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ARTICLE INFO ABSTRACT

Received: Quantitative  structure—activity relationship modeling remains central to computational

11 September 2024 pharmaceutical science, yet its reliability is commonly summarized through aggregate performance

measures that conceal where, why, and for which decisions predictions are scientifically
supportable. A model may perform favorably across a retrospective test set while remaining
unreliable for a sparsely represented chemical series, a locally discontinuous activity landscape, an
unfamiliar molecular modality, or a decision carrying asymmetric experimental consequences. This
article develops a methodological reconstruction of QSAR evaluation around chemical
neighborhoods, explicit domain boundaries, calibrated uncertainty, and decision-relevant
reliability. The approach synthesizes evidence concerning benchmark design, molecular
representation, applicability-domain assessment, activity cliffs, local predictability, uncertainty
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estimation, external validation, and reproducible reporting. Its central conceptual contribution is a
proposed Neighborhood-Domain—Decision Reliability framework in which reliability is assigned
not to a model globally, but conditionally to a prediction—decision pair. The framework
distinguishes representation-specific neighborhood support, local activity-landscape behavior,
multidimensional applicability, uncertainty calibration, and intended decision consequences. It

further proposes reliability tiers separating supported interpolation, boundary-adjacent or structured
extrapolation, and out-of-domain use requiring abstention or hypothesis-generating interpretation.
The reconstruction does not claim validated universal thresholds, prospective pharmaceutical
utility, mechanistic explanation, regulatory acceptance, or deployment readiness. Instead, it offers
a testable structure for designing evaluations, reporting limitations, and directing future validation.
Rebuilding QSAR around these elements may improve the scientific interpretability of predictions,
reduce false precision, and clarify when computational outputs can cautiously support compound
prioritization, additional evidence generation, or explicit non-use.
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Introduction

Quantitative structure—activity relationship modeling is frequently evaluated as though predictive reliability were a stable
property of a trained model. In practice, reported performance is conditional on endpoint construction, dataset composition,
molecular representation, train—test partitioning, comparator selection, and the type of generalization embedded in the
evaluation. Benchmark outcomes in molecular machine learning therefore depend on task and split design, relative model
behavior varies across bioactivity problems, and chemically credible evaluation requires transparent alignment among data,
validation, and interpretation rather than dependence on a single headline score [1-3]. This conditionality is especially
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consequential in pharmaceutical research, where a prediction is rarely an endpoint in itself. It may influence which compounds
are synthesized, which assays are prioritized, which chemical series are expanded, or which candidates are withheld from
further investigation.
The difficulty is not simply that conventional metrics are imperfect. Measures such as classification accuracy, area under a
receiver-operating-characteristic curve, mean absolute error, or root-mean-square error summarize performance over a chosen
evaluation population. They do not independently reveal whether a particular query compound resembles well-supported
training chemistry, lies near an activity cliff, belongs to an unfamiliar modality, depends on uncertain assay labels, or falls
beyond the region in which uncertainty estimates remain calibrated. A chemically meaningful evaluation must instead align
the dataset, split strategy, comparator, metric, uncertainty statement, and intended use, because each element changes what the
resulting performance claim can legitimately support [4]. Aggregate metrics remain useful, but they are insufficient as stand-
alone evidence of prediction-specific pharmaceutical reliability.
This gap is reinforced by the character of the underlying evidence. Pharmaceutical datasets may contain heterogeneous assay
protocols, imbalanced endpoints, repeated analogues, uncertain measurements, sparse chemical series, and historical selection
biases. Chemical and biological data availability consequently does not establish their suitability for a particular inference or
decision. The realism of computational drug-discovery claims remains bounded by data quality, assay context, chemical
coverage, and biological relevance [5]. A model trained on abundant records may therefore remain weakly supported for the
compound, endpoint, laboratory context, or decision under consideration. Conversely, a model with moderate global
performance may provide useful evidence within a coherent local series when its boundaries and uncertainty are properly
characterized.
This article proposes a methodological reconstruction termed the Neighborhood-Domain—Decision Reliability framework.
The framework does not treat model reliability as a single score or permanent model attribute. It defines reliability
conditionally for a specific prediction—decision pair through five connected evidentiary layers: representation-specific
chemical neighborhood, local activity-landscape behavior, multidimensional applicability-domain status, calibrated
uncertainty, and intended decision consequence. The contribution is conceptual and requires future empirical evaluation. It
does not establish universal similarity thresholds, validated reliability tiers, mechanistic causality, therapeutic value, regulatory
acceptability, or operational readiness. Its purpose is to reorganize QSAR assessment so that predictive performance, chemical
support, uncertainty, and permissible use are reported as related but non-equivalent scientific claims.

Why Conventional QSAR Evaluation Obscures Domain Boundaries

Conventional evaluation obscures domain boundaries when the test design makes unsupported generalization appear
equivalent to ordinary interpolation. Different applicability-domain measures can admit or reject different regions of chemical
space; close analogue redundancy between training and test sets can reward recognition of familiar series rather than transfer
to new chemistry; and dataset biases can provide shortcuts unrelated to the intended structure—activity problem [6—8]. These
mechanisms are distinct, but they converge on the same interpretive failure: a favorable aggregate result may not disclose what
the model has actually learned or where its evidence becomes insufficient. The domain boundary remains hidden because the
evaluation population is treated as homogeneous even when its compounds occupy very different relationships to the training
evidence.

A second source of obscurity is the molecular representation used to define similarity and distance. Chemical neighborhoods
are not natural objects that exist independently of modeling choices. Fingerprints, physicochemical descriptors, graph
representations, and learned embeddings emphasize different structural regularities and therefore produce different geometries
of proximity. Learned and engineered molecular representations organize transferable information differently across prediction
tasks, making neighborhood membership and distance-to-training-data claims representation-specific [9]. A compound can
appear well supported under one representation and peripheral under another. Reporting only a model architecture or average
test performance leaves this dependency invisible and risks presenting a contingent geometric choice as an objective chemical
boundary.

Domain interpretation is also distorted when model, representation, dataset, and validation design are analyzed separately.
Molecular property prediction is produced by interactions among data scale, chemical coverage, representation, architecture,
pretraining, endpoint definition, and split strategy rather than by model class alone [10]. A high-capacity method cannot
recover information absent from the training data, correct an inconsistently defined endpoint, or guarantee transport across a
new assay protocol. Likewise, a sophisticated representation cannot by itself establish that the local structure—activity
relationship is smooth, experimentally reliable, or relevant to the intended decision. Domain assessment must therefore
evaluate the complete prediction system rather than attribute reliability to the algorithm in isolation.

The proposed reconstruction treats an applicability boundary as a declared relationship among a query compound, a
standardized chemical representation, an endpoint, a trained model, a body of local evidence, and an intended use. This
relationship may contain several partially independent boundaries: chemical coverage, representation support, assay
consistency, model behavior, modality compatibility, temporal stability, and decision acceptability. A query may be supported
in one dimension and weakly supported in another. The resulting domain status should therefore be multidimensional and open
to abstention rather than compressed into an unqualified binary label. Table 1 organizes the evidence, constructs, and
interpretation boundaries needed to develop why conventional gsar evaluation obscures domain boundaries within the article’s
central argument.
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Table 1. Evidence domains, core questions, scientific requirements, and interpretation boundaries for Why conventional
QSAR evaluation obscures domain boundaries

onstruct or . s . s . Failure or
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evidence requirements.

Chemical Neighborhoods, Activity Landscapes, and Local Predictability

A chemical neighborhood is the set of compounds considered locally relevant to a query under a declared representation,
distance or similarity measure, and inclusion rule. Its scientific importance arises from the expectation that nearby compounds
may provide more informative evidence than distant compounds. That expectation, however, is conditional rather than
automatic. Nonlinear chemical distances can reorganize structure—activity space, activity cliffs can produce major activity
differences among close structural analogues, and activity-landscape topology can reveal local continuity or discontinuity that
global performance measures conceal [11-13]. Local predictability therefore depends not only on whether neighbors exist, but
on how chemical proximity relates to endpoint behavior within the neighborhood.

Neighborhood analysis should distinguish support quantity from support quality. A densely populated region may still contain
heterogeneous assays, conflicting labels, narrow analogue redundancy, or abrupt activity transitions. Conversely, a smaller but
experimentally coherent series may provide stronger evidence for a bounded analogue comparison. Visual and computational
analysis of molecular activity spaces can reveal clusters, transitions, and heterogeneous local regions that are obscured when
the dataset is summarized globally [14]. Such analysis does not itself provide calibrated uncertainty, but it helps identify
whether the neighborhood resembles a smooth local response surface, a fragmented collection of subseries, or a boundary
region in which small structural changes are associated with unstable activity.

Experimental uncertainty further complicates the interpretation of local landscapes. Near a classification threshold, modest
measurement variation can alter the assigned activity label and create apparent discontinuities that are partly methodological
rather than chemical. Bioactivity prediction can be improved by explicitly accounting for experimental uncertainty around
such thresholds, demonstrating that observed class assignments should not always be treated as error-free facts [15]. The
proposed framework therefore separates at least three sources of local instability: genuine structure—activity discontinuity,
measurement or assay uncertainty, and model error. These sources may coexist, but they have different consequences. A
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genuine cliff may require additional structural or mechanistic investigation, uncertain labels may require repeat measurement,
and systematic model error may require a different representation or modeling strategy.

Within the proposed Neighborhood-Domain—Decision Reliability framework, neighborhood evidence is summarized through
four linked questions: whether the query has relevant local support, whether that support is chemically and experimentally
diverse enough to avoid simple redundancy, whether the local activity landscape is sufficiently coherent for the intended
inference, and whether the result remains stable across reasonable neighborhood definitions. Activity cliffs are treated as local
warnings rather than isolated anomalies because they can expose prediction failures hidden by favorable aggregate metrics
[12]. The framework does not assume that every cliff makes prediction impossible, nor that every smooth neighborhood is
reliable. Instead, neighborhood density, landscape ruggedness, assay consistency, and prediction-specific uncertainty are
carried forward as separate evidence dimensions when applicability and reliability tiers are assigned.

Reconstructing Applicability Domains around Decision Context

Applicability should be reconstructed as a property of a prediction made for a particular decision rather than as a permanent
attribute of a model. A compound can be adequately supported for coarse screening prioritization yet insufficiently supported
for selecting among close analogues, interpreting a threshold-sensitive endpoint, or withholding experimental testing.
Prediction-specific error estimates provide a more informative representation of this heterogeneity than a model-wide average
because they communicate that expected error can differ among queries [16]. The proposed framework therefore defines
applicability through the relationship among the query compound, endpoint, neighborhood, model, uncertainty evidence,
intended action, and consequences of error.

Decision context determines which forms of uncertainty and boundary evidence are material. In high-throughput screening,
an uncertainty threshold may control the balance between retained compounds and confidence in the selected subset.
Conformal prediction studies illustrate that screening gain depends on the trade-off among confidence, efficiency, and the
number of actionable predictions rather than on discrimination performance alone [17]. A domain rule that is acceptable when
the objective is broad enrichment may be inappropriate when false negatives could eliminate a rare chemical series. The
framework consequently requires the intended decision, loss asymmetry, available experimental capacity, and abstention
option to be declared before a reliability judgment is made.

Applicability is also conditional on molecular modality. A property model developed primarily from conventional small
molecules may encounter a substantially different structural and physicochemical regime when applied to targeted protein
degraders, macrocycles, or other atypical compounds. Evaluation of machine-learning property prediction for targeted protein
degraders demonstrates why nominal endpoint continuity does not guarantee continuity of model support when size, flexibility,
composition, and available training evidence shift [18]. Such predictions should not automatically be classified as ordinary
interpolation. They may instead represent structured extrapolation when partial support remains interpretable or out-of-domain
use when representation and validation evidence are inadequate.

The reconstructed domain is therefore multidimensional. Relevant dimensions include chemical coverage, representation
support, neighborhood density, local landscape behavior, assay alignment, modality, temporal stability, model diagnostics,
uncertainty calibration, and intended use. Comparative analysis of chemical-space coverage shows that alternative
applicability-domain methods can encompass materially different regions, reinforcing that coverage must be declared rather
than presumed [19]. The framework does not require every dimension to produce an identical status. It requires disagreements
to remain visible. A query supported chemically but weakly calibrated temporally, for example, should not receive an
unqualified in-domain label merely because one distance criterion is satisfied.

Reliability Tiers for Interpolation, Extrapolation, and Out-of-Domain Use

The proposed reliability tiers translate multidimensional domain evidence into bounded interpretations without converting it
into a universal numerical score. Tier I, supported interpolation, applies when the query has relevant local support, the endpoint
and assay context are aligned, the activity landscape does not show unresolved instability, and uncertainty behavior has been
evaluated under a split resembling the intended use. Application-oriented benchmarking demonstrates that compound-activity
models can be judged differently under realistic drug-discovery separations than under conventional retrospective partitions
[20]. Tier I therefore requires evidence that the validation problem resembles the anticipated prediction problem; proximity
under a convenient test design is not sufficient.

Tier II, boundary-adjacent or structured extrapolation, applies when one or more domain dimensions are weak but the
remaining evidence allows the limitation to be described and managed. Examples include a query near the edge of a represented
series, a moderate modality shift, reduced neighborhood density, uncertain local landscape continuity, or calibration supported
only under related conditions. Limitations of representation learning show that learned molecular features remain constrained
by their tasks and training distributions, especially when queried chemistry departs from learned structural regularities [21].
Tier II is not a declaration that extrapolation is reliable. It is a conditional status requiring sensitivity analysis, explicit
assumptions, stronger human review, and often additional experimental evidence.

Tier III, out-of-domain or abstain, applies when support is insufficient for the intended decision or when conflicts among
neighborhood, assay, modality, and uncertainty evidence cannot be resolved. External and industrial validation of Caco-2
permeability models illustrates how practical evaluation can expose reliability limitations that remain hidden during internal
model development [22]. A Tier III designation does not imply that the numerical prediction is necessarily wrong. It means
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that available evidence does not justify treating it as decision-ready. Appropriate outputs may include abstention, qualitative
hypothesis generation, selection of a different model, acquisition of local measurements, or explicit escalation to expert review.
Tier assignment must remain endpoint-specific and decision-specific. A model may warrant Tier I interpretation for one
physicochemical property, Tier II for another property, and Tier IIl for a new chemical modality. Comprehensive
benchmarking across toxicokinetic and physicochemical prediction tools demonstrates that predictive behavior differs across
endpoints and computational methods [23]. The framework therefore prohibits assigning a single permanent reliability grade
to an entire model. Tier status belongs to a versioned prediction context and may change when new compounds, assay data,
validation results, representations, or decision requirements become available.

Uncertainty Calibration and Neighborhood-Aware Validation

Uncertainty calibration is necessary because confidence and observed error are not interchangeable. Conformal prediction can
complement conventional QSAR evaluation by providing error-control and efficiency information under stated assumptions,
but those guarantees do not eliminate the need to examine domain support [24]. A prediction may satisfy nominal calibration
across an aggregate population while remaining poorly supported in a sparse or cliff-rich neighborhood. The proposed
framework therefore interprets uncertainty jointly with local chemical evidence. Calibration answers whether stated
uncertainty corresponds to observed error frequencies; neighborhood analysis asks whether the calibration population is
scientifically relevant to the query.

Uncertainty methods must themselves be evaluated rather than assumed to be reliable because they generate intervals,
probabilities, variances, or ensemble disagreement values. Comparative evaluation of scalable uncertainty-estimation methods
for molecular property prediction shows that approaches differ in calibration and in their ability to identify error-prone
predictions [25]. The reporting of an uncertainty value is therefore insufficient without evidence concerning its empirical
calibration, ranking behavior, coverage, sharpness or efficiency, and sensitivity to distribution shift. The framework further
distinguishes uncertainty arising from model parameters, limited data, measurement error, assay inconsistency, local landscape
ruggedness, and unrepresented chemistry.

Neighborhood-aware validation combines global evaluation with local and boundary-sensitive analyses. It examines error as
a function of neighborhood support, representation-specific distance, scaffold or series membership, activity-cliff status, assay
provenance, and temporal or external shift. Neural uncertainty estimates should be assessed both for calibration and for their
relationship to actual predictive error because apparent model confidence may correlate imperfectly with failure [26].
Validation should also examine selective prediction: whether abstaining from uncertain or unsupported queries improves the
reliability of retained predictions without reducing coverage to an operationally unhelpful level. Figure 1 presents the gsar
applicability landscape, showing how the article’s key components and boundaries are connected within uncertainty calibration
and neighborhood-aware validation.
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Figure 1. QSAR Applicability Landscape.
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The figure is an original conceptual synthesis that organizes the article’s central contribution across conventional QSAR
evaluation obscures domain boundaries, chemical neighborhoods, activity landscapes, and local predictability, chemical
neighborhoods, activity landscapes, local predictability, reconstructing applicability domains around decision context. Arrows
and grouping indicate proposed or evidence-supported relationships rather than measured effect sizes. The figure does not
represent a validated predictive model, regulatory determination, clinical recommendation, or deployment-ready system.
Calibration must also be tested under time and distribution change. Assessment of conformal calibration in toxicological
models shows that calibration can deteriorate across chronologically distinct data and that nonexchangeability can become
visible through calibration diagnostics [27]. Neighborhood-aware validation should therefore include temporal partitions,
independent external data where available, drift assessment, and recalibration triggers. A model that was calibrated when
developed should not be presumed calibrated indefinitely. Reliability must be maintained as a versioned evidentiary claim that
can be revised when the chemical series, assay protocol, data source, or decision environment changes.

A Practical Reporting Standard for Decision-Relevant QSAR

A practical reporting standard should permit an independent reader to reconstruct not only the model but also the basis of its
reliability claim. Minimum reporting should include endpoint definition, assay context, data inclusion and exclusion rules,
chemical standardization, representation, model configuration, comparator methods, splitting strategy, global and local
performance, neighborhood construction, applicability diagnostics, uncertainty method, calibration evidence, intended
decision, tier rationale, and abstention conditions. Practical guidance for gradient boosting in molecular property prediction
demonstrates that preprocessing, hyperparameter choices, and validation practices materially influence results and
reproducibility [28]. Such choices must therefore be reported as scientific determinants rather than treated as incidental
implementation details.

Chemical identity and preprocessing require particular attention because standardization affects the structures that enter the
model and the neighborhood relations derived from them. An open QSAR-ready structure-standardization workflow illustrates
the importance of recording transformations involving salts, mixtures, charges, tautomers, stereochemistry, duplicates, and
invalid structures [29]. The proposed standard requires each reported prediction to be traceable to a defined input structure and
a versioned preprocessing procedure. Data provenance should further identify assay sources, aggregation rules, replicate
handling, thresholding decisions, and temporal cutoffs. Without this information, local support and activity-landscape claims
cannot be independently evaluated.

Workflow reproducibility should connect data, split assignments, descriptors or embeddings, fitted models, domain
diagnostics, uncertainty calculations, and reporting outputs. Open-source QSPR tooling demonstrates how these components
can be preserved within a traceable computational workflow [30]. The proposed standard does not mandate a particular
software package. It requires enough machine-readable and human-readable information to reconstruct the analysis, identify
leakage, reproduce prediction contexts, and challenge domain assignments. Software availability improves transparency, but
the use of an open tool does not establish that the resulting model is chemically valid, externally calibrated, or appropriate for
a pharmaceutical decision.

Independent assessability is the final reporting criterion. Research on QSAR reproducibility by nonexperts shows that
incomplete descriptions of data, methods, applicability, and performance can prevent independent evaluation [31]. A report
should therefore state what the model supports, what remains uncertain, what evidence would change the assigned tier, and
which interpretations are prohibited. Table 2 organizes the evidence, constructs, and interpretation boundaries needed to
develop a practical reporting standard for decision-relevant gsar within the article’s central argument.

Table 2. Evaluation, implementation, and research priorities arising from Rebuilding Quantitative Structure—Activity
Relationship Modeling around Chemical Neighborhoods, Domain Boundaries, and Decision-Relevant
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Limitations and Boundary Conditions

The proposed Neighborhood—Domain-Decision Reliability framework is a conceptual reconstruction, not a validated
prediction system. Its components are supported by methodological evidence concerning benchmark design, applicability
domains, local structure—activity behavior, uncertainty, external validation, and reproducibility, but their integration into a
tiered reliability structure has not been prospectively tested. The framework does not establish optimal neighborhood metrics,
universal similarity cutoffs, accepted domain thresholds, or standardized tier boundaries. These elements must remain
endpoint-, representation-, modality-, and decision-specific until comparative validation demonstrates otherwise.

Evidence limitations also constrain the framework. Retrospective datasets may underrepresent failed compounds, inactive
series, assay changes, proprietary chemical regions, and project-specific decision processes. Activity cliffs may reflect
biological discontinuity, experimental variation, or inconsistent endpoint construction, and these explanations cannot always
be separated computationally. Calibration evidence may be valid only for a particular dataset or period and can deteriorate
under drift [27]. Even comprehensive reporting cannot recover evidence that was never collected or correct systematic
selection bias. The proposed reconstruction can expose uncertainty and unsupported use, but it cannot eliminate those
limitations.

The framework must not be used to equate prediction with explanation, mechanism, causality, experimental confirmation,
safety, developability, therapeutic value, or regulatory acceptability. A Tier I prediction remains a bounded computational
inference requiring appropriate experimental and human evaluation. A Tier II designation should not be reframed as weak
approval, and Tier III should not be interpreted as proof that a compound lacks value. The tiers describe the strength and
relevance of available predictive support for a specified decision. They do not rank the intrinsic quality of molecules, replace
domain expertise, or authorize autonomous pharmaceutical decisions.

Research Agenda and Implementation Priorities

The first research priority is to determine whether neighborhood-aware evidence provides reproducible information beyond
conventional global metrics. Studies should compare fingerprints, descriptors, graph representations, and learned embeddings
using predeclared neighborhood rules, local-error estimators, activity-cliff diagnostics, and realistic data partitions. The
principal question is whether neighborhood density, diversity, and landscape stability predict error consistently across
endpoints and project stages. Application-oriented benchmark designs provide an initial basis for examining realistic
generalization [20], but prospective and temporal studies are needed to determine whether local diagnostics remain informative
when new chemistry is generated.

The second priority is empirical evaluation of the proposed reliability tiers. Tier rules should be specified before examining
outcomes and then tested on untouched retrospective sets, temporally later compounds, external laboratory data, and modality
shifts. Evaluations should assess whether the tiers produce ordered differences in error, calibration, coverage, abstention, and
downstream decision utility. Industrial external validation demonstrates the importance of testing models under practical
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conditions [22], while conformal approaches provide tools for evaluating error control and selective prediction [24]. These
methods should support tier testing without being treated as substitutes for decision-specific validation.

The third priority is implementation infrastructure. A minimum reporting schema should use controlled terminology for
chemical identity, endpoint provenance, neighborhood definition, domain dimensions, uncertainty evidence, tier rationale, and
prohibited use. Versioned workflows should make each prediction traceable to data, preprocessing, representation, model, and
validation artifacts. Independent groups should test whether reports permit reconstruction and whether reliability information
improves expert decisions rather than merely increasing documentation. Reproducibility studies indicate that assessability
depends on complete reporting [31]. Staged implementation should therefore begin with retrospective audit and reporting
pilots, proceed to silent prospective evaluation, and advance to bounded decision support only after context-specific evidence
accumulates.

Conclusion

Rebuilding QSAR around chemical neighborhoods, domain boundaries, and decision-relevant reliability changes the central
evaluative question from “How well does the model perform?” to “What evidence supports this prediction for this chemistry,
endpoint, and decision?” The proposed Neighborhood—Domain—Decision Reliability framework organizes representation-
specific neighborhood support, activity-landscape behavior, multidimensional applicability, calibrated uncertainty, realistic
validation, reliability tiers, and reproducible reporting into one bounded methodological structure. Its purpose is not to replace
predictive metrics but to prevent them from carrying claims they cannot support. Supported interpolation, structured
extrapolation, and out-of-domain abstention are presented as proposed interpretive categories requiring empirical validation
rather than established universal standards. By making local support, uncertainty, decision consequence, and prohibited
inference visible, the reconstruction may help computational pharmaceutical science distinguish useful prediction from false
precision while preserving the essential roles of experimental confirmation, human oversight, and context-specific judgment.
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