
Designing Around Resistance: 
Mechanism-First Discovery in 
Cheminformatics, QSAR, AI-
enabled molecular design and 
toxicology prediction
Md. Humayan Kabir
Feb 16, 2025

Abstract

This article develops resistance-aware cheminformatics and AI molecular design by treating 
biological escape as a form of domain shift. Models trained on wild-type targets or treatment-
naive cells can fail after mutation, transporter changes, pathway rewiring, metabolic adaptation, 
or shifts in cellular state. Mutation-conditioned modeling, resistant-panel data, active learning, 
and explicit uncertainty are proposed to reveal when predictions enter biological regimes 
unsupported by training evidence. Chemical scaffold, target sequence, mutation state, assay 
system, exposure, descriptors, training split, synthesis feasibility, and uncertainty are treated as 
interacting variables. Failure routes include target mutation, bypass signaling, efflux, activity 
cliffs, assay-specific shortcuts, metabolic adaptation, and extrapolation beyond training 
chemistry. Predicted and measured permeability, metabolism, protein binding, cellular 
concentration, target occupancy, and tissue distribution define exposure. Uncertainty calibration, 
conformal prediction, scaffold-aware validation, multiobjective optimization, counterfactual 
analysis, and mutation-conditioned models support prioritization. Prospective synthesis, 
resistant panels, external chemical series, blinded predictions, direct target engagement, and 
failure-focused updates provide validation. The article concludes that AI becomes more durable 
when resistance mechanisms are built into training and decision rules rather than treated as 
late-stage exceptions.
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A major issue in resistance-aware cheminformatics, QSAR, and AI molecular design is 
design that is sensitive to the chemistry of the models it was trained with, yet fails on 
mutation or adaptation of known systems or on domain shift.One of the issues in 
resistance-aware cheminformatics, QSAR and AI molecular design is designing for the 
chemistry of the models on which it is based, but failing on mutation or adaptation of 
known systems, or on domain shift. The more robust development approach is based on 
an actual quantifiable mechanism, not a single (wowza) assay result. With that change, 
chemistry, biology, exposure, resistance, and safety, become components of one 
translational argument, as does production.

The scientific basis is a process that incorporates resistance mechanisms and causal 
biological constraints to potency and property prediction through computational design 
starting from a mechanism. There is no single measurement that can be used to support 
the entire mechanistic claim, as each one addresses a separate question. It minimizes the 
potential for misinterpretation of potency, binding, formulation performance and/or 
model fit as therapeutic understanding.

There is another type of domain shift which is created when resistance intervenes. After 
selection pressure the binding pocket may change, the amount of the transporter may be 
altered, the paths may be rewired or the cells may be metabolically changed for a model 
trained on wild-type targets and treatment-naive cells. These changes can be detected 
earlier using mutation conditioned modelling, resistant panel data and active learning. It's 
not about recognizing known resistance patterns, but identifying whether predictions are 
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in the biological regime that is not backed by training examples.

Design variables must be treated together because at the same time, the performance of 
the chemical scaffold, the target sequence, the mutation state, the assay system, the 
exposure, the descriptor set, the training split, the uncertainty and the feasibility of the 
synthesis can change. This optimization of one factor at a time can, in many cases, result 
in a negative impact on one or more other factors, particularly potency versus stability, 
selectivity versus delivery, or manufacturability. A multiparameter decision rule is more 
realistic for ranking candidates than is a single numerical endpoint.

Early failure routes measurement is also an important factor for mechanistic confidence. 
Target mutation, bypass signaling, efflux, metabolic adaptation, shortcuts to the assays, 
activity cliffs, and extrapolation beyond training chemistry are important escape 
mechanisms. Stress testing intentionally makes these routes into information for design, 
and can inform a subsequent chemistry, formulation, dosing or model iteration.

Exposure is the link between nominal dose and the biological response. All of the 
following quantities are relevant: predicted and measured permeability, metabolism, 
protein binding, concentration in the cell, target occupancy, tissue distribution. A 
simplified assay may score high on intrinsic activity but have a low score for exposure at 
the causal site, and thus may not be suitable for translation.

Interpretation of direct engagement or functional perturbation must be done at realistic 
concentrations. At high doses, it can cause secondary stress responses, off-target effects, 
and/or assay artifacts that mimic the desired mechanism. Concentration-response 
analysis in relation to exposure/occupancy is useful to determine the range in which the 
proposed causal process is in effect.

Another layer of context is biological, with interpretation varying from program to 
program, depending on whether they are looking for a long-lasting candidate or not a 
benchmark at all. The dependency and effective exposure may vary depending on 
genotype, cell state, tissue architecture, immune tone, metabolic environment and 
previous treatments. Representative model panels are therefore more convincing than 
repeated testing in a single testing system.

There is a need to measure resistance and adaptation in a prospective manner rather than 
to give them an ex post retroactive explanation. With serial passage, long-term selection, 
genetic manipulation, repeated doses, or environmental stressors, those mechanisms that 
survive the pressure can be discovered. A moderately weaker, but higher escape barrier 
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candidate may be more useful than a weak screening leader.

Mechanism is useful for safety assessment. Some of the key concerns are 
pharmacokinetic issues such as those for exposure margin, reactive group, hepat toxicity 
signals, ion channels, metabolite toxicity and toxicity prediction uncertainty. It is 
important to compare the desired engagement with unwanted biological responses, for 
the purpose of identifying the mechanism linked pharmacology from the broad cellular 
injury and the formulation driven toxicity.

The synthetic accessibility, diversity of routes, availability of reagents, stereocontrol, 
stability of the compounds and the ability to generate the desired analogues in a scalable 
manner will all affect the product that will be delivered to the biological systems and 
cannot be considered a downstream logistics exercise. Even if the product name remains 
the same, small changes to the process can result in changes to composition, physical 
state, level of impurities, stability, and/or dose reproducibility. Robustness of development 
is enhanced if attributes of the critical process are directly related to the mechanistic 
performance.

The uncertainty calibration, conformal prediction, scaffold-aware validation, 
multiobjective optimization, mutation-conditioned models, and counterfactual analysis 
provide leverage via computational tools. The value of prediction is greatest when there is 
some uncertainty and applicability limitations and particularly when the structures are 
new, unusual biological states and/or the datasets are sparse. Confident models reporting 
rankings without saying where evidence is lacking, do not lead to good experiment 
selection as do models that are open about uncertainty.

Four validation steps—prospective synthesis, resistant panels, external chemical series, 
blinded prediction, target engagement, and failure-focused model updating—are 
necessary for prospective validation. Orthogonal tests are important because if there are 
repeated measurements from the same family of assays then the same bias can be 
reproduced without reinforcing causality. If there is agreement between independent 
methods, then the design choice to the biological consequence is strengthened; if there is 
a disagreement, it is an indication of assumptions that need to be modified.

Data should be integrated so that the traceability of the raw data to the development 
decision is maintained. Chemical structures, process conditions, assay metadata, 
exposures data, omics features, resistance data, and safety signals should all be made 
identifiable and versioned. This discipline helps to avoid later misinterpretations of the 
results that are related to conditions other than those which actually caused the result.
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The evaluation of decisions should not be laboratory spectacle, it should be about 
translation. Score cards that are useful include reproducibility, activity normalised by the 
exposure, mechanistic confidence, resistance frequency, safety margin, stability and 
manufacturing robustness. This will incentivize balanced candidates, as well as provide 
transparency in making compromises, that can be costly without committing to further 
development.

The negative result has a high value in this framework. The limits of a hypothesis are set 
by the failure to synthesize, inability to achieve the desired target engagement, or 
instability of the exposure, failure to rescue, resistance emergence, poor batch 
reproducibility, or loss of activity in realistic models. The failures are documented which 
enhances future experimental design and ensures that further investments are not made 
in attractive, but unsupported, explanations.

The filter of reproducibility across laboratories and across batches is also a must. No 
matter how statistically significant a result is, a mechanism relying on just one operator, 
one preparation, one cell line or one modeling option is not free of fragility. Durable 
biology is determined by independent repetition under exposure matched conditions.

A down to earth perspective of clinical or deployment conditions is also essential in the 
process of translation. The complexity of a product can be of limited utility if it is not 
viable in terms of route, administration burden, diagnostic needs, storage, monitoring, 
cost and timing of treatment. The impact of mechanistic excellence comes to the fore 
when product design is applied in the context in which biological benefit can only be 
effected.

Temporal design is an additional layer due to variation in biological system response to 
short pulses, long exposure, washout and multiple dosing. Time-resolved measurements 
can distinguish between initial engagement and subsequent adaptation and can identify if 
activity continues once the initial signal has declined. Sampling schedules must then be 
consistent with the comportamento of resistance-aware cheminformatics, QSAR and AI 
molecular design, not simply one end-point.

An integrated development record aids to better communicate between medicinal 
chemistry, formulation science, pharmacology, computation, manufacturing, and clinical 
planning. The record should not be one definitive story, but rather provide a distinction 
between what is known, what seems to be likely, what is not known or certain, and what 
is the next experiment with the highest information value. This transparency helps 
iteration to be faster, and decreases the pressure to justify early assumptions when there is 
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conflicting data.

Novelty is put into perspective with comparison to credible reference conditions. Whether 
a new approach is a better prediction, mechanism, durability or manufacturability is 
established by the existing compounds, existing inactive compounds, standard 
formulations or baseline models, or existing analytical methods. Head-to-head 
comparison also reveals gains that are lost once exposure is normalized, as is the 
sensitivity of the assay, batch quality or the complexity of the experiment.

The most effective resistance-aware AI is when there are biological exit paths that are not 
considered an exception at the end of the training phase. The critical factor is not that a 
candidate will win one assay, but that the proposed mechanism is coherent in exposure, 
biological variation, resistance, safety and production. That benchmark leads to a more 
structured trajectory from discovery signal to a therapeutic concept that is able to stand 
the real-world complexity.
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