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ABSTRACT

Applicability domains are intended to delimit the region in which a quantitative structure—activity relationship
model has defensible predictive support. In practice, however, domain assessment is often compressed into an
administrative decision: a query compound is classified as inside or outside a boundary, after which the binary
label is allowed to stand in for prediction reliability. This Perspective argues that this compression obscures
several analytically distinct quantities. Chemical-space coverage, local training support, response-surface
regularity, model uncertainty, distribution shift, calibration quality, and decision consequence need not change
together. A compound may therefore occupy apparently familiar chemical space while remaining difficult to
predict, whereas a geometrically unusual compound may sometimes receive a defensible prediction from a well-
calibrated model. The article develops an evidence-bounded distinction between domain membership and
prediction confidence, examines why static boundaries can fail under realistic molecular distribution shifts, and
prepares the basis for a proposed risk-calibrated applicability framework. The central claim is not that
applicability domains should be abandoned, but that they should be interpreted as one component of a broader
reliability assessment whose evidential meaning is explicitly validated and reported.

Keywords: QSAR applicability domain, Chemical space, Molecular out-of-distribution prediction, Uncertainty
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INTRODUCTION

A quantitative structure—activity relationship model can appear accurate without demonstrating the type of
generalization required when medicinal chemistry moves beyond the compounds that made the model look
successful. Ligand-based classification benchmarks, for example, can reward memorization when structural
redundancy permits held-out molecules to remain closely related to training examples [1]. More broadly,
molecular-property prediction depends not only on algorithm choice but also on the interaction among dataset
composition, molecular representation, model architecture, and evaluation design [2]. Realistic molecular out-of-
distribution problems further show that “unseen” chemistry is not a single condition: different forms of chemical
and dataset shift impose different generalization demands [3].

Applicability-domain analysis is supposed to make this problem explicit. Yet its operational use often becomes
narrower than its scientific purpose. A molecule is labelled inside or outside a specified region, and the label is
then interpreted as though it were a reliability certificate. That interpretation is difficult to sustain when local high-
error cohorts can occur among predictions that an existing applicability-domain procedure has classified as
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reliable [4]. It is also inconsistent with the broader uncertainty literature, in which prediction uncertainty is
decomposed, estimated, calibrated, and evaluated using methods that are not equivalent to geometric domain
membership [5].

The methodological problem addressed here is therefore not whether QSAR models need boundaries. It is whether
a boundary should terminate the reliability inquiry. This Perspective treats applicability-domain membership as
evidence about model support rather than as an administrative permission to trust a prediction. The distinction
matters because structural support, local prediction difficulty, predictive uncertainty, calibration, dataset shift, and
the consequence of an erroneous decision can diverge. The article develops these distinctions sequentially and
uses them to motivate a proposed risk-calibrated interpretation of applicability in which a hard boundary remains
useful when warranted, but cannot substitute for evidence about what the model actually knows at the queried
molecule.

What an applicability domain is supposed to represent

At its most defensible, an applicability domain represents the relationship between a query molecule and the
evidence used to construct a model. Similarity-based approaches operationalize this relationship by asking
whether a query occupies a sufficiently represented neighborhood of training chemistry. Molecular-similarity
domain metrics can identify compounds that are structurally remote from the training set and therefore poorly
supported by the learned chemical space [6]. Distance-based Boolean procedures similarly demonstrate that
restricting predictions to better-supported regions can improve retrospective classification behavior in particular
high-throughput screening settings [7]. These findings justify treating molecular proximity as useful evidence of
support.

They do not establish that proximity is equivalent to correctness. The definition of “near” depends on the
representation, metric, endpoint, and sampled chemistry. A fingerprint neighborhood can be dense while the
corresponding biological response surface remains irregular; conversely, geometric remoteness does not logically
guarantee that a prediction will be poor. The appropriate interpretation is narrower: distance and similarity
describe support under a specified representation.

Calibration-based methods make this distinction clearer. Large-scale comparisons of conventional QSAR and
conformal prediction show that conformal methods provide prediction sets or confidence-related information with
properties analytically different from a point prediction plus a hard domain flag [8]. Local conformal approaches
extend the idea by making applicability prediction-specific rather than imposing one global boundary on every
query molecule [9]. Their assumptions and empirical performance remain model- and dataset-dependent, but their
structure exposes an important conceptual error in administrative-domain thinking. Applicability is not necessarily
a permanent attribute of a molecule. It can depend on the model, endpoint, local neighborhood, calibration
evidence, and prediction being requested.

For this article, an applicability domain is therefore best interpreted as a model-relative statement about evidential
support. It should answer, “How strongly is this prediction connected to chemistry represented during model
construction or calibration?” It should not, by itself, answer the stronger question, “How confident should a
medicinal chemist be that this numerical prediction is sufficiently reliable for the present decision?” The latter
requires additional evidence.

Chemical-space coverage and predictive support

Chemical space is often described as though it were a fixed map on which training compounds occupy a territory
and test compounds either fall inside or outside. QSAR practice is less stable. Apparent generalization changes
with data partitioning: random, scaffold-sensitive, and task-specific splits can create materially different tests of
molecular prediction [10]. Consequently, a domain defined around a conveniently sampled training set may
describe the dataset more faithfully than the chemistry encountered after deployment.

Coverage also depends on what is being predicted and how the domain is constructed. Large-scale analysis of
physicochemical-property models across more than 81,000 inventory chemicals showed that applicability-domain
coverage varied with the property, chemical class, and domain definition [11]. “Coverage” is therefore not an
endpoint-independent percentage of chemical universe. It is conditional on representation, sampled compounds,
model formulation, target property, and the rule used to decide support.

The support region can also change when evidence changes. In a mitochondrial-toxicity setting, integrating Cell
Painting phenotypic information with active learning enabled acquisition of compounds that broadened the usable
model space relative to relying only on the original structural evidence [12]. This result is context-specific and
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should not be generalized to every QSAR endpoint, but it demonstrates that applicability is partly a property of
the training evidence rather than an immutable molecular characteristic.

These relationships become difficult to follow when coverage, support, transfer, and failure are described
sequentially in prose. Table 1 therefore separates the molecular state being queried from the type of support
available, the transfer boundary that remains, and the specific way an apparently acceptable domain decision can

still fail.

Table 1. When chemical-space coverage becomes predictive support rather than a geometric administrative
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Table note: The final column expresses the article’s proposed synthesis of how evidence-supported support scenarios can generate quiet model
failure. No numerical ranking or universal threshold is implied.

Distance-, leverage-, density-, and uncertainty-based domains

Distance, leverage, neighborhood density, and uncertainty are often placed under the same applicability-domain
umbrella because each can identify predictions that deserve caution. Their mathematical meanings, however, are
different. Distance asks how far a query lies from training observations under a selected representation. Leverage
asks how strongly the query occupies an extrapolative position relative to the fitted design space. Local density
describes how much nearby evidence is available. Predictive uncertainty attempts to characterize expected error
or dispersion in the prediction itself. Treating these quantities as interchangeable turns a family of diagnostics into
a single administrative boundary.

Leverage illustrates the problem particularly well. In polyparameter linear free-energy relationship models,
prediction error generally increased as leverage increased, but the conventional leverage cutoff could be
excessively strict, excluding extrapolative predictions that remained accurate; prediction intervals represented
observed error behavior more directly in that studied setting [13]. This does not make leverage uninformative. It
shows that a geometric cutoff is not automatically calibrated to prediction risk, even in a well-characterized linear
setting.

The same caution applies more strongly to modern molecular machine learning. Comparative studies of scalable
molecular uncertainty methods, neural-network uncertainty estimation, and uncertainty-guided chemical
prediction show that uncertainty estimators differ in calibration, error ranking, scalability, and their ability to
recognize poorly supported predictions [14-16]. No single uncertainty family can therefore be substituted
mechanically for an applicability-domain rule.

Hybrid approaches make the complementary nature of these signals explicit. Deep QSAR work combining
different uncertainty sources was motivated in part by the tendency of individual methods to become
overconfident outside well-supported regions [17]. Yet evaluating an uncertainty estimator is itself nontrivial.
Different uncertainty-quality metrics emphasize calibration, ranking, sharpness, or association with error and can
produce different judgments about the same estimator [18]. Prediction-specific QSPR uncertainty methods
likewise reinforce that reliability varies across individual compounds and properties rather than belonging only to
the model as a whole [19]. Explainable uncertainty methods go further by localizing contributions to uncertainty
within molecular representations, although such attribution should not be confused with mechanistic chemical
explanation [20].

The implication is methodological rather than terminological. Distance, leverage, density, and uncertainty should
remain separate until evidence shows that a particular combination is useful for the intended endpoint and
decision. A molecule can be close to training chemistry yet uncertain because the response surface is unstable.
Another can be relatively distant while receiving a narrow, empirically defensible interval from a model whose
extrapolative behavior has been tested. A third can receive low estimated uncertainty from a poorly calibrated
model and therefore appear safer than it is. The administrative-domain error occurs when these distinct
possibilities are collapsed into a single membership flag.

Silent extrapolation beyond training support

The most consequential extrapolation is not always the molecule that obviously lies beyond a structural boundary.
Quiet extrapolation occurs when the representation declares a query familiar while the property being predicted
behaves in a way that the training evidence does not adequately constrain.

Activity cliffs provide a direct molecular example. Highly similar compounds can exhibit large differences in
measured activity, making local prediction difficult precisely where a similarity-based view might suggest strong
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support. More generally, molecular-property landscapes with greater roughness tend to be less modellable out of
sample, although landscape roughness is an association with difficulty rather than a deterministic cause of every
error [21, 22]. These observations shift the relevant question from “Is the query close to training compounds?” to
“Is the property locally learnable at the resolution required for this prediction?”

Retrospective applicability-domain analyses reinforce the same distinction from another direction. High-error
subspaces can occur among predictions already designated reliable [4]. Large chemical-space analyses show that
domain coverage changes with the property and domain construction [11], while leverage analyses demonstrate
that geometrically extrapolative predictions are not uniformly inaccurate [13]. Together, these findings rule out a
one-to-one mapping between domain membership and prediction correctness.

Silent extrapolation therefore includes at least two conceptually different failures. The first is support
extrapolation, in which the query enters chemistry insufficiently represented by the training evidence. The second
is response extrapolation, in which nominally represented chemistry contains a local structure—property
relationship that is too discontinuous, sparse, noisy, or endpoint-specific for the model to resolve reliably. This
distinction is a proposed synthesis of the evidence, not an established universal taxonomy. Its value is that it
explains why moving the geometric boundary alone cannot eliminate every quiet failure.

Applicability-domain failure under dataset shift

Applicability domains are usually computed from a fixed training distribution, but deployment changes the
distribution that gives the domain meaning. New scaffolds, altered chemical-class frequencies, different assay
conditions, changing label distributions, or transfer to a related molecular-property task can all produce dataset
shift without generating an obvious geometric “outside” event.

Uncertainty estimation is not automatically protected against this problem. Molecular active-learning studies
comparing in-distribution and out-of-distribution settings show that uncertainty estimators differ in their ability
to rank OOD molecules and in how effectively their uncertainty signals support acquisition decisions [23]. High
uncertainty may be useful evidence of weak support, but low uncertainty cannot be assumed safe unless the
estimator has itself been challenged under the relevant shift.

Task transfer creates another boundary. A transferability-map approach across molecular-property datasets
showed that the relationship between source and target tasks affects whether transfer is likely to be useful [24].
Task relatedness is not identical to molecular similarity. A query may occupy apparently familiar structural space
while the predictive task, endpoint definition, or learned representation has changed enough to undermine the
meaning of the original domain.

These risks make reproducibility part of applicability analysis. Modern molecular-prediction software can expose
data splitting, molecular featurization, architecture, training, and evaluation choices in a reproducible workflow
[25]. Such transparency does not validate external generalization, but without it an apparent domain failure cannot
be cleanly separated from a change in preprocessing, split logic, software configuration, or model construction.
Realistic OOD specifications similarly show that different molecular shifts answer different questions [3], while
scaffold-sensitive benchmark design demonstrates that the apparent difficulty of generalization depends on how
chemical separation is imposed [10].

A static boundary can therefore fail through a sequence rather than a single event: the deployment distribution
changes, the original support relation weakens or changes meaning, the uncertainty estimator may or may not
respond, and observed prediction error becomes difficult to interpret unless the shift and model configuration are
recoverable. Table 2 records that sequence because the precursor state, shift trigger, competing explanation,
validation discriminator, and downstream reliability consequence cannot be represented adequately by a simple
inside/outside column.

Table 2. Sequence of quiet applicability-domain failure when deployment no longer matches the evidence that
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Table note: The ordered states constitute a proposed sequence-aware synthesis. They do not imply that every deployment progresses through
all states, that the transitions are irreversible, or that a universal numerical shift threshold exists.

Separating domain membership from prediction confidence
A domain decision and a confidence statement answer different questions. Domain membership asks whether the
query is sufficiently connected to the evidence used to train or calibrate the model. Prediction confidence asks
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how uncertain the particular estimate remains after the model, data, and local chemical environment are
considered. Evidential deep learning demonstrates that prediction-specific uncertainty can be modeled and used
to guide molecular selection without reducing the result to a geometric inside/outside flag [26]. Such uncertainty
remains an estimate generated by a model; it is not an observed probability that a prediction is chemically or
pharmacologically correct.

Confidence therefore requires its own qualification. UNIQUE formalizes benchmarking across complementary
uncertainty criteria rather than treating any reported uncertainty value as self-validating [27]. Conformalized
graph learning similarly shows that calibrated prediction intervals can be constructed for molecular ADMET tasks
under the evaluated calibration and split conditions [28]. Marginal interval coverage, however, does not guarantee
correctness for an individual compound, nor does it establish that a model has captured the biological mechanism
governing the endpoint.

The practical distinction is consequential. A query can be structurally well supported but receive unstable or
poorly calibrated predictions. Another may be geometrically unusual yet receive a defensible interval because the
model's extrapolative behavior has been explicitly tested. Domain membership should therefore be interpreted as
one evidential coordinate, not as prediction confidence itself.

This separation is easiest to recover visually because support, uncertainty, local error, and shift can diverge while
still feeding the same medicinal-chemistry decision. Figure 1 therefore keeps those trajectories analytically
separate until they converge at an explicitly proposed decision layer.
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Figure 1. Where structural support stops being a sufficient proxy for QSAR prediction confidence

A risk-calibrated applicability framework

The preceding evidence suggests that the failure is not the existence of an applicability boundary but the decision
to stop reasoning once that boundary has been crossed. This Perspective therefore proposes a risk-calibrated
applicability framework in which reliability is assessed through three distinguishable questions: whether the query
is supported by relevant training or calibration evidence, whether prediction-specific confidence has been
independently qualified, and what consequence follows if the prediction is wrong.

The first question remains recognizably an applicability-domain problem. Local domain analysis, dynamic
applicability and leverage behavior all show why the answer may need to be graded rather than treated as
permanently binary [4, 9, 13]. The second question concerns confidence rather than membership. Hybrid
uncertainty estimation, complementary UQ metrics and systematic UQ benchmarking collectively show why
uncertainty should enter a decision only after its calibration and error-discrimination behavior have been examined
[17, 18, 27]. The third question is explicitly proposed here: identical statistical uncertainty need not justify
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identical action when one prediction is used for exploratory compound prioritization and another is used to
terminate or advance a costly development decision.

Risk calibration in this sense is not a numerical scoring system. No universal probability, threshold or weighting
is implied. Instead, the framework changes the order of inference. A domain flag initiates a reliability assessment;
it does not conclude one. Evidence of weak support increases the burden placed on uncertainty qualification,
external testing or new sampling. Strong structural support does not erase activity-cliff or local-error concerns.
Low predicted uncertainty is insufficient when the uncertainty estimator has not been tested under the relevant
shift.

Table 3 compresses these conditional states into a sequence-aware ledger so that the proposed framework cannot
be misread as another renamed inside/outside classification.

Table 3. Decision states in the proposed risk-calibrated applicability framework
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Table note: All assessment states and transitions are the article’s proposed synthesis. They are qualitative methodological states, not validated
risk categories, regulatory classifications or numerical thresholds.

Validation and reporting requirements

A domain claim is interpretable only if another investigator can reconstruct how the boundary was produced.
QSPRpred illustrates that data preparation, splitting, descriptors, modeling and evaluation can be organized in an
explicit reproducible QSAR/QSPR workflow [29]. Chemprop similarly demonstrates the practical feasibility of
versioned, configurable molecular-prediction workflows [25]. Reproducibility is not external validity, but it is a
prerequisite for diagnosing whether a changed result originates from chemistry, model configuration or
implementation.

Validation should also challenge the intended mode of generalization. Benchmark structures can reward
memorization [1], molecular OOD regimes require explicit definition [3], and scaffold-sensitive evaluation tests
a different question from a random holdout [10]. Uncertainty estimators should likewise be examined under the
shifts for which they will be interpreted [23]. No single split should therefore be mandated universally; the
validation design should reproduce the chemical or task separation relevant to the intended deployment.
Reporting should keep the principal reliability objects separate. The applicability-domain method and
representation should be specified independently of any prediction-interval or UQ procedure. Leverage, distance
or similarity thresholds should not be described as calibrated risk limits unless evidence establishes that
interpretation [13]. Uncertainty metrics should identify whether they assess calibration, ranking, sharpness or
error association rather than presenting a single undifferentiated confidence statistic [18]. Frameworks for UQ
benchmarking can make those distinctions reproducible [27], while conformalized molecular prediction illustrates
why interval coverage and point accuracy should remain analytically separate [28].

For this Perspective, the minimum defensible reporting logic is consequently straightforward: state what evidence
defines support, identify the representation and endpoint to which that support applies, document how the model
was challenged beyond ordinary random resampling, report prediction confidence with its calibration evidence,
disclose known local or distributional failure modes, and make the rule for abstention or further testing explicit.
These are proposed reporting requirements, not an assertion of current regulatory consensus.

CONCLUSION

Applicability domains remain essential because QSAR predictions should not be interpreted without reference to
the evidence from which they were learned. Their weakness appears when a scientifically conditional support
statement is converted into an administrative boundary and allowed to substitute for reliability.
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Chemical-space proximity, leverage, local density, response-surface regularity, uncertainty, calibration and
dataset shift describe different aspects of prediction support. None should be assumed to determine the others. A
structurally familiar molecule can remain difficult to predict, a nominal extrapolation can sometimes remain
informative, and an uncertainty estimate can itself fail when deployment departs from the conditions under which
it was qualified.

The proposed risk-calibrated interpretation therefore makes domain membership the beginning of a decision rather
than its end. It separates support from confidence, requires both to be interpreted under the intended distribution,
and increases evidential demands as the consequence of an erroneous prediction rises. This architecture remains
a methodological proposal requiring prospective testing across endpoints, representations, model classes and
realistic medicinal-chemistry shifts. Its immediate value is narrower but important: it prevents a binary
applicability label from silently carrying more scientific meaning than the underlying evidence can support.
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