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ABSTRACT

Generative artificial intelligence provides a computational basis for exploring molecular structures beyond
conventionally enumerated chemical libraries, but unconstrained generation can produce structures that are
chemically unrealistic, biologically unsupported, unsafe, difficult to synthesize, or unsuitable for further
development. This article proposes a conceptual generative Al architecture for designing natural product-like
molecules under explicit chemical, biological, safety, synthesis, and developability constraints. The approach
distinguishes natural product-like molecules from isolated natural products and treats natural product-likeness
as a multidimensional design characteristic rather than evidence of origin, bioactivity, or therapeutic value. The
architecture integrates provenance-aware data curation, stereochemistry-sensitive molecular representations,
scaffold- and analogue-oriented generation, chemical-validity controls, natural product-likeness and diversity
constraints, target-context and bioactivity prediction, selectivity considerations, ADMET and toxicity filters,
synthetic-accessibility assessment, retrosynthetic plausibility, reaction-feasibility review, uncertainty
estimation, and expert curation. Multi-objective scoring and Pareto-style prioritization are proposed to expose
trade-offs rather than conceal them within a single composite measure. Developability filters address
physicochemical properties, solubility, permeability, stability, metabolic liabilities, and formulation-relevant
concerns while preserving explicit decision boundaries. The principal contribution is a structured design-filter-
review-validate architecture that positions generated structures as testable molecular hypotheses. Synthesis,
analytical characterization, biological evaluation, experimental ADMET assessment, toxicity testing, and
subsequent development studies remain necessary before stronger pharmacological, safety, or translational
claims can be made.
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INTRODUCTION chemical spaces that are too large or structurally diverse
for exhaustive enumeration. Nevertheless, inverse
Generative  artificial ~ intelligence  has  expanded  olecular design depends on the quality of its molecular

computational molecular design from the ranking of
predefined structures toward inverse design, in which

representations,  property  predictors,  optimization

candidate structures are proposed in relation to desired
properties. This shift can support the exploration of
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objectives, and validation procedures; generated structures
are therefore outputs of a computational hypothesis-
formulation process rather than automatically useful
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compounds [1]. For natural product-like molecular design,
this distinction is especially important because structural
complexity, stereochemistry, scaffold novelty, and
biological relevance can create apparent chemical
attractiveness without establishing synthetic feasibility,
pharmacological activity, or safety.

The behaviour of a molecular generator is strongly
influenced by how chemical structures are encoded and by
whether generation occurs through molecular strings,
graphs, fragments, scaffolds, reactions, or continuous
latent representations. These choices affect chemical
validity, reconstruction fidelity, diversity, novelty,
controllability, and the ability to optimize molecular
properties [2]. A natural product-like design system must
therefore do more than reproduce frequently occurring
fragments from a training corpus. It must preserve

chemically  interpretable  connectivity,  represent
stereochemical information, avoid uncontrolled
duplication of training examples, and distinguish

meaningful scaffold variation from superficial peripheral
modification.

Deep generative molecular design also faces recurrent
problems involving invalid structures, unstable
optimization, sampling, biased predictive
objectives, and inadequate evaluation. Models can exploit
weaknesses in property predictors, generate structures
outside the predictors’ applicability domains, or obtain
favourable computational scores through chemically
undesirable features [3]. These risks become more
consequential when optimization combines natural
product-likeness, novelty, target-oriented bioactivity,
ADMET predictions, toxicity alerts, synthesis-related
criteria, and developability objectives. An architecture
intended for this setting must consequently convert these
limitations into explicit constraints,
uncertainty flags, and decision boundaries.
This article proposes a conceptual generative Al
architecture for constraint-guided design of natural
product-like molecules. The architecture coordinates
molecular and scaffold generation with chemical-validity
controls, natural product-likeness criteria, multi-objective
optimization, bioactivity and target-context prediction,
safety filtering, synthetic-accessibility —assessment,
developability review, uncertainty estimation, expert
curation, and experimental-validation planning. The
approach is modular because atom-level, string-based,
graph-based, fragment-oriented, scaffold-based, and
reaction-aware design strategies address different aspects
of molecular construction and practical feasibility [4]. It is
not presented as a trained or benchmarked model; rather, it
defines an evidence-grounded structure for generating and
prioritizing molecular hypotheses while preventing

narrow

quality gates,
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computational scores from being misinterpreted as
experimental or translational proof.

Natural product-like molecular design

Natural product-like molecular design refers here to the
computational creation or modification of structures that
reproduce selected characteristics associated with natural-
product chemical space without claiming that the resulting
molecules have been isolated from nature. A generated
natural product-like molecule is therefore distinct from an
isolated natural product, whose natural occurrence has
been experimentally established; a natural product
analogue, which is derived through modification of a
known natural product; and a generic drug-like molecule,
which may satisfy conventional physicochemical criteria
without preserving natural-product-related scaffold,
stereochemical, or architectural features. Prospective work
on  natural-product-inspired  receptor = modulators
demonstrates that domain-focused generative design can
guide candidate ideation, but synthesis and biological
testing remain necessary before computationally proposed
structures can be interpreted as active compounds [5].
Natural product-likeness should be treated as a
multidimensional relationship to a reference chemical
space rather than as a binary label. Relevant dimensions
may include scaffold architecture,
composition, sterecochemical density, sp*
heteroatom patterns, molecular shape, functional-group
distribution, physicochemical properties, and proximity to
known natural-product or  natural-product-related
neighbourhoods. Mapping natural-product chemical space
illustrates that chemically diverse structures can occupy
different regions while retaining varying degrees of
natural-product-related character [6]. Consequently, no
single similarity score should be permitted to define natural
product-likeness, and resemblance to known natural
products must not be interpreted as evidence of
biosynthetic origin, target engagement, safety, or
therapeutic value.

Large virtual libraries generated from natural-product-
focused molecular languages can broaden the range of
structures available for computational exploration. Such
libraries may contain valid and novel structures whose
calculated distributions resemble selected characteristics
of natural-product chemical space, but their scale does not
establish that individual members are synthesizable, stable,
biologically active, or safe [7]. Within the proposed
architecture, generated natural product-like structures are
therefore assigned provenance records, nearest-neighbour

ring-system
character,

information, scaffold relationships, representation-validity
checks, and uncertainty flags. They remain virtual
hypotheses until selected candidates undergo synthesis
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planning, production, analytical characterization, and
experimental testing.

Conditional generation provides a means of preserving
selected natural-product-inspired motifs or scaffolds while
exploring structural modifications around them. Scaffold
conditioning can support analogue generation, motif
conditioning can preserve chemically meaningful
substructures, and property conditioning can direct
exploration toward project-specific regions of chemical
space. A conditional transformer developed for natural-
product-inspired generation illustrates how scaffold, motif,
and property information can be incorporated into
molecular generation [8]. However, the proposed
architecture separates structural conditioning from claims
of chemical or pharmacological quality: retaining an
inspired scaffold does not plausible
stereochemistry, useful novelty, target relevance, synthetic
feasibility, or developability. Natural product-like design
must consequently combine domain resemblance with
chemical realism, portfolio diversity, biological context,
synthesis awareness, and explicit validation requirements.

guarantee

Constraint-guided generative optimization
Constraint-guided generative optimization combines
molecular generation with rules, predictors, structural
conditions, and decision gates that restrict or rank
candidate structures. Continuous molecular
representations can support traversal of a learned latent
space and optimization toward calculated properties, but
decoded molecules may be invalid or fall outside the
reliable domain of the associated predictors [9].
Reinforcement learning offers another mechanism by
which a molecular generator can be biased toward desired
objectives through a reward function [10]. In the proposed
architecture, neither latent optimization nor reward
is treated as sufficient alone. Every
generated candidate must pass independent checks for
representation validity, chemical plausibility,
stereochemical consistency, natural product-likeness,
novelty, scaffold diversity, and applicability of the models
used to score it.

Generator—predictor coupling can support target-oriented
ideation by using predicted biological properties to guide
candidate generation, but the generator may exploit
predictor artefacts or overfit to narrow regions of chemical
Deep reinforcement-learning have

maximization

space. systems

demonstrated  computational = optimization  toward
predicted target-related properties, yet such predictions do
not  establish  pharmacological  activity [11].
Multiparameter optimization further several
molecular objectives to be considered together, although
the resulting priorities depend on the mathematical form,
weighting, and calibration of the desirability functions
[12]. The proposed workflow therefore retains the raw
value, uncertainty estimate, applicability-domain status,

and rationale for every component objective rather than

allows

reporting only an aggregate score.

Multi-objective optimization is necessary because natural
product-like molecular design involves competing
requirements. Increasing structural novelty may reduce the
amount of supporting bioactivity or synthesis precedent,
whereas strict similarity constraints may reproduce known
scaffolds without meaningful exploration. Improvements
in predicted target activity may be accompanied by
unfavourable solubility, metabolic, selectivity, or
synthesis-related characteristics. Distribution-learning and
goal-directed benchmarks assess different generative
capabilities and should not be treated as interchangeable
indicators of model quality [13]. Where objectives conflict,
Pareto-style prioritization can identify non-dominated
candidates that represent alternative trade-offs. This
approach should be accompanied by sensitivity analysis,
uncertainty-aware ranking, and expert review because an
unstable Pareto frontier constructed from unreliable
predictors offers little practical guidance.

Computational evaluation should distinguish technical
generation quality from chemical, biological, and
translational relevance. Validity, uniqueness, novelty, and
distributional similarity are important for identifying
malformed structures, duplication, mode collapse, and
divergence from a defined reference space, but benchmark
success does not establish Dbioactivity, safety,
synthesizability, or developability [14]. In the proposed
architecture, hard constraints exclude technically invalid or
explicitly prohibited structures, soft constraints guide
search toward desirable regions, caution flags trigger
review, and validation gates determine whether a candidate
can advance to synthesis planning or experimental testing.
Table 1 summarises constraint-guided optimization
components for generative design of natural product-like
molecules.

Table 1. Constraint-Guided Generative Optimization for Natural Product-Like Molecular Design: Natural Product-
Likeness, Chemical Validity, Scaffold Diversity, Bioactivity Prediction, Target Relevance, Safety Constraints,
Synthetic Accessibility, Uncertainty, and Validation Requirements

Core
Optimization design Required Constraint
i
component input type
P question P P

Validation Architecture

requirement role

Potential
output

Failure risk
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Bioactivity, safety, and synthetic accessibility

Bioactivity prediction can help prioritize generated
structures for testing, but its interpretation must remain
conditional on target relevance, endpoint definition, model
applicability, uncertainty, and assay context. A high
predicted value is not equivalent to experimentally
confirmed binding, functional modulation, cellular
activity, or therapeutic effect. Prospective integration of
generative design with compound production and
biological  testing  demonstrates how  selected
computational proposals can progress beyond virtual
prioritization, while also showing that only synthesized
and experimentally evaluated candidates acquire direct
evidence within the measured context [15]. In the proposed
architecture, the bioactivity layer therefore records the
intended target or phenotype, the biological rationale, the
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predictor’s training domain, the candidate’s applicability
status, the uncertainty estimate, and the experimental assay
needed to evaluate the hypothesis. Selectivity and off-
target liabilities are treated as separate considerations
because optimization toward one endpoint can create
undesirable activity elsewhere.

Synthetic accessibility must likewise be separated from
synthetic feasibility. Heuristic accessibility measures can
identify structural complexity or unusual features, but
analyses of generative-model outputs show that apparently
favourable scores may not correspond to plausible routes
identified by synthesis-planning systems [16]. The
architecture consequently applies synthetic assessment in
stages: an initial structural-complexity filter, retrosynthetic
planning, precursor and reaction-precedent review, step-

level forward prediction, and medicinal-chemistry
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evaluation. Generation from retrosynthetically prepared
building blocks offers a more synthesis-aware construction
strategy by limiting assembly to chemically grounded
components, although the existence of building blocks
does not establish that every proposed connection can be
executed under practical laboratory conditions [17]. A
candidate is therefore described as synthesis-prioritized or
route-supported, not as synthesizable, until a route has
been reviewed and experimentally attempted.

Reaction and safety evaluation require comparable
caution. Forward reaction prediction can support step-level
assessment and provide confidence estimates for proposed
transformations, but confidence remains dependent on the
reaction domain represented in the training data [18].
Retrosynthetic search can rank multistep pathway

hypotheses, yet route recovery does not prove reagent
compatibility, chemoselectivity, stereochemical control,
purification feasibility, or laboratory yield [19]. ADMET
and toxicity models can identify potential absorption,
distribution, metabolism, excretion, and toxicity liabilities,
but their outputs remain endpoint-specific predictions
rather than safety validation [20]. The proposed safety
layer also includes structural alerts, predicted metabolic
liabilities, selectivity concerns, and off-target review, with
uncertainty-based caution flags preventing unsupported
advancement. Figure 1 illustrates how bioactivity, safety,
and synthetic-accessibility constraints can be integrated
into a generative optimization workflow for natural
product-like molecules.

Constraint-Guided Optimization Workflow for Natural Product-Like Molecular Design

0 Synthesis and
Developability Gates

Evidence-Grounded Generative Molecular Mandatory Chemical and

Bioactivity and Safety o Decision and
Validation Outputs
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Figure 1. Constraint-Guided Optimization Workflow for Natural Product-Like Molecular Design

Alt-text description

A conceptual workflow showing natural product-like
molecule generation passing through constraint layers for
chemical validity, natural product-likeness, bioactivity,
safety, synthetic accessibility, retrosynthesis, uncertainty,
expert review, and validation gates.

An integrated decision rule must prevent one favourable
computational dimension from compensating for a critical
failure in another. Strong predicted bioactivity cannot
override chemical invalidity, unresolved toxicophores,
severe uncertainty, or the absence of a defensible synthesis
hypothesis. Conversely, a plausible route does not justify
claims of activity, safety, or developability. Candidates
that pass the computational gates may be prioritized for
expert review, synthesis planning, or experimental testing,
whereas structures with remediable deficiencies may
return to the generator for redesign. Advancement beyond
hypothesis generation requires successful synthesis,
identity and purity confirmation, biological testing,
experimental ADME assessment, and relevant toxicity
evaluation. Until those steps are completed, bioactivity,
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safety, and synthesis-related outputs remain prioritization
evidence rather than established molecular properties.

Developability filtering

Developability filtering evaluates whether a generated
structure warrants allocation of resources for synthesis and
experimental investigation. It extends beyond generic
drug-likeness by considering the intended route of
administration, biological context, chemical class, scaffold
complexity, and stage of discovery. Absorption,
distribution, metabolism, and
physicochemical properties represent distinct modelling
tasks with different datasets, applicability domains, and
experimental correlates [21]. The proposed architecture
therefore avoids treating developability as a single
predicted attribute. Instead, it produces an endpoint-level
dossier covering molecular size, lipophilicity, polarity,
charge state, hydrogen-bonding capacity, conformational
flexibility, solubility, permeability, chemical stability,
metabolic liability, and formulation-relevant concerns
where supporting information is available.

excretion,  toxicity,
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Predictive developability gates must be evaluated using
endpoint-appropriate  data partitions, metrics, and
applicability criteria. Molecular-learning benchmarks
demonstrate that performance varies substantially across
biochemical, toxicological, pharmacokinetic, and
physicochemical tasks and that conclusions depend on the
representation, dataset, and split strategy used [22]. Within
the proposed workflow, every predictive module is
therefore linked to its training provenance, endpoint
definition, validation design, domain limitations, and
intended decision role. A permeability model cannot
substitute for a solubility model, a toxicity classifier cannot
establish general safety, and calculated physicochemical
properties cannot determine formulation behaviour
without experimental evidence. Candidates with missing
or unreliable endpoint coverage are not assumed to satisfy
the corresponding criterion; the missing evidence is
recorded as an unresolved development risk.

Uncertainty — estimation is integrated into each
developability gate because point predictions can obscure
model disagreement, domain extrapolation, and limited
evidential support. Comparative evaluations of uncertainty
methods for molecular property prediction show that
confidence estimation must itself be assessed for
calibration and reliability [23]. The architecture
consequently distinguishes predicted endpoint value,
model confidence, applicability-domain status, and

evidence completeness. High uncertainty can trigger

abstention, expert review, acquisition of additional data, or
redesign rejection. This is
particularly important for natural product-like structures
containing uncommon scaffolds, dense stereochemistry,
unusual ring systems, or physicochemical profiles that are
poorly represented in conventional
datasets.

rather than automatic

drug-discovery

Data leakage and benchmark bias can create misleading
confidence in predictive filters. Ligand-based evaluations
may reward recognition of closely related structures rather
than genuine generalization to new scaffolds [24]. The
proposed architecture therefore requires exact-structure,
analogue, scaffold, and similarity-aware separation
between training, validation, and evaluation records,
together with explicit checks for duplicated measurements
and inconsistent annotations. Even after these controls,
retrospective model performance does not establish
prospective utility, experimental developability, or
translational readiness [25]. Developability filtering is
consequently positioned as a prioritization mechanism: it
can identify apparent liabilities, compare candidate trade-
offs, and define experiments, but it cannot establish that a
molecule will possess acceptable exposure, stability,
safety, formulation behaviour, or therapeutic utility.
Table 2 maps bioactivity, safety, synthetic accessibility,
and developability gates required before generated natural
product-like molecules can be prioritized for experimental
follow-up.

Table 2. Bioactivity, Safety, Synthetic Accessibility, and Developability Gates for Generated Natural Product-Like
Molecules: Target Relevance, Selectivity, ADMET Prediction, Toxicity Alerts, Retrosynthetic Plausibility,
Physicochemical Filters, Stability, Solubility, Permeability, and Validation Boundaries

Evaluation Core Evidence Architecture  Architecture Caution Validation Decision
gate question needed input output signal requirement boundary
Is there Endpoint- .
fficient . ifi High M
sufficien specific . . . a
. P .. Candidate Predicted predicted Relevant . y
computationa training . . . . . . prioritize
) representatio activity activity with ~ biochemical, .
. . 1 support to evidence, C . . testing; must
Bioactivity L. o n and distribution, weak biophysical,
. prioritize the  applicability . L not be
prediction . . validated confidence,  applicability cellular, or .
candidate for domain, . . . described as
. activity and domain or close phenotypic .
a defined suitable . .. experimenta
. . L predictor flag training assay .
biological validation, lly active
. analogues
test? uncertainty
Is the Supports a
. . . . Ul
intended Mechanistic, Biological .pp .
Target Context- Target . biological
target or pathway, . . expert review .
Target- . hypothesis evidence selected hypothesis,
phenotype disease- . and context-
context and intended profileand  only because not
connected to context, and . . . matched .
relevance . biological unresolved a predictor . therapeutic
a defensible assay . . . experimental .
. . . context assumptions is available confirmatio
biological evidence model R
mechanism?
Is the Comparative Candidate Predicted Missing Experimental Guides
Selectivity predicted target and selectivity homolog counter- testing; does
screening activity models, target/off- and liability coverage or screening at ~ not establish
distinguishab homolog target panel matrix uniformly relevant selectivity
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Which Claim-to- Synthesis,
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computationa assay . purification, .
. . . nt without .. experimenta
Experimenta  1hypotheses mapping, Candidate . . characterizati
. . Design— synthesis, 1y
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. . .. make—test identity . . dependent
confirmation testing before methods, prediction . bioactivity, .
plan confirmation claim before
need stronger controls, record ADME, and .
. , or relevant L. correspondi
claims are acceptance toxicity .
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permitted? criteria testing
Reproducible
Has the P .. Use of The
. preclinical, w .
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exposure, pis . .
No crossed the .. clinically Appropriate architecture
R safety, Complete Explicit N . .
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claim a . . S translation- and clinical clinical or
. manufacturin chain limitation )
boundary translational ready” based  development regulatory-
.. g, and later .
or clinical .. on readiness
. clinical . .
claim? . predictions claim
evidence

Proposed generative architecture

The proposed architecture begins with a provenance-
controlled data foundation and a representation layer
capable of preserving complementary aspects of molecular
structure. The data foundation includes curated natural
product-like structures, natural product-inspired scaffolds,
stereochemical annotations, assay and target records,
ADMET observations, toxicity alerts, synthetic precedent,
reaction information, and explicit source provenance.
Molecular representations may include graphs, strings,
fingerprints, scaffold encodings, fragment relationships,
and stereochemistry-aware features. Robust molecular
string representations can reduce syntax-level invalidity,
but representation validity does not establish chemical
realism, stability, bioactivity, safety, or synthesizability
[26]. The architecture therefore separates representation-
level acceptance from chemical-validity and downstream
evidence gates.

Training-data provenance and coverage are treated as
active architecture components rather than passive
documentation. Generative exploration depends on which
structures, scaffolds, stereochemical patterns, and property
distributions are represented in the training corpus. Studies
of generative exploration in defined chemical spaces show
that training-set composition influences both reproduced
regions and apparent extrapolation [27]. The architecture
consequently records exact structures, scaffold families,
analogue relationships, source collections, assay contexts,
missingness patterns, and uncertainty in annotations. It
also applies deduplication, standardization, stereochemical
quality control, scaffold-aware data partitioning, and bias
assessment before model development. Candidates that lie
far from the evidence-supported training domain receive
explicit extrapolation warnings rather than being
interpreted as superior merely because they are novel.
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The generative engine is proposed as a modular layer rather
than a single mandatory algorithm. It may include
molecular-string generation, graph generation, scaffold
generation, analogue generation, fragment assembly,
latent-space exploration, transformer-based generation,
reinforcement-learning optimization, or diffusion-based
generation when supported by suitable evidence and
representation choices. Property-driven design literature
indicates that biological objectives, molecular properties,
and liability-related criteria can be incorporated into
generative workflows, but these objectives remain
dependent on the predictive models used to calculate them
[28]. The architecture therefore routes all generated
candidates through an independent constraint layer
containing chemical validity, stereochemical plausibility,
natural product-likeness, novelty, scaffold diversity, target
relevance, selectivity considerations, and uncertainty
controls before multi-objective prioritization.

The representation and generation modules must also
preserve structural controllability. Chemical language
models can support conditional generation and efficient
exploration, but they require careful treatment of training
data, stereochemistry, molecular syntax, optimization
objectives, and experimental boundaries [29]. Fragment-
aware representations can further support scaffold
decoration, fragment linking, and constrained analogue
design [30]. In the proposed architecture, these strategies
are complementary: a scaffold-preserving generator may
be used when an evidence-supported core should be
retained, whereas a broader generator may be used when
scaffold exploration is the objective. Neither mode
bypasses chemical sanitization, novelty
synthesis-related assessment, or expert review.
The final architecture stages integrate multi-objective
scoring, safety and synthesis filters, developability gates,

analysis,
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expert curation, validation planning, and feedback.
Activity, target relevance, selectivity, ADMET, toxicity,
off-target liability, natural product-likeness, novelty,
synthesis-related criteria, and developability indicators
remain visible as separate evidence channels. Multi-
objective or Pareto-style prioritization can expose
candidate trade-offs rather than asserting that one
composite value defines molecular quality, while expert
judgment remains necessary to interpret chemical and
project-specific significance [31]. Candidates may be
deprioritized, redesigned, advanced for route planning, or

nominated for experimental testing, but automated de novo
design does not remove the need for medicinal chemistry,
synthesis, analytical characterization, biological assays,
ADME experiments, or safety evaluation [32]. Validation
results, including negative findings, are proposed to feed
back into data curation, predictive models, constraints, and
subsequent generation cycles.

Table 3 presents the proposed generative Al architecture
for constraint-guided design of natural product-like
molecules.

Table 3. Proposed Generative Al Architecture for Natural Product-Like Molecule Design: Data Foundation, Molecular
Representation, Generative Engine, Constraint Layer, Multi-Objective Scoring, Safety and Synthetic-Accessibility
Filters, Developability Gates, Expert Review, Feedback, and Validation Boundaries
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Establish an . inconsistent Corrected
. scaffolds, ion, Provenanc Poorly
evidence- o structures, records
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engine new representati graph, candidate collapse, novelty, candidates  structures
g structures ons, transformer,  structures  memorizati diversity, and are

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

wWww.eijppr.com

30



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | April 2026 | Volume 16 | Issue 2 | Page 19-35
Sara Ben Youssef, Generative Design of Natural Product-Like Molecules: Constraint-Guided Optimization for Bioactivity, Safety, Synthetic
Accessibility, and Developability

or scaffold latent, on, invalid  and domain  validation hypotheses
controlled priors, reinforceme structures, checks results only
analogues design nt-learning, unsupporte refine
objectives diffusion, d generator
scaffold, or extrapolatio settings
fragment- n
based
generation
where
supported
Sanitization, = Chemicall .
Failure
Remove valence, y
. Syntax- Independent  patterns .
. malformed  Generated charge, interpretab . . . Invalid
Chemical- . valid but cheminform modify
o or molecular bond, ring, le . . structures
validity . . . chemically atics and representa
chemically strings or and candidates . . cannot
layer . unreasonab chemistry tion or
incoherent graphs structural- or . . advance
L le outputs review constraint
structures rule rejection
. s
evaluation flags
. Missing, Experime
. Specified .g Three- P Unresolve
Preserve Chiral- . contradicto . . ntal ..
Encoded candidate dimensional d critical
and assess centre, ry, or . stereoche
Stereoche . stereochem . or . . review and . stereoche
. stereochemi . geometric- implausible mical .
mistry istry and | unresolved eventual . mistry
cal isomer, and stereochem . findings
layer . . scaffold . - . analytical blocks
specificatio consistency ical . update
context . stereoche . confirmatio strong
n analysis . assignment rules and .
mistry flag n claims
s data
Maintain s Copyin
. Similarity, pyIng Accepted  Structural
Natural relevant Domain . . known
. neighbourho Domain and resemblan
product- domain model, . structures . . .
. . od, motif, profile and Multimetric rejected ce alone
likeness character motifs, or
. scaffold, scaffold . and expert  examples cannot
and while scaffolds, . . rewarding L
. and classificati . assessment refine justify
scaffold supporting reference . superficial .
complexity on constraint ~ advanceme
layer controlled  compounds resemblanc
. assessment ranges nt
exploration e
Exact-
- . Novelty
Training match, Rediscover Independent Recurrent
Prevent e . . cannot
Novelty L records, similarity, Novelty y presented  comparison  duplicatio .
memorizati . . override
and known scaffold, and as novelty with n modifies .
. . on and L .. .. . chemical
diversity ortfolio structures,  substructure diversity or trivial training and  sampling or
layer P generated , and dossier analogue reference and . .
collapse . . - . . evidential
batches clustering inflation collections penalties
weakness
analyses
Endpoint Predictor
models, Activit Predicted  exploitation
. .. Y .. P External Assay
. .. Prioritize target prediction, activity , ..
Bioactivity . . L S . model results Prediction
candidates rationale,  applicability  distributio  confoundin . .
and target- validation  recalibrate does not
for relevant assay assessment, n and g, . .
context . . . . . and predictors establish
biological context, contextual biological- irrelevant . .
layer . . . experimenta and activity
tests candidate evidence testing target L.
. . . L | assays objectives
representati mapping rationale optimizatio
on n
Identif; . Target- .. . Confirme No
. . .y Comparati 8 Selectivity Experiment
Selectivity competing panel Sparse d absence-
ve target . and off- al counter- S s
and off- pharmacolo scoring and coverage . liabilities  of-liability
and i target screening .
target gy and L negative- . and false update claim from
o liability . testing and . -
layer liability design reassurance . penalties  prediction
. models plan profiling
risks assessment and alone

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

wWww.eijppr.com

31



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | April 2026 | Volume 16 | Issue 2 | Page 19-35

Sara Ben Youssef, Generative Design of Natural Product-Like Molecules: Constraint-Guided Optimization for Bioactivity, Safety, Synthetic

Accessibility, and Developability

training
data
Identify . Endpoint Opaque Experime
end] o'n}; Validated red'r():tion ADMET  a rpi’-:qat'on Experiment IIjltal
int- i , i X] -
ADMET PO ADMET P geree P Prediction
specific structural-  profile and , out-of- al ADME results
and . models, .. . cannot
. . pharmacoki alert toxicity- domain and update .
toxicity . alert rules, . . .. . establish
netic and o analysis, warning prediction, toxicology models
layer .. applicabilit . . . . safety
toxicity uncertainty dossier missed studies and
y data . .
concerns estimation liabilities thresholds
Candidate . . .
Heuristic o Heuristic Chemist .
Conduct structure, . Accessibili Passing
. . accessibility . score . feedback .
Synthetic- low-cost complexity ty estimate . Medicinal- . permits
ot ere .. and mistaken . adjusts
accessibilit  preliminary and and chemistry . route
. structural- for . constraint .
y layer synthesis precedent . concern . review analysis
. . . complexity . synthesis s and
triage informatio . list . only
N analysis proof penalties
Route
Unsupporte
success .
. Retrosynthe d Computati
Candidate, . Route . . and
. tic search, disconnecti Expert . onal route
Retrosynth Evaluate reaction hypotheses failure o
. route ons, route plausibility
esis and route and knowledge, . s . . update .
X ranking, unavailable  review and . is not
reaction step precursor bottleneck . reaction .
e . . forward precursors,  experimenta synthesis
layer plausibility  informatio . s, and step . models .
reaction poor 1 synthesis confirmati
n . confidence and
prediction chemoselec . on
.. constraint
tivity
s
Compare Endpoint-
hysicoche level Composite Experime
PRy . Integrated . P Stage- P
mical, Fone filtering, score Abbropriate ntal Develonab
, . o %
. exposure, property caution Developab hiding a PP ‘p developab ., P
Developabi . ADMET, DR experimenta . ility
. stability, flags, ility risk severe ility data .
lity layer safety, and . o 1 remains
and . uncertainty- profile liability or refine ..
. synthesis .. measureme .. provisional
formulation ) aware missing prediction
dossier . . nts
-related decision evidence modules
risks support
Desirabilit
Expose Component . 7 Reward Expert
analysis, Ranked . . .
. trade-offs scores, S . hacking, choices No single
Multi- . sensitivity ~ candidates Robustness
.. and rank uncertainty unstable and score
objective . assessment, and . and S .
R candidates , gate . weights, L. validation  establishes
prioritizati Pareto alternative . sensitivity .
after status, o compensati . results candidate
on . prioritizatio trade-off analysis .
mandatory project on of hard refine quality
L n where sets . L.
gates priorities . failure objectives
appropriate
Automation
Apply .
Sy bias, Expert Expert
multidiscipl Complete Advance, . .
. . Structured . undocumen S decisions review
inary candidate . redesign, Multidiscipl
Expert ; . review and ted . return to supports
. chemical dossier and . defer, or nary . L
curation .. rationale . preferences . constraint  prioritizati
and decision . reject review
. . . recording . s s and data on, not
biological history decision . .
. incomplete curation proof
judgment .
expertise
Test Not a Synthesis, Positive
. . . . Stronger
structure, L generative  Experimen . purification, and .
A . Prioritized . Selective . . claims
Experimen synthesis, . computation tal . characteriza  negative .
.. candidate . reporting or . . require
tal activity, and test ; evidence inadequate tion, findings correspond
. . u; . .
validation = ADME, and coordinates or failure q biological update all . P
plan . controls ing
safety evidence record and safety upstream .
L . experiment
hypotheses acquisition studies layers

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

wWww.eijppr.com

32



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | April 2026 | Volume 16 | Issue 2 | Page 19-35
Sara Ben Youssef, Generative Design of Natural Product-Like Molecules: Constraint-Guided Optimization for Bioactivity, Safety, Synthetic

Accessibility, and Developability

al
evidence
No
clinical,
Full Rule-based . Safety, Claim regulatory,
Prevent . . Permitted Y g T
.. computatio claim . efficacy, or rules or
Decision unsupported terminolog . Independent
. . nal and control and readiness S evolve deploymen
and claim translational . . y and . scientific . .
. . experiment evidence- claims . with t claim
boundary interpretatio . advanceme review .
al evidence status based on evidence from the
n . . nt status ..
chain tracking prediction standards  conceptual
architectur
e

Figure 2 presents the proposed generative Al architecture
for natural product-like molecule design, integrating data
foundations, molecular representation, constraint-guided

optimization, safety and synthetic-accessibility filters,
developability gates, and validation
feedback.

expert review,

Proposed Generative Al Architecture for Natural Product-Like Molecule Design
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Figure 2. Proposed Generative Al Architecture for Natural Product-Like Molecule Design

Alt-text description

A conceptual architecture diagram showing natural
product-like  molecular data  flowing  through
representation learning, generative design, constraint
layers, multi-objective scoring, bioactivity and safety
filters, synthetic accessibility assessment, developability
gates, expert review, validation feedback, and decision
boundaries.

CONCLUSION

This article proposes a constraint-guided generative Al
architecture for natural product-like molecular design that
integrates data foundations,
stereochemistry-sensitive ~ molecular ~ representation,
modular generation, natural product-likeness and
chemical-validity controls, bioactivity and target-context
prediction, selectivity and safety filtering, synthetic-
accessibility and retrosynthetic assessment, developability
gates, uncertainty estimation, multi-objective
prioritization, expert review, and validation feedback. The
architecture is intended to organize molecular ideation and

provenance-aware
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evidence-based prioritization rather than to establish
activity, safety, synthesizability, developability, or
translational readiness. Generated molecules remain
computational hypotheses until they have been
synthesized,  purified, characterized,
biologically tested, experimentally evaluated for ADME
and toxicity properties, and reviewed within an appropriate
development context. By maintaining explicit distinctions
between optimization objectives, predictive outputs,
quality gates, experimental evidence, and claim
boundaries, the proposed framework provides a cautious
and technically structured basis for natural product-like
generative design without replacing medicinal chemistry,
pharmacology, toxicology, or experimental validation.

analytically
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