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CYP3A4 is a major metabolic enzyme that can profoundly affect the oral exposure and clearance
of drug candidates, making the design of molecules that avoid excessive CYP3A4 metabolism while
retaining favorable drug-like properties a central challenge in early discovery. Traditional medicinal
chemistry typically addresses metabolic liability only after candidate structures have been
synthesized, a reactive approach that complicates the simultaneous optimization of CYP3A4
sparing, broader ADMET behavior, and synthetic feasibility. To address this, a conceptual
generative transformer framework is proposed for designing novel CYP3A4-sparing molecules,
capable of producing chemically valid candidates while respecting ADMET and synthetic
constraints. The approach involves fine-tuning a transformer-based molecular language model
trained on drug-like SMILES using reinforcement learning, with conditional generation guided by
property tokens representing CYP3A4-sparing intent, ADMET desirability, and synthetic
accessibility preferences. This framework could generate focused candidate libraries predicted to
minimize CYP3A4 liability while maintaining favorable pharmacokinetic and synthetic
characteristics, which would then be assessed for novelty, chemical diversity, and alignment with

the desired design profile. By proposing metabolically resilient molecular starting points, a
CYP3A4-sparing generative transformer could support hit-to-lead and lead-optimization decisions,
complementing medicinal chemistry expertise without replacing the need for experimental
validation.

This is an open-access article distributed under the terms of the Creative Commons Attribution-
Non Commercial-Share Alike 4.0 License, which allows others to remix, and build upon the work
non commercially.

To Cite This Article: Huy NT, Minh PQ, Bich LT. Generative Transformers for CYP3A4-Sparing Molecule Design Using
ADMET and Synthetic Feasibility Constraints. Pharmacophore. 2025;16(1):31-9. https://doi.org/10.51847/Bl6094uJst

Introduction

CYP3A4 is a central enzyme in drug metabolism, and compounds with strong CYP3A4 liability may face unfavorable
clearance, exposure variability, and interaction risk during development. In silico CYP modeling has therefore become an
important component of early metabolic-risk assessment, with recent work addressing reversible inhibition, time-dependent
inhibition, and machine-learning prediction of CYP3A4-related liabilities [1]. CYP-focused models such as CYPlebrity further
illustrate how computational classifiers can support early recognition of cytochrome P450 inhibition patterns before extensive
synthesis is undertaken [2]. For a CYP3A4-sparing design strategy, the economic and clinical motivation is to shift such
assessment from late-stage triage toward the earliest stages of molecular ideation.

Current medicinal chemistry responses to CYP3A4 metabolism often rely on structural alerts, scaffold modification, matched
molecular reasoning, and retrospective prediction after a molecule has already been proposed. Broader quantitative structure—
activity relationship approaches for CYP inhibition show how computational alerts can inform prioritization, but they still
depend on the quality and scope of the underlying training data [3]. ADMET platforms such as ADMETlab 2.0 offer integrated
prediction environments for multiple pharmacokinetic and toxicity endpoints, yet these tools are typically used to evaluate
existing structures rather than to generate new ones under explicit metabolic constraints [4]. This creates a gap between
property prediction and proactive molecular invention.

Generative deep learning has changed this design logic by allowing models to construct molecules de novo rather than merely
score fixed libraries. Variational autoencoders demonstrated that molecules could be embedded into continuous latent spaces
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for data-driven design [5], while conditional variational models showed that property goals could be incorporated directly into
molecular generation [6]. Reinforcement-learning generators then made it possible to steer molecular distributions toward
desired profiles by rewarding generated structures during sampling [7, 8]. Transformer-based chemical language models
extend this idea by learning sequence dependencies in molecular strings and adapting them to property-guided generation [9,
10].

The thesis of this EAI article is that a decoder-only generative transformer could be conditioned to design molecules that are
simultaneously CYP3A4-sparing, ADMET-aware, and synthetically feasible. The framework draws on molecular language
modeling for SMILES generation [9], multi-objective reward shaping from reinforcement-learning molecular design [8], and
modular synthetic feasibility assessment through reaction- and retrosynthesis-aware scoring [11-13]. Instead of treating
CYP3AA4 risk as a downstream filter, the proposed model embeds metabolic resilience into the generation objective itself. In
this view, the transformer becomes a design engine that samples from a constrained chemical space shaped by metabolism,
developability, and practical synthesis. To clarify the conceptual gap addressed in this article, Table 1 summarizes how current
CYP3A4-risk assessment strategies differ from the proposed EAI-guided generative design framework.

Table 1. Conceptual rationale for CYP3A4-sparing generative molecular design

Design challenge Current approach Limitation Proposed EAI direction

In silico prediction of CYP3A4
CYP3A4 liability inhibition, metabolism, and time-
dependent inhibition

Often applied after molecules are Embed CYP3A4-sparing behavior directly
already proposed or synthesized  into the molecular generation objective

Structural alerts, QSAR models, and  Dependent on training-data quality

Early metabolic- Use predictive CYP models as constraints

. CYP-focused classifiers such as and may function mainly as . .
risk assessment . . or reward components during generation
CYPlebrity retrospective filters
ADMET Integrated platforms such as ADMETIlab Typically score existing structures Generate molecules under simultaneous
e . . 2.0 evaluate pharmacokinetic and toxicity  rather than invent optimized CYP3A4, ADMET, and developability
optimization . . .
endpoints candidates constraints
VAES, conditional generative models,  Single-objective optimization ca: .
Molecular . » condition .g T ’ 1ne ! V . pumizatio . o Apply decoder-only transformers with
invention reinforcement learning, and transformer- produce unrealistic or synthetically multi-obiective reward shai
inventi . ulti-o ive reward shapin,
based SMILES models difficult molecules ! ping
Ret thesis tool tion- e . .
Synthetic ¢ r()-syn esIs 100 s,.reac 10n-af>v‘are Feasibility is often assessed after Include retrosynthesis- and reaction-aware
e scoring, and synthetic accessibility . . . .
feasibility . generation scoring during molecule sampling
metrics
> . . . Build a proactive generative framework for
Overall design Prediction and generation are often CYP3A4 risk remains a Y p v g v W
. CYP3A4-sparing, ADMET-aware,
gap treated as separate stages downstream triage problem . .
synthetically feasible molecules
Background

CYP3A4 Metabolism and Structural Avoidance Strategies

CYP3A4 is substrate-promiscuous, which makes its liabilities difficult to eliminate through a single universal rule.
Computational models for CYP3A4 time-dependent inhibition highlight how structural patterns, chemical reactivity, and
physicochemical context may all contribute to metabolic risk [1]. Practical avoidance strategies can include reducing exposed
metabolic soft spots, adding steric shielding near labile atoms, modifying heterocycles, and balancing lipophilicity so that CYP
recognition is less favorable. Because CYP3A4 liabilities are chemically diverse, a generative model should not merely
exclude fixed alerts but should learn a flexible scoring landscape from curated CYP prediction models [2, 3].

Generative Transformers for Molecular Design

Transformer architectures adapt naturally to molecular design when SMILES strings are treated as chemical language
sequences. MolGPT showed how a transformer-decoder model can generate molecules by learning next-token dependencies
in SMILES notation [9], while chemical language models have shown that learned molecular syntax can support navigation
through sparsely populated regions of chemical space [10]. Earlier recurrent and randomized-SMILES approaches established
that molecular string generation benefits from robust sequence augmentation and learned chemical grammar [14, 15]. A
CYP3A4-sparing transformer would build on these ideas by pre-training on broad chemical syntax and then conditioning
generation toward metabolic and ADMET objectives.

Multi-Parameter Optimization in Drug Design

Drug design is inherently multi-objective because improving one property can degrade another, especially when potency,
solubility, permeability, metabolic stability, and toxicity must be optimized together. Conditional molecular design methods
show that property preferences can be encoded into generative models so that molecules are sampled from regions aligned
with user-defined constraints [16]. Molecular property predictors such as directed message-passing models provide a way to
score generated molecules against learned ADMET endpoints [17]. Integrated ADMET platforms and recent machine-learning
ADMET systems further support the use of surrogate predictors as fast reward components for generative design [4, 18].
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Synthetic Feasibility Scoring

Synthetic feasibility is essential because a generated molecule has limited value if it cannot be made through plausible
chemistry. SCScore introduced a learned synthetic complexity measure derived from reaction data, allowing generated
compounds to be penalized when they resemble unusually difficult synthetic targets [11]. Retrosynthetic planning systems
such as AiZynthFinder provide a more route-aware perspective by connecting proposed structures to plausible disconnections
and available precursors [12]. Retrosynthetic accessibility scoring further allows synthesis-informed feasibility to be
approximated rapidly enough for generative loops [13].

Reinforcement Learning and Conditional Generation for Chemistry

Reinforcement learning allows a molecular generator to be updated according to a reward signal rather than only imitating a
training distribution. Early de novo reinforcement-learning studies demonstrated that sequence-based molecular generators
could be biased toward property objectives [7], and later deep reinforcement-learning approaches expanded this idea into
multi-objective drug design [8]. REINVENT and its later developments show how policy-based generative chemistry can
combine prior chemical knowledge with reward-directed sampling [19, 20]. Conditional generation and reinforcement learning
are therefore complementary: tokens define the requested design region, while reward updates reshape the sampling policy
toward molecules that satisfy it [16, 21].

Model Development Overview

High-Level Architecture

The proposed system uses a decoder-only transformer pre-trained on bioactive SMILES to learn molecular syntax, scaffold
patterns, and local chemical dependencies. This backbone follows the molecular language-modeling logic of MolGPT [9]
while drawing conceptually from broader chemical language models that support exploration of under-sampled chemical
regions [10]. During fine-tuning, generated molecules would be scored by separate CYP3A4, ADMET, and synthetic
feasibility modules, with reinforcement learning adjusting the generator toward higher-reward samples [8, 19]. Conditional
property descriptors would be prepended to the input sequence so that the same generator could sample molecules under
different metabolic and developability profiles.

Figure 1 illustrates the proposed CYP3A4-sparing generative transformer workflow, showing how molecular language pre-
training, conditional property tokens, ADMET scoring, synthetic feasibility assessment, reinforcement learning, and medicinal
chemistry review are integrated into a unified design pipeline.

Generative Transformer Workflow for CYP3A4-Sparing Molecule Deslgn Using ADMET and Synthetic Feasubahty Constraints
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Figure 1. Generative Transformer Workflow for CYP3A4-Sparing Molecule Design Using ADMET and Synthetic
Feasibility Constraints

Core Components

The framework contains a pre-trained SMILES generator, a CYP3A4 liability predictor, a multi-task ADMET predictor, a
synthetic complexity scorer, and a reinforcement-learning controller. The CYP3A4 component would be informed by
machine-learning models for CYP inhibition and time-dependent inhibition [1-3], while the ADMET component could follow
multi-endpoint prediction strategies used in molecular representation learning and ADMET platforms [4, 17, 18]. Synthetic
complexity would be represented using fast scoring functions such as SCScore and retrosynthesis-derived accessibility
estimates [11, 13]. The controller would combine these outputs into a design reward, similar in spirit to reinforcement-learning
de novo design systems [7, 8].

Table 2 defines the functional architecture of the proposed CYP3A4-sparing generative transformer, clarifying how each
computational layer contributes to chemically valid, ADMET-aware, and synthetically feasible molecular design.
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Table 2. Functional Architecture of the CYP3A4-Sparing Generative Transformer Framework

Framework

Primary function
layer

Key inputs

Analytical value for
CYP3A4-sparing design

Establishes th
Molecular corpus STAbISes Hhe

reparation .
prep base for generation

Drug-like, lead-like, and

fragment-like standardized
chemical language SMILES; curated bioactive

structures; randomized
SMILES variants

Computational
X Output generated
mechanism
Cleaning, A chemically
canonicalization, coherent

tokenization, syntax-

preserving augmentation corpus

sequence-learning

Ensures that generated
molecules remain
syntactically valid and
chemically plausible rather
than arbitrary token strings

Learns molecular

Decoder-onl
ecocer-ony syntax and scaffold-

Tokenized SMILES strings

with atom, branch, ring,

. Pre-trained
Causal self-attention and

Provides the generative
foundation for producing

transformer . . molecular novel structures within
level sequence  charge, and stereochemical — next-token prediction .
backbone . language model learned medicinal
dependencies symbols .
chemistry space
Tokens for low CYP3A4 All hemists t "
. o ows chemists to reques
nvert: ign liability, ADMET
Conditional ACO .e s desig . b .t.}/’ . Prepended control tokens Property-directed  different metabolic and
intent into model- desirability, solubility, .. . -
property-token . i .. that condition subsequent candidate developability profiles
readable generation permeability, toxicity . . . T
layer . . SMILES generation sampling without rebuilding the
context avoidance, and synthetic
- model
accessibility
Estimates whethera ~ Generated molecular .
. . Moves CYP3A4 risk
. ... generated molecule structures; CYP3A4 CYP-focused machine- CYP3A4-sparing
CYP3AA4 liability P . . e assessment from
may present inhibition, substrate, and learning classifier or probability or . .
module . o . L retrospective filtering into
CYP3A4-related  time-dependent inhibition predictor liability score . .o
isk dat the generation objective
ris ata

Evaluates broader Molecular descriptors, graph ~ Multi-task prediction

Prevents narrow CYP3A4
optimization from

Multi-output . L. ADMET producing molecules with
developability features, or learned across pharmacokinetic L o
ADMET module . . .. . desirability profile poor solubility,
constraints representations and toxicity endpoints o
permeability, clearance, or
toxicity profiles
. Molecular structures, SCScore-like complexit . .
. Determines whether . . . P . Y . Penalizes attractive but
Synthetic synthetic complexity scoring, retrosynthesis- Synthetic . .
o generated molecules . . . R impractical molecules that
feasibility . estimates, retrosynthetic ~— aware scoring, precursor feasibility score or . .
are practically o o . lack plausible preparation
module accessibility scores, route-  and route plausibility triage category
reachable . . routes
planning evidence checks
Balances metabolic
. Aligns the generator CYP3A4 score, ADMET . . sparing with
Reinforcement- . & . & L . Weighted reward shaping P g. .
. with multi-objective  score, synthesis score, . . Updated developability and
learning .. . . . and policy-gradient fine- . . .
medicinal chemistry  novelty, diversity, and . generation policy  synthesis rather than
controller . - . tuning .. .
priorities validity metrics optimizing a single
property in isolation
. . Keeps the framework
.. Provides expert Ranked molecules, predicted . . P .
Medicinal . . . Experimentally positioned as a hypothesis
. . interpretation and property profiles, Human expert review and . ..
chemistry review . . L . . testable candidate generator requiring expert
project-specific novelty/diversity reports,  design—make—test triage . .
layer S L shortlist judgment and laboratory
prioritization retrosynthetic evidence [
validation
Design Principles

The first design principle is explicit conditioning, where property tokens narrow the generated chemical space before scoring
occurs. The second is modularity, because the CYP3A4 model, ADMET panel, or synthetic scoring function could be updated
independently as new assays or project-specific data become available, following the modular philosophy of modern
generative platforms such as REINVENT 4 [20]. The third is multi-objective flexibility, where reward weights can represent
different medicinal chemistry priorities without redefining the entire architecture. This modular strategy also allows
retrosynthesis-aware filters from tools such as AiZynthFinder to be integrated after generation or within iterative scoring [12].

Data Sources and Molecular Representations

Pre-Training Corpus

The pre-training corpus would consist of cleaned, standardized, drug-like, lead-like, and fragment-like SMILES drawn from
curated chemical databases. ChEMBL is a natural foundation because it organizes bioactivity data and chemical structures in
a form widely used for machine-learning drug discovery [22]. Randomized SMILES augmentation could be used during pre-
training to improve the robustness of sequence learning and reduce overdependence on a single canonical representation [15].
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The resulting tokenizer would need to preserve chemically meaningful symbols, ring closures, stereochemistry, and branch
structure so that the transformer learns valid molecular syntax rather than arbitrary character patterns [9].

CYP3A4 and ADMET Datasets

The CYP3A4 training data would include curated molecules annotated for inhibition, substrate behavior, or time-dependent
inhibition, with careful attention to assay context and endpoint definition. CYPlebrity and related CYP modeling studies show
how enzyme-specific inhibition data can be converted into machine-learning classifiers for early metabolic liability prediction
[2, 3]. For broader ADMET modeling, descriptors or graph-based representations could be trained against multiple endpoints
using approaches similar to molecular property prediction frameworks [17]. Public ADMET resources and platforms such as
ADMETIab 2.0 and ADMET-Al illustrate how multiple pharmacokinetic and safety endpoints can be assembled into practical
prediction systems [4, 18].

Synthetic Feasibility Data and Metrics

Synthetic feasibility data would combine calculated accessibility metrics, reaction-derived complexity scores, and
retrosynthetic planning outputs. SCScore provides a learned estimate of synthetic complexity from reaction corpora, making
it suitable as a rapid reward component in a generative loop [11]. Retrosynthesis-based systems such as AiZynthFinder offer
complementary evidence by proposing plausible routes and connecting molecules to reaction knowledge [12]. RAscore
provides a faster approximation of retrosynthetic accessibility, allowing a generator to penalize structures that are chemically
attractive but route-infeasible [13].

Generative Transformer Architecture

Model Backbone and SMILES Tokenization

The model backbone would be a GPT-style decoder transformer trained with causal self-attention to predict the next token in
a SMILES sequence. MolGPT provides the closest architectural precedent for this design, showing how transformer decoding
can be applied directly to molecular generation [9]. Chemically aware tokenization would represent atoms, brackets, branches,
ring indices, charges, and stereochemical symbols in ways that preserve the rules of molecular syntax. Randomized SMILES
strategies could further help the model learn alternative string representations of the same molecule, improving generalization
during sampling [15].

Conditional Generation with Property Tokens

Conditional generation would be implemented by prepending discrete property tokens that describe the desired design state,
such as low CYP3A4 liability, acceptable solubility, or favorable synthetic accessibility. Conditional molecular generative
models have shown that property information can guide sampling toward user-specified regions of chemical space [6, 16]. In
the proposed transformer, these tokens would act as context for the entire generated sequence, shaping each subsequent
SMILES token through self-attention. This design allows a single model to generate different molecular profiles by changing
the conditioning string rather than retraining the backbone.

Reinforcement Learning Fine-Tuning Layer

After conditional pre-training, the transformer would be fine-tuned with a policy-gradient reinforcement-learning layer that
rewards generated molecules satisfying the CYP3A4, ADMET, and synthesis objectives. Molecular de novo design through
reinforcement learning provides the conceptual basis for adjusting a generator according to property rewards [7], while deep
reinforcement-learning studies show how such rewards can be extended to multi-objective molecular optimization [8].
Memory-assisted and modern REINVENT-style frameworks further indicate how prior chemical knowledge can be retained
while sampling is steered toward desirable chemical regions [19-21]. In this model, the reward would remain conceptual and
project-adjustable, functioning as a guide for design exploration rather than as a claim of experimentally validated
performance.

Incorporating ADMET and Synthetic Feasibility Constraints

Multi-Output ADMET Predictor

A multi-output ADMET predictor would serve as a rapid surrogate for estimating whether generated molecules fall within a
desirable developability profile. Molecular representation studies show that learned features can support prediction across
multiple property endpoints, making them suitable for integration into scoring pipelines [17]. ADMETlIab 2.0 and ADMET-
Al illustrate how diverse absorption, distribution, metabolism, excretion, and toxicity endpoints can be evaluated in unified
computational frameworks [4, 18]. In the proposed model, these predictions would be converted into a desirability score that
guides the transformer without implying that the generated structures have been experimentally validated.

Synthetic Feasibility as a Filter and Reward Modifier

Synthetic feasibility would be incorporated both as a hard filter and as a reward modifier to discourage chemically unrealistic
structures. SCScore provides a reaction-informed estimate of synthetic complexity that can be evaluated quickly during
generation [11]. Retrosynthesis-aware approaches such as AiZynthFinder and RAscore would add a route-based perspective,
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helping identify molecules that are not only syntactically valid but also more plausible to make [12, 13]. In practice, the
synthetic term would suppress structures that appear attractive in predicted ADMET space but lack a credible path to
preparation.

Balancing CYP3A4 Sparing with Other Properties

Balancing CYP3A4 sparing with other properties requires a weighted reward rather than a single-objective filter. CYP3A4
predictors focused on inhibition and time-dependent liability can provide metabolism-specific signals [1-3], while ADMET
prediction models can represent broader pharmacokinetic and safety preferences [4, 18]. The generative objective would allow
medicinal chemists to adjust these weights according to project context, such as prioritizing metabolic stability in one series
while emphasizing solubility or permeability in another. This flexibility is important because CYP3A4 avoidance should not
create molecules that are otherwise unsuitable for development.

Reward Design and Conditional Generation Strategy

Multi-Objective Reward Shaping

The reward function would harmonize CYP3A4-sparing likelihood, ADMET desirability, and synthetic feasibility into a single
policy-guidance signal. Reinforcement-learning molecular design has shown that generative models can be shifted toward
user-defined objectives when rewards are assigned to generated structures [7, 8]. Additional molecular optimization strategies,
including actor—critic approaches, support the broader idea that reward shaping can bias a generator toward preferred chemical
regions without requiring explicit enumeration of all acceptable molecules [23]. In this framework, the reward should be
smooth in expectation, chemically interpretable, and adjustable enough to reflect medicinal chemistry judgment.

Iterative Sampling and Model Update

During iterative sampling, the transformer would generate candidate SMILES, the scoring modules would assign reward
components, and the policy would be updated to increase the probability of molecules aligned with the requested profile.
REINVENT-style frameworks demonstrate how prior molecular knowledge can be combined with reward-driven exploration
to avoid drifting into chemically implausible regions [19, 20]. Conditional transformer strategies and reaction-aware
reinforcement learning further suggest that molecular generation can be guided by both desired properties and practical
chemistry constraints [24]. This update cycle would be used conceptually to move the generator toward CYP3A4-sparing,
ADMET-compatible, and synthetically feasible chemical space.

Integration into the Drug Design Pipeline

From Virtual Library to Design—Make—Test Cycle

The model would output a ranked virtual library rather than a final drug candidate, and medicinal chemists would review the
generated structures for novelty, interpretability, and project fit. Benchmarking frameworks such as GuacaMol and MOSES
emphasize the importance of assessing generated molecules through validity, novelty, diversity, and property alignment before
prioritizing compounds for synthesis [25, 26]. Synthetic feasibility tools would then help triage the virtual library toward
structures with plausible preparation routes [11-13]. The most compelling candidates could enter a design—make—test—analyze
cycle where CYP3A4 liability and ADMET behavior are measured experimentally.

Feedback Loop for Model Refinement

Experimental results from synthesized compounds would provide feedback for retraining the CYP3A4 predictor, updating the
ADMET surrogate, and refining the generative policy. This closed-loop logic is consistent with reinforcement-learning
molecular design, where model behavior is progressively shaped by improved scoring information [8, 19]. Conditional
generation would also allow newly learned project constraints to be expressed through updated property tokens rather than
requiring a completely new generator [9, 16]. Over time, the system would be expected to align more closely with the medicinal
chemistry series it supports, while still requiring experimental confirmation at each decision point.

Evaluation Strategy

Generation Quality Metrics

Generation quality would be assessed through chemical validity, uniqueness, novelty relative to training chemistry, and
internal diversity. GuacaMol provides a framework for benchmarking de novo molecular design models using standardized
quality and goal-directed tasks [25]. MOSES similarly supports evaluation of molecular generators by comparing generated
distributions with reference chemical sets [26]. These metrics would establish whether the transformer is producing reasonable
chemical structures before any claim is made about CYP3A4 sparing or ADMET utility.

Table 3 provides an evaluation and deployment-readiness framework for determining whether generated CYP3A4-sparing
molecules are chemically valid, diverse, ADMET-compatible, synthetically feasible, and appropriate for experimental triage.

Table 3. Multi-Objective Evaluation and Deployment Readiness Framework for Generated CYP3A4-Sparing Molecules

Evaluation Recommended assessment
. Core question addressed . Failure mode detected Decision-use implication
domain criteria
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Valid SMILES rate, valence Invalid candidates should be

Are the generated outputs . Invalid strings, unstable
. .. . g R P correctness, stereochemical & .. removed before any ADMET,
Chemical validity chemically interpretable structures, unrealistic atom . L
CYP3AA4, or synthesis scoring is

consistency, absence of ..
. . . connectivity .
chemically impossible fragments interpreted

structures?

Diversity monitoring prevents

Novelty relative to training data, Memorization of trainin, .
Y & & the reward function from

Does the model propose

Novelty and . internal diversity, scaffold molecules, excessive . .
L new but chemically s . .. narrowing exploration to a small
scaffold diversity . . distribution, analog-series scaffold repetition, mode .
meaningful candidates? set of over-optimized
balance collapse
chemotypes
Predicted inhibition risk, False confidence from  CYP3A4-sparing scores should
. Do generated molecules . s . . . s
CYP3A4-sparing . predicted substrate liability, biased CYP predictors, guide prioritization but must not
appear less likely to show . . . . .
performance o time-dependent inhibition alerts, reward hacking, hidden replace experimental
CYP3A4 liability? . e .
structural soft-spot analysis metabolic liabilities metabolism assays
Are CYP3A4-sparing Solubility, permeability, Molecules that avoid ADMET compatibility prevents
ADMET candidates still clearance, toxicity risk, CYP3A4 but fail broader the model from solving
compatibility ~ developable across other physicochemical balance, drug- pharmacokinetic or safety  metabolism at the expense of
properties? likeness indicators expectations overall developability
Synthetic complexity score, . . . Feasibility scoring enables
. Can the generated Y . P . y High-scoring virtual . -y g.
Synthetic . retrosynthetic accessibility, route . .. transition from virtual
o molecules plausibly be o molecules with unrealistic or . .
feasibility plausibility, precursor . . generation to design—make—test
made? S . unavailable synthetic routes .
availability, reaction-step burden planning
Is the model optimizin, Reward-component . L L .
. P .. 8 . P . Single-objective domination, Transparent reward analysis
Reward balance  the intended medicinal decomposition, weight- s . . . . .
. . . artificial score inflation, loss  helps chemists adjust design
and chemistry profile rather sensitivity analysis, Pareto-front .. . L . .
. . .. . . of medicinal chemistry priorities according to project
interpretability than exploiting one inspection, property-trade-off
. . relevance context
metric? mapping
. . Expert review, route confidence, . The framework should produce
Prospective Which generated P Overreliance on surrogate . P
. . structural novelty, ADMET/CYP e . . experimentally testable
experimental  molecules are suitable for . predictions without synthesis .
. profile alignment, assay . hypotheses, not unvalidated
readiness laboratory follow-up? L or testing . .
prioritization claims of drug-likeness
. S Governance ensures that
. Predictor calibration, dataset . . . .
Model Can the system improve Stale predictors, dataset bias, generated candidates remain

refresh, assay-context tracking,

overnance and safely as new project data .
g Y proy documentation of reward

non-reproducible generation  traceable, interpretable, and
settings aligned with evolving project

evidence

updatin, emerge? . .
P & & weights, version control

Constraint Satisfaction

Constraint satisfaction would examine whether generated molecules meet the intended CYP3A4-sparing, ADMET, and
synthetic feasibility requirements according to the surrogate scoring modules. Conditional molecular design and MolGPT-
style generation provide precedents for steering molecules toward specified property regions [9, 16]. Transformer-based
chemical language models and adversarial latent-space generators also show how generated chemical spaces can be shaped by
learned representations, although constraint satisfaction must still be verified with independent predictors and expert review
[10, 27]. In this article, such evaluation would remain conceptual and comparative, avoiding unsupported claims about
numerical success.

Prospective Synthesis and Testing

A prospective evaluation would select a small, chemically diverse set of generated molecules for synthesis and experimental
profiling. Retrosynthetic planning and accessibility scoring would support this selection by prioritizing compounds with
plausible routes before laboratory work begins [11, 12, 28]. Once synthesized, the molecules would be tested for CYP3A4
inhibition, metabolic stability, and relevant ADMET properties using assays appropriate to the discovery program [1-3, 29].
The purpose would be to evaluate whether the conceptual framework can generate experimentally useful hypotheses, not to
assert performance before validation.

Limitations

Dependence on Surrogate Predictors

The quality of the generated design depends strongly on the reliability of the CYP3A4, ADMET, and synthetic feasibility
predictors used in the reward function. CYP models can be sensitive to assay definitions, chemical series bias, and endpoint
selection, which may lead the generator toward artifacts if the surrogate model is poorly calibrated [1-3, 30]. ADMET
predictors face similar challenges because different endpoints may be measured under heterogeneous experimental conditions
and may not transfer cleanly across chemical classes [4, 17, 18, 31]. For this reason, the proposed system should be treated as
a hypothesis generator whose outputs require expert interpretation and experimental testing.
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Chemical Space Coverage and Mode Collapse

A transformer generator may overrepresent familiar scaffolds from its pre-training distribution or collapse toward narrow
chemotypes that exploit the reward function. Molecular generation benchmarks highlight the need to examine diversity and
novelty, not only apparent property satisfaction [25, 26]. Memory-assisted reinforcement learning and modern generative
platforms offer mechanisms for preserving prior chemical knowledge while encouraging exploration, but they do not remove
the need for careful monitoring [20, 21, 32]. Diversity-promoting strategies, scaffold analysis, and human review would
therefore be necessary safeguards in a CYP3A4-sparing design workflow. As a methodological safeguard, the proposed
CYP3A4-sparing transformer workflow would require explicit monitoring for scaffold bias, reward exploitation, chemotype
collapse, and loss of exploratory breadth, as summarized in Table 4.

Table 4. Safeguards against narrow or biased molecular generation

Risk in transformer generation Why it matters Safeguard
Overrepresentation of familiar  The model may reproduce chemotypes already Track scaffold frequency and compare generated
scaffolds common in its pre-training data molecules with training-set chemistry

o Molecules may satisfy the scoring function without Use multi-metric evaluation and human medicinal-
Reward exploitation

being genuinely useful chemistry review
Mode collapse toward narrow Apparent optimization may reduce chemical Monitor diversity, novelty, and scaffold distribution
chemotypes diversity and novelty during generation

The model may prioritize high-scoring structures ~ Apply diversity-promoting strategies and memory-

Loss of balanced exploration . . . .
over broader chemical-space search assisted reinforcement learning

Conclusion

A generative transformer for CYP3A4-sparing molecule design would combine molecular language modeling, ADMET-aware
scoring, and synthetic feasibility constraints in a unified design framework. Rather than treating CYP3A4 liability as a late-
stage filter, the model would incorporate metabolic avoidance directly into the generation process. This shifts the role of
computation from passive evaluation to proactive molecular proposal.

The main strength of the approach is its ability to generate candidate structures that are pre-shaped by multiple medicinal
chemistry priorities. Conditional tokens would allow chemists to request different property profiles, while reinforcement
learning would guide sampling toward molecules that better align with those profiles. Synthetic feasibility constraints would
help ensure that proposed structures remain connected to practical chemical synthesis.

Important challenges remain before such a system could influence real discovery programs. Surrogate CYP3A4 and ADMET
predictors must be carefully curated, calibrated, and updated with relevant experimental data. Synthetic route availability must
also be assessed with realistic reaction knowledge rather than simple structural plausibility alone.

Open implementations, transparent benchmarks, and collaborative validation studies would help establish whether generative
ADMET-aware design can become a dependable part of pharmaceutical research. A shared evaluation culture would also
make it easier to compare transformer-based generators with other molecular design strategies. Ultimately, the value of this
approach will depend on whether it can produce experimentally testable hypotheses that improve the efficiency and quality of
early drug discovery.
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