaffold series, duplicated records, and 

compounds reported across multiple databases or studies. 

When structurally similar molecules occur in both training 

and evaluation sets, apparent transfer performance may 

largely reflect memorization of local chemical 

neighbourhoods rather than generalization to new 

phytochemical regions. Ligand-based benchmark analyses 

have demonstrated that conventional classification settings 

can reward memorization when chemical similarity is not 

adequately controlled [25]. Chemical dataset 

investigations further show that hidden biases can 

materially influence virtual-screening evaluations and 

should be measured before performance is interpreted [26]. 

Scaffold-, source-, taxon-, target-, assay-, and temporal 

separation should consequently be considered during 

external evaluation, with duplicate resolution and 

provenance checks completed before model training. 

Uncertainty should be represented at several levels. Model 

uncertainty concerns instability or limited knowledge in 

the fitted predictor; data uncertainty arises from noisy, 

conflicting, censored, or incompletely reported 

measurements; assay uncertainty reflects experimental 

variability and context dependence; and evidentiary 

uncertainty concerns the strength of support for a target, 

pathway, safety, or therapeutic interpretation. Evaluations 

of scalable uncertainty methods for molecular-property 

prediction show that uncertainty estimates differ in 

calibration and usefulness across modeling settings [27]. A 

phytochemical foundation model should therefore report 

calibrated predictive uncertainty together with domain-

distance indicators and should be capable of abstaining 

when a structure, target, assay, or contextual combination 

lies outside supported regions. Confidence values should 

not be presented as substitutes for biological evidence, and 

a narrow numerical interval should not be interpreted as 

confirmation of mechanism, safety, or therapeutic 

usefulness. 

Interpretability, expert curation, and transparent reporting 

complete the design requirements. Explanatory methods 

may identify influential atoms, fragments, tokens, graph 

regions, target features, or contextual relationships, but 

these explanations remain model-dependent interpretations 

rather than causal pharmacological evidence. Explainable-

AI scholarship in drug discovery emphasizes both the 

potential utility and the limitations of interpreting complex 

molecular predictions [28]. In the proposed framework, 

explanations are intended to support chemical review, 

identify possible data artifacts, reveal reliance on 

implausible features, and guide experimental design. 

Expert curators should be able to inspect source records, 

stereochemical assignments, assay semantics, target 

evidence, safety annotations, and unresolved conflicts. 

Model documentation should disclose the intended use, 

unsupported uses, corpus composition, preprocessing, 

representation choices, training objectives, splits, 

baselines, evaluation metrics, uncertainty methods, known 

biases, validation status, and claim boundaries. Table 2 

maps design requirements for molecular foundation 

models intended to encode natural product structure, 

bioactivity, target context, and therapeutic-potential 

boundaries. 

 

Table 2. Foundation Model Design Requirements for Phytochemical Space: Natural Product-Aware Pretraining, 

Stereochemistry-Aware Representation, Bioactivity-Context Encoding, Target-Context Encoding, Multimodal 

Integration, Evidence Provenance, Uncertainty, Bias Assessment, Safety Awareness, and Validation Boundaries 

Design 

requirement 
Purpose 

Required 

data or model 

feature 

Evaluation 

need 

Interpretabil

ity need 

Failure 

mode if 

absent 

Translationa

l boundary 

Framewor

k output 

Natural 

product-

aware 

pretraining 

Ensure that 

rare 

scaffolds, 

complex 

architectures

, source 

metadata, 

and natural 

product 

classes are 

represented 

Curated 

phytochemical 

structures, 

source 

annotations, 

scaffold 

inventories, 

compound 

classes, 

deduplication, 

and corpus 

documentation 

Coverage 

analysis 

across 

scaffolds, 

classes, 

taxa, 

stereochemi

cal states, 

and source 

databases 

Disclose 

which 

phytochemica

l regions are 

represented or 

underrepresen

ted 

Generic 

chemical 

patterns 

dominate and 

rare natural 

product 

features 

remain poorly 

encoded 

Broad 

pretraining 

does not 

establish 

task-specific 

biological 

relevance 

Natural 

product-

domain 

coverage 

profile 



International Journal of Pharmaceutical and Phytopharmacological Research (eIJPPR) | February 2026 | Volume 16 | Issue 1 | Page 71-87 
Mateo Alvarez, Molecular Foundation Models for Phytochemical Space: Encoding Natural Product Structure, Bioactivity, Target Context, and 
Therapeutic Potential 

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

79 

Stereochemis

try-aware 

representatio

n 

Preserve 

distinctions 

that may 

influence 

recognition, 

conformatio

n, and 

activity 

Stereo-aware 

graphs, 

isomeric 

strings, 

geometric 

descriptors 

where 

supported, and 

undefined-

stereochemistr

y flags 

Stereoisome

r challenge 

sets and 

evaluation 

of 

incomplete 

or 

conflicting 

stereochemi

cal records 

Display 

which 

stereochemica

l assignments 

informed an 

output 

Stereoisomers 

collapse into 

indistinguisha

ble or 

misleading 

embeddings 

Stereo-aware 

encoding 

does not 

establish a 

biologically 

active 

configuration 

Stereo-

qualified 

molecular 

representati

on 

Bioactivity-

context 

encoding 

Prevent 

incompatible 

activity 

measuremen

ts from 

becoming 

interchangea

ble labels 

Endpoint 

identity, assay 

format, units, 

species, target 

construct, 

conditions, 

controls, and 

evidence 

provenance 

Assay-

stratified 

evaluation, 

conflict 

analysis, 

and external 

testing 

Expose the 

assay records 

underlying 

each 

prediction 

Heterogeneou

s labels create 

artificial 

structure–

activity 

patterns 

Predicted 

bioactivity 

does not 

establish 

pharmacologi

cal activity 

Assay-

conditioned 

bioactivity 

hypothesis 

Target-

context 

encoding 

Distinguish 

target 

identity, 

target 

evidence, 

confidence, 

and 

biological 

setting 

Target 

identifiers, 

protein 

features, assay 

evidence, 

confidence 

categories, 

pathway links, 

and disease 

context 

Target-

family 

holdout, 

external-

target 

testing, and 

evidence-

tier analysis 

Trace each 

target 

hypothesis to 

supporting 

observations 

or predictions 

Model 

similarity is 

interpreted as 

target 

engagement 

or mechanism 

Target 

prioritization 

requires 

biochemical 

or functional 

confirmation 

Ranked 

target-

context 

hypothesis 

Multimodal 

data 

integration 

Link 

structure 

with source, 

spectra, 

genomics, 

assays, 

targets, 

pathways, 

literature, 

and safety 

data 

Modality-

specific 

encoders, 

alignment 

objectives, 

missing-

modality 

handling, and 

provenance-

preserving 

fusion 

Ablation, 

cross-modal 

retrieval, 

missing-

data 

robustness, 

and 

modality-

dominance 

analysis 

Retain 

modality-

level 

contributions 

and source 

traceability 

One abundant 

modality 

overwhelms 

sparse but 

important 

evidence 

Integrated 

embeddings 

do not 

convert weak 

evidence into 

validated 

evidence 

Decomposa

ble 

multimodal 

representati

on 

Evidence 

provenance 

tracking 

Preserve the 

origin, 

transformati

on history, 

and 

evidentiary 

status of 

every input 

and relation 

Record 

identifiers, 

database 

versions, 

publications, 

extraction 

methods, 

curator 

actions, and 

evidence types 

Record-

lineage 

audit and 

reproducibil

ity checks 

Permit 

inspection of 

source 

records and 

transformatio

ns 

Unsupported 

or duplicated 

claims 

become 

indistinguisha

ble from 

curated 

observations 

Provenance 

improves 

auditability 

but does not 

ensure 

correctness 

Traceable 

evidence 

bundle 

Uncertainty 

estimation 

Prevent 

unsupported 

confidence 

in 

underreprese

nted 

compounds, 

Ensembles or 

calibrated 

uncertainty 

methods, 

domain-

distance 

measures, 

Calibration, 

selective 

prediction, 

coverage, 

and out-of-

domain 

testing 

Separate 

predictive 

confidence 

from 

evidence 

strength 

High-

confidence 

outputs are 

produced 

outside the 

training 

domain 

Uncertainty 

assists 

prioritization 

but does not 

validate an 

output 

Calibrated 

prediction 

and 

abstention 

status 
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targets, 

assays, or 

contexts 

label variance, 

and abstention 

rules 

Bias and 

coverage 

assessment 

Identify 

sampling, 

structural, 

taxonomic, 

assay, target, 

and 

publication 

biases 

Coverage 

metadata, 

subgroup 

labels, leakage 

controls, 

scaffold 

clusters, and 

source 

statistics 

Subgroup, 

scaffold, 

taxon, 

target, 

assay, 

temporal, 

and source-

held-out 

evaluation 

Report known 

blind spots 

and failure 

patterns 

Performance 

reflects 

curation 

shortcuts or 

overrepresent

ed chemical 

families 

Bias 

assessment 

limits 

interpretation 

but cannot 

remove every 

bias 

Applicabilit

y and bias 

report 

Data leakage 

prevention 

Ensure 

evaluation 

measures 

transfer 

rather than 

duplication 

or close-

analogue 

memorizatio

n 

Structure 

standardizatio

n, duplicate 

resolution, 

scaffold-aware 

splitting, 

provenance 

matching, and 

temporal 

separation 

Similarity 

audit 

between 

training and 

evaluation 

records 

Reveal 

overlap and 

nearest-

neighbour 

relationships 

Benchmark 

results 

overstate 

generalization 

Internal 

benchmark 

success is 

insufficient 

for 

translational 

interpretation 

Leakage-

controlled 

evaluation 

profile 

Safety-aware 

representatio

n 

Ensure 

candidate 

prioritization 

includes 

endpoint-

specific 

hazard 

information 

ADMET 

records, 

toxicity 

evidence, 

reactive 

motifs, off-

target data, 

exposure 

context, and 

uncertainty 

Endpoint-

specific 

external 

evaluation 

and conflict 

analysis 

Decompose 

safety-related 

outputs by 

endpoint, 

source, and 

evidence type 

Candidates 

are prioritized 

without 

visibility of 

possible 

hazards 

Predicted 

absence of 

risk does not 

establish 

safety 

Safety-

aware 

research-

priority 

profile 

External 

validation 

Test transfer 

beyond 

training data, 

familiar 

scaffolds, 

and common 

targets 

Frozen model, 

independent 

datasets, 

prespecified 

endpoints, and 

domain-

distance 

measures 

Independent 

scaffold, 

target, 

source, 

assay, or 

temporal 

testing 

Show how 

evaluation 

data differ 

from 

development 

data 

Internal 

validation is 

presented as 

evidence of 

broad 

generalization 

External 

performance 

remains task- 

and domain-

specific 

External-

generalizati

on profile 

Experimenta

l validation 

linkage 

Convert 

predictions 

into explicit, 

testable 

research 

hypotheses 

Output-to-

assay 

mapping, 

validation 

priorities, 

controls, and 

evidence-gap 

annotations 

Prospective 

testing with 

replication 

and 

orthogonal 

methods 

State which 

predicted 

relation 

requires 

which 

experiment 

Predictions 

accumulate 

without 

empirical 

correction 

Experimental 

confirmation 

remains 

limited to the 

tested 

endpoint and 

context 

Validation-

ready 

hypothesis 

package 

Expert 

curation 

Resolve 

chemical 

identity, 

taxonomy, 

stereochemis

try, assay 

semantics, 

and 

evidentiary 

conflicts 

Curator 

interfaces, 

versioned 

annotations, 

conflict states, 

and decision 

logs 

Inter-

curator 

agreement 

and audit 

sampling 

Record 

curator 

decisions and 

unresolved 

uncertainty 

Automated 

errors 

become 

embedded 

and 

propagated 

Expert 

review 

supports 

research 

decisions but 

is not clinical 

validation 

Curated 

evidence 

state 
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Transparent 

reporting 

Enable 

reproducibili

ty, 

comparison, 

governance, 

and 

responsible 

interpretatio

n 

Data sheets, 

model cards, 

preprocessing 

records, 

objectives, 

splits, 

baselines, 

metrics, and 

intended-use 

statements 

Independent 

audit or 

reproductio

n where 

feasible 

Disclose 

design 

choices, 

limitations, 

and 

unsupported 

uses 

Results 

cannot be 

critically 

interpreted or 

reproduced 

Transparent 

reporting 

does not 

establish 

clinical 

readiness 

Foundation-

model 

reporting 

package 

Translational 

boundary 

control 

Prevent 

research 

outputs from 

becoming 

unsupported 

therapeutic 

or clinical 

claims 

Evidence 

grades, claim 

templates, 

abstention 

rules, 

mandatory 

caveats, and 

human review 

Claim-

compliance 

audit and 

scenario-

based 

review 

Display 

validation 

status and 

prohibited 

interpretation

s 

A 

prioritization 

score is 

described as 

efficacy, 

safety, or 

readiness 

Outputs 

support 

research 

prioritization 

only 

Bounded 

therapeutic-

potential 

hypothesis 

Proposed framework 

The proposed Molecular Foundation Model Framework 

for Phytochemical Space begins with a natural product-

aware data foundation. This foundation contains 

standardized molecular identities, stereochemical 

assignments, scaffold features, compound classes, source 

organisms, taxonomic information, literature provenance, 

biosynthetic context where supported, bioactivity records, 

assay metadata, target annotations, pathway relationships, 

ADMET observations, toxicity evidence, and explicit 

uncertainty fields. Machine learning and genomics 

scholarship in natural product science indicates that 

chemical structure can be productively connected with 

biosynthetic and genomic information, while also 

emphasizing the heterogeneity and incompleteness of the 

underlying evidence [29]. The framework therefore treats 

biosynthetic and genomic context as evidence-qualified 

modalities: they are incorporated where supported, omitted 

where unavailable, and never inferred as established facts 

solely because a structurally related compound has a 

known biosynthetic origin. 

The second stage is representation learning. Separate 

encoders may process molecular graphs, molecular strings, 

stereochemical attributes, fixed fingerprints, geometric 

information where supported, source metadata, bioactivity 

records, target information, pathway relationships, and 

text-derived evidence. Self-supervised objectives can be 

used to learn recurring structural and contextual patterns 

before fine-tuning, while transfer learning can adapt broad 

representations to natural product-specific tasks. Natural 

product cheminformatics demonstrates the value of 

combining structure normalization, similarity analysis, 

chemical-space exploration, bioactivity modeling, and 

target-related inference, but also shows that these methods 

answer different questions and possess different limitations 

[30]. The proposed framework therefore avoids a single 

undifferentiated embedding as the only output. Instead, it 

retains a shared representation for transfer alongside 

modality-specific records that remain available for 

interpretation and audit. 

The third stage is context encoding. Observed bioactivity 

is linked to assay conditions, endpoint definitions, units, 

biological systems, evidence type, and provenance. Target 

relations are typed as measured, curated, inferred, or 

predicted, while pathway and disease-context links carry 

separate confidence and evidence fields. Knowledge-graph 

and multimodal approaches in natural product science 

offer a means of organizing chemical structures, spectra, 

organisms, literature, biological activities, and contextual 

relationships without reducing every relation to a structure-

only prediction [31]. Within the framework, contextual 

graphs do not function as proof-generating systems. They 

organize evidence, reveal missing links, support retrieval, 

and enable testable compound–target–pathway–phenotype 

hypotheses. Contradictory records are preserved as 

conflicts rather than resolved automatically through 

averaging or majority voting. 

The fourth stage introduces safeguards and research-output 

generation. Uncertainty estimation, bias and coverage 

assessment, interpretability, data-leakage prevention, 

provenance tracking, expert curation, and external-

validation planning are applied before candidate 

prioritization. Research outputs may include 

phytochemical-space maps, scaffold neighbourhoods, 

target-context hypotheses, assay-specific bioactivity 

priorities, ADMET-aware filters, safety-signal alerts, 

evidence-gap summaries, and proposed experimental 

sequences. Critical assessments of AI in drug discovery 

argue that model value should be judged by its contribution 

to a defined scientific decision rather than by architectural 
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novelty or isolated benchmark performance [32]. 

Accordingly, the framework does not define a high model 

score as therapeutic potential. It defines a bounded 

therapeutic-potential hypothesis as an evidence-weighted 

research proposition that remains conditional on external 

testing, experimental confirmation, exposure relevance, 

safety assessment, and expert interpretation. 

The fifth stage establishes governance and translational 

boundaries. Chemical and biological data differ in 

semantics, measurement processes, reliability, scale, and 

experimental context; combining them without preserving 

these distinctions risks producing internally coherent but 

scientifically misleading outputs [33]. The framework 

therefore requires explicit evidence grades, claim controls, 

versioned curation, model and data documentation, output-

specific validation plans, and abstention when support is 

inadequate. Table 3 presents the proposed molecular 

foundation model framework for phytochemical space. 

 

Table 3. Proposed Molecular Foundation Model Framework for Phytochemical Space: Phytochemical Identity, 

Structure Encoding, Bioactivity Encoding, Target Context, Pathway Context, ADMET and Safety Evidence, Evidence 

Provenance, Uncertainty, Validation Planning, and Therapeutic-Potential Boundaries 

Framework 

stage 

Core 

purpose 

Required 

input 

Model 

representa

tion logic 

Potential 

output 

Validatio

n 

requirem

ent 

Failure 

risk 

Decision 

boundary 

Research 

value 

1. 

Phytochemi

cal identity 

and source 

reconciliati

on 

Establish 

what the 

compound 

is and 

where the 

record 

originated 

Standardize

d structure, 

identifiers, 

stereochemi

stry, 

compound 

class, 

source 

organism, 

taxon, 

material, 

publication, 

and 

database 

version 

Link 

molecular 

identity to 

source- and 

record-

level 

provenance 

while 

preserving 

conflicts 

Curated 

phytochem

ical 

identity 

record 

Expert 

structure 

and 

taxonomy 

review, 

duplicate 

audit, and 

source 

verificatio

n 

Incorrect 

identity or 

source 

association 

contaminat

es later 

representati

ons 

Identity 

reconciliatio

n does not 

establish 

biological 

relevance 

Reliable 

entry point 

for 

chemical-

space 

mapping 

and 

evidence 

integration 

2. Natural 

product-

aware data 

foundation 

Define the 

pretraining 

and 

contextual 

corpus 

Curated 

structures, 

scaffolds, 

classes, 

source 

metadata, 

bioactivity, 

targets, 

pathways, 

safety 

records, and 

evidence 

grades 

Construct 

coverage-

aware, 

deduplicate

d, 

modality-

labelled 

training 

resources 

Corpus 

coverage 

and data-

quality 

profile 

Scaffold, 

class, 

taxon, 

assay, 

target, 

and 

source 

coverage 

audit 

Generic or 

overreprese

nted 

chemical 

regions 

dominate 

learning 

Corpus size 

does not 

imply 

pharmacolo

gical 

validity 

Domain-

aware 

pretraining 

foundation 

3. 

Structure 

and 

stereochem

istry 

encoding 

Represent 

molecular 

connectivit

y and 

configurati

onal 

informatio

n 

Molecular 

graphs, 

molecular 

strings, 

fingerprints, 

scaffold 

annotations, 

stereochemi

stry, and 

geometry 

where 

supported 

Learn 

complemen

tary 

structural 

embedding

s while 

retaining 

fixed 

baselines 

and stereo 

flags 

Structure-

aware 

phytochem

ical 

embedding 

Scaffold-

held-out, 

stereoiso

mer, 

notation-

robustnes

s, and 

geometry-

sensitivity 

testing 

Rare 

scaffolds or 

stereochem

ical 

distinctions 

are lost 

Structural 

similarity 

does not 

establish 

shared 

activity 

Improved 

organizatio

n, retrieval, 

and transfer 

across 

phytochemi

cal space 
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4. Self-

supervised 

and 

multimodal 

representat

ion 

learning 

Learn 

transferabl

e patterns 

across 

available 

modalities 

Structures, 

source 

metadata, 

text, 

spectra, 

genomic 

context, 

assays, 

targets, and 

pathways 

Use 

modality-

specific 

encoders, 

alignment 

objectives, 

missing-

modality 

handling, 

and 

provenance

-preserving 

fusion 

Shared and 

modality-

specific 

representat

ions 

Ablation, 

retrieval, 

alignment

, missing-

data, and 

modality-

dominanc

e 

evaluation 

One 

modality 

overwhelm

s others or 

creates 

spurious 

alignment 

Cross-

modal 

association 

does not 

establish 

biological 

causality 

Transferabl

e 

representati

on and 

integrated 

evidence 

retrieval 

5. 

Bioactivity 

and assay-

context 

encoding 

Separate 

measured 

activity 

from 

model 

inference 

and 

preserve 

experiment

al 

conditions 

Quantitative 

endpoints, 

units, 

relation 

operators, 

assay 

format, 

species, 

target 

construct, 

controls, 

and 

evidence 

source 

Condition 

activity 

representati

ons on 

assay 

context and 

evidence 

type 

Assay-

specific 

bioactivity 

hypothesis 

or 

evidence 

summary 

Assay-

stratified 

external 

evaluation

, 

replicatio

n, and 

counter-

screening 

Incompatib

le activities 

are merged 

or 

predictions 

become 

pseudo-

observation

s 

Bioactivity 

prediction is 

not 

validated 

pharmacolo

gy 

Prioritizatio

n of 

relevant 

assays and 

compounds 

6. Target 

and 

pathway-

context 

encoding 

Connect 

compound

s with 

targets, 

pathways, 

diseases, 

and 

phenotypes 

at explicit 

evidence 

strengths 

Target 

identifiers, 

interaction 

evidence, 

protein 

features, 

pathway 

links, 

disease 

context, and 

confidence 

categories 

Create 

typed, 

provenance

-linked 

relations 

with 

distinct 

observed 

and 

predicted 

states 

Ranked 

target or 

mechanis

m 

hypothesis 

Independe

nt 

binding, 

functional

, pathway, 

or 

perturbati

onal 

confirmati

on 

Predicted 

relationship

s are 

described 

as target 

engagemen

t or 

mechanism 

Target and 

pathway 

context 

support 

hypotheses 

only 

Mechanisti

cally 

organized 

experiment

al 

prioritizatio

n 

7. ADMET 

and safety 

representat

ion 

Incorporat

e endpoint-

specific 

exposure 

and hazard 

informatio

n 

ADME 

observation

s, toxicity 

data, 

structural 

alerts, off-

target 

evidence, 

species, 

exposure, 

and 

provenance 

Maintain 

separate 

endpoint 

models and 

integrated 

safety 

summaries 

with 

uncertainty 

ADMET-

aware 

filter or 

safety-

signal 

priority 

Endpoint-

specific 

external 

and 

experime

ntal 

testing 

No 

predicted 

alert is 

interpreted 

as safety, 

or an alert 

as 

confirmed 

toxicity 

Computatio

nal outputs 

cannot 

establish 

safety 

Early 

visibility of 

possible 

developme

nt and 

hazard 

concerns 

8. 

Provenance

, quality, 

bias, and 

uncertainty 

control 

Make 

confidence 

and 

applicabilit

y 

limitations 

explicit 

Record 

lineage, 

quality 

flags, 

conflict 

states, 

coverage 

Weight, 

filter, 

abstain, or 

flag 

outputs 

based on 

evidence 

Evidence-
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Figure 2 presents the proposed molecular foundation 

model framework for phytochemical space, linking natural 

product-aware pretraining, structure encoding, bioactivity 

encoding, target context, safety evidence, uncertainty, and 

validation planning. 

 

 
Figure 2. Molecular Foundation Model Framework for Phytochemical Space 

Alt-text description 

A conceptual framework diagram showing natural 

product-aware inputs flowing into molecular oundation 

model pretraining, structure encoding, bioactivity 

encoding, target-context representation, safety-aware 

filtering, uncertainty assessment, validation planning, and 

translational boundaries. 

Translational ımplications 

For natural product informatics, the framework shifts 

database design from structure accumulation toward 

evidence-preserving representation. Phytochemical 

resources intended for foundation-model use should 

support stable chemical identities, stereochemistry, 
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taxonomic normalization, source provenance, assay 

semantics, target-evidence categories, safety endpoints, 

curation histories, uncertainty fields, and versioned 

conflict resolution. Machine-learning best practices in 

chemistry emphasize transparent preparation, meaningful 

evaluation, reproducibility, and disclosure of model 

limitations [34]. Applied to phytochemical databases, these 

principles imply that model-ready records should remain 

traceable to their original evidence and that data 

transformations should be documented sufficiently for 

independent audit. Database growth should not be judged 

solely by record volume; diversity, completeness, quality, 

and relevance to intended downstream tasks are equally 

important. 

For AI-enabled natural product discovery, molecular 

foundation models may support chemical-space 

organization, analogue retrieval, target-hypothesis 

generation, assay prioritization, ADMET-aware triage, 

safety-signal identification, and selection of informative 

experiments. Their role should be integrated with 

medicinal chemistry, natural product chemistry, 

pharmacology, toxicology, bioinformatics, and disease-

domain expertise. Expert perspectives on AI-assisted drug 

design stress that computational systems function within 

multidisciplinary and iterative experimental workflows 

rather than replacing them [35]. Accordingly, a 

phytochemical model should provide evidence-linked 

outputs that researchers can interrogate, challenge, and 

revise. Candidate prioritization should state why a 

compound was ranked, which evidence is observed or 

predicted, where the model is uncertain, what relevant 

information is absent, and which experiment would most 

directly reduce the uncertainty. 

Responsible therapeutic-potential interpretation requires a 

strict no-clinical-claim boundary. A target prediction 

cannot establish mechanism; a pathway association cannot 

establish disease modification; an activity estimate cannot 

establish useful exposure; and favourable computational 

ADMET or toxicity outputs cannot establish safety. Even 

experimentally confirmed activity remains specific to the 

tested assay, biological system, dose, and context. 

Translational progression requires increasingly stringent 

evidence spanning chemical identity, reproducible 

pharmacology, target engagement, mechanism, selectivity, 

exposure, metabolism, toxicity, efficacy models, 

formulation, manufacturing, and eventually appropriately 

governed human evaluation. The proposed framework 

therefore positions molecular foundation models as tools 

for structured hypothesis generation and research 

prioritization. It does not position them as autonomous 

systems for therapeutic validation, regulatory 

interpretation, or clinical decision-making. 

CONCLUSION 

This article proposes a molecular foundation model 

framework designed around the distinctive informational 

structure of phytochemical space. The framework 

integrates phytochemical identity, natural product source, 

chemical structure, stereochemistry, scaffold features, 

molecular graphs, molecular language, three-dimensional 

information where supported, bioactivity and assay 

context, target and pathway relationships, ADMET and 

toxicity evidence, provenance, data quality, uncertainty, 

bias assessment, expert curation, external validation, 

experimental confirmation, and explicit translational 

boundaries. Its central contribution is to separate 

representation capacity from evidentiary status: foundation 

models may improve chemical-space organization, transfer 

learning, contextual retrieval, hypothesis generation, and 

research prioritization, but their embeddings and 

predictions do not independently establish bioactivity, 

target engagement, mechanism, safety, efficacy, clinical 

utility, or translational readiness. Progress in 

phytochemical foundation modeling will therefore depend 

not only on model scale or architectural sophistication, but 

also on natural product-aware data curation, 

stereochemistry-sensitive representation, assay-qualified 

labels, provenance-preserving multimodal integration, 

calibrated uncertainty, leakage-resistant evaluation, 

transparent reporting, and sustained expert and 

experimental oversight. 
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