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ABSTRACT 
Generative AI is increasingly used to support molecular design, chemical space exploration, and compound 
prioritisation, creating new opportunities for natural product chemistry while also raising important questions 
about chemical realism and validation. This critical review evaluates how generative models may contribute to 
natural product-inspired scaffold generation, analogue design, molecular novelty, diversity, bioactivity 
prediction, synthetic feasibility assessment, ADMET screening, toxicity prediction, and safety validation. The 
review takes a cautious interpretive approach, treating generated structures as design hypotheses rather than 
validated chemical, biological, or translational entities. Particular attention is given to the structural complexity 
of natural products, including stereochemistry, biosynthetic diversity, functional-group density, and the 
difficulty of distinguishing natural product likeness from biological relevance. The synthesis argues that 
generative AI can expand ideation, prioritise candidate chemical regions, and integrate multi-objective design 
constraints, but its outputs remain vulnerable to invalid structures, unrealistic stereochemistry, synthetic 
accessibility overestimation, false-positive bioactivity prediction, target-context mismatch, ADMET uncertainty, 
toxicity underprediction, benchmark bias, data leakage, and weak uncertainty reporting. The main conclusion 
is that generative AI has genuine value for natural product-inspired molecular exploration only when coupled 
to chemically informed constraints, retrosynthetic review, experimentally grounded bioactivity testing, safety 
assessment, uncertainty calibration, and transparent reporting. Future research should prioritise domain-
specific datasets, stereochemistry-aware generation, synthesis-linked evaluation, biologically meaningful 
objectives, and validation pipelines that preserve the expertise of natural product chemists.  
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INTRODUCTION 

Natural products remain a central source of chemical 

inspiration for drug discovery because they provide 

structurally diverse, biologically shaped molecules with 

functional-group arrangements, stereochemical richness, 

and scaffold architectures that are often under-represented 

in conventional synthetic libraries [1]. Their historical 

contribution to drug discovery also demonstrates that 

natural product-derived and natural product-inspired 
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structures can inform therapeutic innovation, but this 

contribution should not be confused with automatic 

developability, safety, or translational readiness [2]. 

Generative AI has emerged as a major development in 

molecular design because it can invert the usual screening 

logic: instead of only evaluating existing molecules, 

models can propose new structures under specified design 

objectives [3]. In de novo molecular design, this capability 

includes generation, optimisation, and prioritisation of 

candidate structures, yet the quality of generated molecules 

depends on the design task, training data, objective 

functions, chemical representation, and downstream 

evaluation criteria [4]. 

Natural product chemistry creates special challenges for 

generative AI because natural products are not merely 

“complex molecules” in a generic sense. Their biological 

meaning may depend on stereochemical configuration, 

biosynthetic origin, conformational behaviour, target 

context, metabolic stability, and matrix-specific safety 

considerations. A generated molecule may resemble a 

natural product by scaffold or descriptor profile while 

lacking the stereochemical precision, biological context, 

synthetic plausibility, or safety evidence needed to support 

a stronger claim. 

This article critically reviews generative AI at the 

intersection of molecular design and natural product 

chemistry. Its aim is not to present generative chemistry as 

a replacement for natural product expertise, experimental 

isolation, synthesis, pharmacology, or toxicology. Instead, 

it evaluates where generative AI can support ideation and 

prioritisation, where evidence remains weak, and why 

chemical realism, synthetic feasibility, bioactivity 

validation, ADMET evidence, toxicity assessment, 

uncertainty reporting, and experimentally grounded safety 

validation are necessary before natural product-inspired 

generated molecules can be interpreted beyond hypothesis 

status. 

Generative AI in natural product chemistry 

Deep learning has broadened computational drug 

discovery by enabling molecular representation learning, 

property prediction, and design-oriented workflows, but 

these capabilities depend strongly on data quality, domain 

relevance, and model evaluation [5]. In natural product 

chemistry, this dependence is especially important because 

the training data must represent stereochemical richness, 

biosynthetic diversity, functional-group patterns, and 

biologically relevant chemical contexts rather than only 

generic small-molecule distributions. 

Generative AI approaches relevant to natural product 

chemistry include variational autoencoders, generative 

adversarial networks, reinforcement learning systems, 

graph generative models, transformer-based molecular 

generators, diffusion models, molecular language models, 

and foundation-model-assisted design. Evidence from 

natural-product-inspired design indicates that machine 

intelligence can be tuned toward biologically motivated 

chemical hypotheses, as shown in work on natural-

product-inspired retinoid X receptor modulator design [6]. 

However, such outputs should be interpreted as candidates 

for review and testing, not as evidence of confirmed 

activity, safety, or synthesizability. 

Natural-inspired molecular optimisation can also support 

exploration of chemical regions adjacent to natural 

product-like space by combining generation with 

optimisation objectives [7]. This is useful when the aim is 

to search beyond known compounds, propose scaffold 

variations, or identify structures that satisfy multiple 

computational constraints. The limitation is that 

optimisation can privilege what the objective function 

rewards, which may not coincide with biological 

relevance, synthetic feasibility, or safety. 

Molecular language models are particularly relevant 

because they treat chemical strings as learnable sequences 

and can be adapted toward natural product-like compound 

generation [8]. Their appeal lies in scalable generation and 

flexible conditioning, but natural product chemistry 

exposes important weaknesses: string validity does not 

guarantee stereochemical correctness, structural novelty 

does not guarantee value, and natural product likeness does 

not establish target engagement, pharmacological activity, 

or safety. Foundation-model-assisted design may expand 

these capabilities, but its outputs still require domain-

specific interpretation and validation. 

Molecular design and chemical space exploration 

Natural product-inspired molecular design can use 

generative models to construct virtual libraries that 

resemble natural product chemical space, helping 

researchers explore scaffold families, analogue concepts, 

and under-sampled chemical regions [9]. This function is 

valuable as an ideation tool because it can generate 

hypotheses that would be difficult to enumerate manually. 

Its central limitation is that virtual library membership does 

not establish chemical usefulness, biological relevance, or 

experimental feasibility. 

Variational autoencoder-based molecular design 

introduced the idea that molecules can be embedded into 

continuous latent spaces where optimisation and 

interpolation become possible [10]. For natural product-

inspired chemistry, this suggests a route to traverse 

structural neighbourhoods around complex scaffolds, but 

latent continuity may smooth over chemically 

discontinuous realities such as stereochemical constraints, 

conformational dependence, and synthetic route 

discontinuities. Reinforcement learning adds another layer 
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by optimising structures toward specified objectives, 

although this creates the risk that generated molecules 

satisfy the reward function rather than the broader 

requirements of medicinal or natural product chemistry 

[11]. 

Recurrent molecular generators can produce focused 

libraries by learning chemical syntax and distributional 

patterns from training sets [12]. Activity-directed 

reinforcement learning can further bias molecular 

generation toward predicted target activity, but such 

predictions remain dependent on the underlying predictive 

model and its applicability domain [13]. In natural product-

inspired analogue design, this is a major interpretive 

boundary: a model may generate structures that look 

plausible and score well computationally while still failing 

because of assay mismatch, target-context mismatch, 

stereochemical error, or poor experimental behaviour. 

Scaffold hopping from natural products to synthetic 

mimetics illustrates the appeal of preserving biologically 

meaningful structural logic while improving chemical 

tractability or exploring alternative scaffolds [14]. 

Benchmarking frameworks for de novo molecular design 

can evaluate properties such as validity, novelty, and 

diversity, yet these metrics do not establish synthetic 

feasibility, biological activity, ADMET suitability, or 

safety [15]. Therefore, molecular design and chemical 

space exploration should be framed as prioritisation and 

hypothesis generation rather than evidence of translational 

readiness. 

Table 1 summarises generative AI functions used for 

molecular design and natural product-inspired chemical 

space exploration. 

 

Table 1. Generative AI Functions in Natural Product-Inspired Molecular Design: Scaffold Generation, Analogue 

Design, Chemical Space Exploration, Novelty, Diversity, Natural Product Likeness, Chemical Validity, Stereochemical 

Representation, and Interpretation Boundaries 

Generative 

design 

function 

Core 

design 

question 

Potential 

value 

Required 

evidence 

Main 

limitation 

Validation 

requirement 
Failure risk 

Critical 

interpretatio

n 

Natural 

product-

inspired 

generation 

Does the 

output 

meaningfull

y resemble 

natural 

product 

chemical 

space? 

Expands 

ideation 

around 

biologicall

y shaped 

scaffolds 

Structural 

comparison, 

descriptor 

context, 

scaffold 

analysis 

Natural 

product 

likeness may 

be superficial 

Expert 

chemical 

review and 

biological 

testing 

Natural 

product-like 

but 

biologically 

irrelevant 

molecules 

Supports 

hypothesis 

generation 

only 

Scaffold 

generation 

Is the 

scaffold 

chemically 

plausible 

and 

interpretabl

e? 

Enables 

new 

scaffold 

concepts 

and 

scaffold 

hopping 

Scaffold 

validity, 

novelty, 

precedent, 

stability 

review 

Novel 

scaffold does 

not imply 

useful 

scaffold 

Chemical 

plausibility 

and synthesis 

review 

Novelty 

without value 

Useful only 

when linked 

to function 

and 

feasibility 

Analogue 

design 

Does the 

generated 

analogue 

preserve 

meaningful 

structure–

activity 

logic? 

Supports 

local 

exploration 

around 

known 

chemotype

s 

SAR 

context, 

matched-pair 

reasoning, 

stereochemic

al checks 

Small 

changes may 

disrupt 

activity 

Experimental 

analogue 

testing 

Activity cliffs 

and 

misleading 

similarity 

Analogue 

status must 

not imply 

confirmed 

activity 

Chemical 

space 

exploration 

Which 

regions are 

being 

explored 

and why? 

Broadens 

prioritisati

on beyond 

known 

libraries 

Diversity, 

coverage, 

similarity, 

constraint 

analysis 

Exploration 

may enter 

irrelevant or 

infeasible 

regions 

Domain-aware 

filtering and 

expert triage 

Large but 

low-value 

chemical 

spaces 

Exploration 

is not 

equivalent to 

discovery 

Molecular 

novelty 

Is the 

molecule 

structurally 

new in a 

Reduces 

simple 

reproducti

on of 

Similarity 

and 

substructure 

comparison 

Novelty may 

be trivial or 

undesirable 

Novelty audit 

plus functional 

evaluation 

Overclaiming 

innovation 

Novelty must 

be separated 

from value 
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meaningful 

way? 

known 

molecules 

Molecular 

diversity 

Does the 

generated 

set avoid 

narrow 

clustering? 

Improves 

breadth of 

hypothesis 

generation 

Internal 

diversity and 

scaffold 

diversity 

checks 

Diversity can 

be chemically 

irrelevant 

Diversity 

assessment 

linked to 

design 

objectives 

Mode 

collapse or 

unfocused 

diversity 

Diversity 

must be 

interpreted 

with task 

relevance 

Natural 

product 

likeness 

Does 

likeness 

correspond 

to useful 

biological 

hypotheses

? 

Helps 

prioritise 

NP-

adjacent 

structures 

NP-likeness 

metrics and 

biological 

rationale 

Likeness 

does not 

establish 

activity 

Bioactivity and 

target 

validation 

Misleading 

biological 

inference 

Natural 

product-like 

means 

structurally 

similar, not 

validated 

Chemical 

validity 

Is the 

output a 

chemically 

valid 

structure? 

Removes 

impossible 

structures 

early 

Valence, 

charge, 

aromaticity, 

tautomer and 

structure 

checks 

Validity is a 

minimal 

threshold 

Cheminformati

cs and manual 

inspection 

Invalid or 

artefactual 

molecules 

Validity does 

not prove 

feasibility or 

safety 

Stereochemica

l 

representation 

Are 

stereocentre

s defined 

and 

chemically 

plausible? 

Preserves a 

key feature 

of natural 

products 

Chiral 

annotation, 

3D review, 

stereochemic

al 

consistency 

String 

formats may 

omit or 

distort 

stereochemist

ry 

Stereo-aware 

generation and 

expert review 

Unrealistic or 

ambiguous 

stereochemist

ry 

Stereochemic

al 

uncertainty 

weakens 

biological 

interpretation 

Physicochemi

cal plausibility 

Are 

generated 

properties 

compatible 

with 

intended 

use? 

Supports 

early 

filtering 

Descriptor 

review and 

structural 

alerts 

Plausibility 

depends on 

context 

Experimental 

and ADMET 

follow-up 

Plausible-

looking but 

unsuitable 

molecules 

Plausibility 

is supportive, 

not 

confirmatory 

Synthetic feasibility and bioactivity prediction 

Synthetic feasibility is a decisive boundary for generated 

natural product-inspired molecules because chemical 

validity and synthetic accessibility scores do not 

necessarily show that a molecule can be prepared in the 

laboratory. Analyses of molecules proposed by generative 

models show why synthesizability needs dedicated 

assessment rather than reliance on generative output 

quality alone [16]. This issue is amplified for natural 

product-inspired structures because stereochemical 

density, ring complexity, unusual functional groups, and 

biosynthetic-like motifs may complicate route planning. 

Retrosynthetic planning can help triage generated 

molecules by proposing possible disconnections and route 

hypotheses, but these plans remain dependent on reaction 

knowledge, training data, and expert interpretation [17]. 

Reaction prediction models add further support by 

estimating likely chemical transformations, especially 

when uncertainty is explicitly represented [18]. For 

generated natural product-inspired analogues, uncertainty 

is not a minor technical detail; it is central to deciding 

whether a proposed structure should be prioritised, 

redesigned, or retained only as a speculative design idea. 

Retrosynthesis tools can support route plausibility review 

by providing fast planning workflows, but a proposed 

computational route should not be treated as experimental 

evidence of synthesis [19]. More broadly, machine 

learning in computer-aided synthesis planning depends on 

available reaction data and may underperform when 

generated structures fall outside well-represented 

chemistry [20]. Natural product-inspired molecules may 

contain functional arrangements, stereochemical patterns, 

or ring systems that are poorly covered by standard 

reaction datasets, so expert synthetic review remains 

essential. 

Bioactivity prediction, target prediction, docking 

hypotheses, multi-objective optimisation, and ADMET-

related prioritisation can help rank generated structures, 

but they must remain within clear evidentiary limits. 

Molecular machine-learning benchmarks provide useful 

comparison tasks for property prediction, yet benchmark 

performance may not translate directly to natural product-

inspired domains or specific biological assays [21]. 
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Learned molecular representations also influence 

prediction reliability, which means predicted activity, 

target relevance, or ADMET suitability should be 

interpreted as prioritisation evidence rather than proof of 

pharmacological activity or safety [22]. 

Table 2 maps synthetic feasibility and bioactivity 

prediction requirements for evaluating generated natural 

product-inspired molecules. 

 

Table 2. Synthetic Feasibility and Bioactivity Prediction in Generative Natural Product Chemistry: Synthetic 

Accessibility, Retrosynthetic Plausibility, Reaction Feasibility, Target Relevance, Bioactivity Prediction, ADMET 

Screening, Uncertainty, and Validation Needs 

Evaluation 

domain 

Core 

question 

Input 

evidence 

needed 

Potential 

output 

Interpretatio

n limitation 

Validation 

requirement 

Risk if 

ignored 

Critical 

synthesis 

role 

Synthetic 

accessibility 

Is the 

molecule 

likely to be 

synthetically 

approachable

? 

Structural 

complexity, 

functional 

groups, 

stereochemistr

y, 

accessibility 

estimate 

Early 

feasibility 

triage 

Accessibility 

scores may 

overestimate 

laboratory 

feasibility 

Chemist 

review and 

route 

assessment 

Unsynthesiza

ble generated 

structures 

Separates 

chemical 

validity 

from 

feasibility 

Retrosynthet

ic plausibility 

Can credible 

routes be 

proposed? 

Route 

suggestions, 

disconnection

s, reaction 

precedent 

Candidate 

route 

hypotheses 

Planner 

output may 

be 

incomplete or 

impractical 

Expert 

retrosyntheti

c review 

Retrosynthetic 

implausibility 

Links 

generation 

to practical 

chemistry 

Reaction 

feasibility 

Are proposed 

transformatio

ns chemically 

reasonable? 

Reaction 

precedent, 

substrate 

scope, 

uncertainty 

Feasibility 

ranking 

Reaction 

models 

depend on 

training 

coverage 

Reaction-

condition and 

precedent 

review 

Failed 

synthesis 

translation 

Adds 

realism to 

generated 

designs 

Stereochemic

al feasibility 

Can the 

required 

stereochemist

ry be 

controlled or 

assigned? 

Chiral centres, 

stereochemica

l notation, 

route 

stereocontrol 

Stereo-

aware 

feasibility 

judgement 

Generated 

structures 

may omit or 

misuse 

stereochemist

ry 

Stereochemic

al synthesis 

and 

analytical 

confirmation 

Incorrect 

analogue 

identity 

Critical for 

natural 

product-

inspired 

interpretatio

n 

Biosynthetic 

plausibility 

Does 

biosynthetic 

logic matter 

for the design 

claim? 

Biosynthetic 

context where 

relevant 

Mechanisti

c 

inspiration 

or 

prioritisati

on 

Biosynthetic 

plausibility is 

not required 

for every 

analogue 

Expert 

natural 

product 

chemistry 

review 

Misleading 

natural 

product 

analogy 

Clarifies 

meaning of 

“natural 

product-

inspired” 

Bioactivity 

prediction 

Does the 

molecule 

score as 

active in a 

relevant 

model? 

Assay data, 

model 

domain, target 

context 

Prioritisati

on 

hypothesis 

Prediction is 

not 

experimental 

activity 

Biochemical 

or cellular 

assay 

confirmation 

False-positive 

prioritisation 

Keeps 

bioactivity 

claims 

cautious 

Target 

relevance 

Is the 

proposed 

target 

biologically 

meaningful? 

Disease 

context, 

pathway 

evidence, 

target 

expression 

Mechanisti

c 

hypothesis 

Target 

prediction 

can be 

context-

mismatched 

Target 

engagement 

and pathway 

validation 

Irrelevant 

target 

hypothesis 

Links 

chemistry to 

pharmacolo

gy 

Docking 

hypothesis 

Does docking 

suggest 

plausible 

Structure 

preparation, 

binding-site 

Binding 

hypothesis 

Docking does 

not prove 

Orthogonal 

binding and 

Overinterprete

d docking 

score 

Restricts 

docking to 
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binding 

where 

relevant? 

rationale, pose 

review 

binding or 

activity 

activity 

assays 

hypothesis 

status 

Multi-

objective 

optimisation 

Are design 

objectives 

balanced 

realistically? 

Objective 

weights, 

constraints, 

trade-off 

analysis 

Pareto-like 

prioritisati

on 

Optimisation 

may game 

weak 

objectives 

Sensitivity 

analysis and 

experimental 

follow-up 

Artificially 

optimised 

molecules 

Prevents 

objective-

function 

overclaimin

g 

ADMET 

screening 

Are early 

liability 

signals 

considered? 

ADMET 

models, 

applicability 

domain, 

uncertainty 

Safety 

triage 

ADMET 

prediction 

does not 

validate 

safety 

Experimental 

ADMET 

testing where 

appropriate 

False 

reassurance 

Connects 

design to 

safety 

evidence 

Uncertainty 

reporting 

How 

confident is 

each 

prediction? 

Calibration, 

applicability 

domain, 

confidence 

estimates 

Risk-aware 

prioritisati

on 

Uncertainty 

may be 

absent or 

poorly 

calibrated 

Calibration 

and external 

validation 

Overconfident 

prioritisation 

Makes 

computation

al evidence 

interpretable 

Experimenta

l validation 

Has the 

prioritised 

molecule 

been made 

and tested? 

Synthesis, 

identity 

confirmation, 

biological and 

safety assays 

Evidence 

beyond 

computatio

n 

Often 

missing at 

design stage 

Reproducible 

chemical and 

biological 

validation 

Translational 

overclaiming 

Defines 

final 

evidence 

boundary 

 

Safety validation and failure modes 

Safety validation is the point at which generative AI in 

natural product-inspired chemistry most clearly moves 

beyond molecular design aesthetics. Failure modes in 

molecule generation and optimisation include invalid 

outputs, poor diversity, optimisation artefacts, and 

objective-driven structures that appear successful under 

computational metrics while remaining chemically or 

biologically questionable [23]. In natural product-inspired 

design, these risks are intensified because generated 

molecules may appear complex, scaffold-rich, or natural 

product-like without preserving the stereochemical, 

physicochemical, or mechanistic features that make a 

natural product biologically meaningful. 

Benchmarking platforms for molecular generation can 

improve comparability across models, but they cannot 

fully determine whether a generated molecule is 

synthetically feasible, biologically relevant, or safe [24]. 

Benchmark bias becomes especially important when 

evaluation tasks are dominated by generic small-molecule 

datasets rather than natural product-like structures, 

stereochemically rich molecules, or assay contexts relevant 

to natural product pharmacology. Data leakage can also 

inflate apparent predictive quality, making generated 

outputs look more reliable than they are. 

The safety risks of generative molecular design are not 

limited to benign optimisation failure. Work on the dual-

use potential of AI-powered drug discovery shows that 

generative workflows can be redirected toward harmful 

chemical objectives, demonstrating why safety-aware 

design, toxicity filters, and responsible interpretation are 

necessary parts of generative chemistry [25]. For natural 

product-inspired chemistry, this means that “biologically 

active-looking” generated molecules require careful 

hazard evaluation rather than celebratory framing. 

ADMET prediction can support early triage of generated 

structures, but computational ADMET outputs do not 

validate safety [26]. Off-target liability assessment remains 

necessary because small molecules can interact with 

unintended biological targets even when the intended 

target hypothesis appears plausible [27]. Graph-based 

modelling of adverse interaction contexts can help 

represent complex safety relationships, but such modelling 

remains context-dependent and should not substitute for 

experimental safety evaluation [28]. Deep learning 

approaches to pharmacokinetic and toxicity prediction may 

strengthen early prioritisation, but toxicity underprediction 

remains a critical risk when generated molecules are 

advanced without orthogonal evidence [29]. 

Figure 1 illustrates major failure modes that can arise 

when generative AI is applied to natural product-inspired 

molecular design without adequate chemical, synthetic, 

biological, and safety validation. 
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Figure 1. Failure Modes in Generative AI for Natural Product-Inspired Molecular Design 

 

Alt-text description 

A conceptual failure-mode map showing generative AI 

outputs passing through chemical validity, 

stereochemistry, synthetic feasibility, bioactivity 

prediction, ADMET and toxicity screening, benchmark 

bias, uncertainty reporting, and experimental validation 

checks. 

Critical synthesis 

The critical value of generative AI in natural product 

chemistry lies in hypothesis generation, design-space 

expansion, and candidate prioritisation rather than proof. 

Machine intelligence can help generate natural product-

inspired molecular ideas, but even bioactivity-oriented 

outputs should be interpreted as proposed chemical 

hypotheses until synthesis, analytical confirmation, 

biological testing, and safety assessment are completed 

[30]. This distinction is essential because generated 

molecules may look plausible while remaining 

experimentally unmade, biologically untested, or safety-

uncertain. 

Interpretability is a central requirement for credible 

generative molecular design because researchers need to 

understand why structures were proposed, which features 

drove prediction, and where model confidence is limited 

[31]. In natural product-inspired chemistry, explainability 

is especially important because small structural, 

stereochemical, or conformational differences can change 

biological interpretation. Without interpretable reasoning, 

generated analogues may be difficult to distinguish from 

artefacts of model optimisation. 

Molecular representation is another critical determinant of 

reliability. Geometric and graph-based molecular learning 

approaches can better represent structural relationships 

than purely descriptor-based approaches, but 

representation choices still influence what models learn, 

what they omit, and how generated molecules are 

evaluated [32]. For natural product-inspired structures, 

representation must handle stereochemistry, ring systems, 

conformational features, and functional-group context with 

enough fidelity to support meaningful chemical review. 

Bioactivity prediction remains one of the most attractive 

uses of AI-guided design, but it is also one of the most 

vulnerable to overinterpretation. Activity cliffs show that 

small structural changes can produce large biological 

differences, exposing the fragility of predictions when 

generated analogues sit near steep structure–activity 

boundaries [33]. This means that similarity to an active 

natural product, predicted target activity, or favourable 

computational ranking should be treated as a prioritisation 

signal rather than evidence of pharmacological activity. 

Overall, the reviewed evidence supports a disciplined 

interpretation: generative AI can add value by producing 

chemically diverse ideas, proposing scaffold transitions, 

and integrating multiple design objectives, but the 

evidence remains insufficient when outputs are evaluated 

only by validity, novelty, diversity, predicted activity, or 

ADMET scores. A credible workflow must combine 

domain-specific generation with stereochemical checks, 

route-aware synthesis review, target-context justification, 

calibrated uncertainty, off-target and toxicity assessment, 

and experimental validation. 

Table 3 presents the critical synthesis of value, limitations, 

failure modes, and validation priorities for generative AI in 

natural product chemistry. 
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Table 3. Critical Synthesis of Generative AI in Natural Product Chemistry: Design Value, Chemical Realism, Synthetic 

Feasibility, Bioactivity Prediction, ADMET and Toxicity Risk, Failure Modes, Validation Priorities, and Future 

Research Needs 

Critical 

synthesis 

theme 

Potential 

contribution 

Main 

evidence gap 
Failure mode 

Validation 

priority 

Safety 

relevance 

Translation

al 

boundary 

Research 

agenda 

implicatio

n 

Design-

space 

expansion 

Generates 

natural 

product-

inspired ideas 

beyond 

known 

compounds 

Limited proof 

that expanded 

space is 

biologically 

useful 

Irrelevant or 

infeasible 

chemical 

regions 

Domain-

aware 

chemical 

review 

Prevents 

prioritisation of 

unsuitable 

structures 

Exploration 

is not 

discovery 

Build NP-

specific 

design 

benchmark

s 

Scaffold 

generation 

Supports 

scaffold 

hopping and 

new 

chemotype 

ideation 

Weak link 

between 

generated 

scaffold and 

biological 

function 

Novelty 

without value 

Scaffold 

plausibility 

and SAR 

review 

Avoids 

misleading 

scaffold claims 

Novel 

scaffold is 

not 

therapeutic 

relevance 

Combine 

scaffold 

design with 

mechanism 

Analogue 

generation 

Proposes 

structural 

variants 

around 

known 

chemotypes 

Activity often 

not 

experimentall

y confirmed 

Activity cliffs 

and 

stereochemica

l mismatch 

Experimenta

l analogue 

testing 

Reduces false 

activity 

inference 

Analogue 

status is not 

bioactivity 

proof 

Use assay-

linked 

analogue 

validation 

Natural 

product 

likeness 

Prioritises 

NP-adjacent 

chemical 

regions 

Likeness does 

not show 

target 

relevance 

NP-like but 

inactive 

molecules 

Bioactivity 

and target 

validation 

Avoids 

biological 

overinterpretati

on 

NP-like is 

descriptive 

only 

Define 

context-

aware NP-

likeness 

metrics 

Chemical 

realism 

Filters 

invalid or 

implausible 

structures 

Validity 

checks may 

be too 

shallow 

Invalid 

structures or 

reactive 

motifs 

Structural 

curation and 

stability 

review 

Removes 

unsafe or 

impossible 

candidates 

Validity is 

not 

feasibility 

Add stereo-

aware and 

reactivity-

aware 

filters 

Synthetic 

feasibility 

Links design 

to possible 

laboratory 

preparation 

Accessibility 

scores may 

overestimate 

feasibility 

Unsynthesiza

ble outputs 

Retrosynthet

ic and 

chemist 

review 

Prevents 

wasted 

experimental 

effort 

Score does 

not prove 

synthesis 

Integrate 

route-

aware 

generation 

Reaction 

feasibility 

Evaluates 

whether 

proposed 

transformatio

ns are 

credible 

Reaction 

models may 

lack domain 

coverage 

Implausible 

route planning 

Reaction 

precedent 

and 

uncertainty 

review 

Reduces failed 

synthesis 

translation 

Planned 

route is 

hypothetical 

Expand 

reaction 

data for 

NP-like 

chemistry 

Bioactivity 

prediction 

Prioritises 

compounds 

for testing 

Model 

domain may 

not match 

NP-like 

structures 

False-positive 

activity 

Biochemical 

and cellular 

assays 

Prevents 

unsupported 

pharmacology 

claims 

Prediction is 

not activity 

Use 

applicabilit

y-domain 

reporting 

Target 

relevance 

Connects 

generated 

molecules to 

biological 

context 

Target 

predictions 

may be 

context-

mismatched 

Target-

context 

mismatch 

Target 

engagement 

evidence 

Reduces 

irrelevant 

safety or 

efficacy claims 

Target 

hypothesis 

is not 

mechanism 

Couple 

models to 

pathway 

biology 
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ADMET 

prediction 

Screens early 

liabilities 

Computationa

l outputs 

remain 

uncertain 

False safety 

reassurance 

Experimenta

l ADMET 

testing 

Improves early 

risk triage 

ADMET 

prediction is 

not safety 

validation 

Calibrate 

ADMET 

uncertainty 

Toxicity 

prediction 

Flags 

possible 

harmful 

structures 

Underpredicti

on remains 

possible 

Toxicity 

underpredictio

n 

Orthogonal 

toxicity 

assays 

Central to 

safety 

validation 

Negative 

prediction is 

not absence 

of toxicity 

Conservati

ve toxicity-

aware 

optimisatio

n 

Benchmark 

transparenc

y 

Improves 

model 

comparison 

Benchmarks 

may not 

reflect NP 

chemistry 

Benchmark 

bias and data 

leakage 

External and 

domain-

specific 

testing 

Prevents 

inflated 

confidence 

Benchmark 

success is 

not 

translation 

Standardise 

leakage 

and domain 

audits 

Uncertainty 

reporting 

Supports 

risk-aware 

prioritisation 

Often weak or 

missing 

Overconfident 

predictions 

Calibration 

and 

confidence 

reporting 

Helps avoid 

unsafe 

prioritisation 

Confidence 

is not 

validation 

Require 

uncertainty 

in reporting 

standards 

Experiment

al 

validation 

Converts 

hypotheses 

into evidence 

Often absent 

in generative 

studies 

Overclaiming 

readiness 

Synthesis, 

identity 

confirmation

, bioassays, 

safety 

testing 

Final safety 

and biological 

gate 

No 

experiment 

means no 

proof 

Build 

validation-

linked 

design 

pipelines 

Figure 2 presents a critical synthesis framework for 

evaluating generative AI outputs in natural product 

chemistry across design value, synthetic feasibility, 

bioactivity prediction, safety validation, and translational 

boundaries. 

 

 
Figure 2. Critical Evaluation Framework for Generative AI in Natural Product Chemistry 

 

Alt-text description 

A conceptual evaluation framework showing generated 

natural product-inspired molecules assessed through 

chemical realism, novelty, diversity, natural product 

likeness, synthetic feasibility, bioactivity prediction, safety 

validation, uncertainty, experimental confirmation, and 

translational boundaries. 

Future research agenda 

Future work should prioritise higher-quality natural 

product datasets that preserve stereochemistry, structural 

provenance, assay context, and chemical annotation 

quality. Chemical language models for natural product 

discovery point toward domain-aware generation, but their 

future value will depend on whether they can represent 

natural product-specific complexity while reporting 

uncertainty and avoiding unsupported claims of biological 

relevance [34]. Dataset curation should therefore include 

stereochemical completeness, duplicate control, scaffold 

annotation, assay reliability, and clear separation between 

training, validation, and external testing sets. 

Generative design should also become more tightly linked 

to synthetic feasibility, retrosynthetic planning, biological 

objectives, and safety-aware optimisation. Deep generative 

molecular design is reshaping ideation workflows, but the 

next step is not simply larger models or more generated 
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molecules; it is integration with route-aware generation, 

applicability-domain reporting, target-context evidence, 

ADMET uncertainty, toxicity triage, and experimental 

validation pipelines [35]. Natural product chemists, 

synthetic chemists, pharmacologists, and toxicologists 

should be involved early so that design objectives reflect 

feasible chemistry and meaningful biology. 

A further priority is transparent evaluation of structural 

novelty and value. AI-designed molecules require careful 

novelty assessment because apparent novelty can arise 

from superficial structural difference, representation 

artefacts, or insufficient comparison against known 

chemical space [36]. Future reporting should distinguish 

chemical novelty from functional novelty, natural product 

likeness from biological relevance, predicted activity from 

measured activity, and safety prediction from safety 

validation. This distinction will help generative AI mature 

from a structure-producing technology into a more reliable 

component of evidence-based natural product-inspired 

design. 

CONCLUSION 

Generative AI can expand natural product-inspired 

molecular design and chemical space exploration by 

proposing scaffolds, analogues, and prioritisation 

hypotheses that may support early discovery thinking. Its 

value, however, depends on chemical realism, 

stereochemical correctness, synthetic feasibility, 

bioactivity validation, target relevance, ADMET and 

toxicity assessment, uncertainty reporting, and 

experimental confirmation. Generated molecules should 

not be treated as synthesizable, biologically active, safe, 

clinically useful, or translationally ready merely because 

they are valid, novel, natural product-like, or 

computationally optimised. A rigorous future for 

generative AI in natural product chemistry will require 

close integration between model development, 

cheminformatics, synthetic chemistry, pharmacology, 

toxicology, and transparent evidence-bound reporting. 
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