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ABSTRACT

Interpretable structure—activity modelling is increasingly expected to provide not only accurate predictions but
also scientifically credible reasons for them. Yet prediction, interpretation, explanation, and molecular
mechanism represent different epistemic achievements, and their conflation can produce persuasive but
unsupported pharmaceutical narratives. This Original Interpretability Architecture Article defines the
prediction—explanation divide and proposes a Decision-Adaptive Prediction—Explanation Crossing Architecture
for determining when and how model outputs may support progressively consequential pharmaceutical decisions.
The architecture separates predictive validity from attribution faithfulness, chemical coherence, perturbational
concordance, and decision governance. It treats feature attribution, fragment highlighting, counterfactual
generation, and concept-based explanations as complementary probes of model behaviour rather than
independent demonstrations of molecular causation. Medicinal-chemistry validation is organized around
chemically meaningful perturbations, including analogue series, matched molecular pairs, activity cliffs,
prospective synthesis, orthogonal assays, and mechanistic interventions where appropriate. The architecture also
identifies failure modes arising from dataset shift, inadequate applicability domains, unstable explanations,
implausible counterfactuals, uncalibrated confidence, retrospective rationalization, and human confirmation
bias. Governance requirements include explicit intended-use statements, evidence-proportional escalation,
independent challenge, documented overrides, monitoring, and requalification after material changes. The
principal contribution is an original conceptual framework that links explanatory claims to decision-specific
evidence burdens and prevents direct movement from prediction to mechanism without external corroboration.
The proposed gates and relationships remain hypotheses for prospective evaluation and do not establish clinical
suitability, regulatory acceptance, universal applicability, or deployment readiness.
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INTRODUCTION

Machine-learning models in pharmacoinformatics can rank compounds, predict molecular properties, identify
structural patterns, and generate visual or textual rationales. These capabilities have intensified interest in
explainable artificial intelligence for drug discovery, where model outputs are expected to become intelligible to
medicinal chemists and other decision-makers [1]. However, an explanation that appears chemically meaningful
may describe only how a model processed its representation. It may not identify why a molecule produces an
observed biological effect or what would occur after a real structural intervention.
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This distinction matters because QSAR validity is not determined by predictive performance alone. Data quality,
molecular representation, endpoint definition, validation design, chemical-space coverage, applicability domain,
and the intended use of a model jointly determine whether a prediction can support a scientific claim [2].
Interpretability adds another layer of conditionality: an explanation can be coherent within the fitted model while
remaining unstable across representations, unsupported outside the training domain, or disconnected from
molecular causation.

The pharmaceutical consequence of this ambiguity depends on the decision. A feature map used to generate an
exploratory hypothesis does not require the same evidence as an explanation used to eliminate a compound,
modify a lead series, escalate a safety concern, or support translational reasoning. Machine learning already
contributes across heterogeneous stages of pharmaceutical research and development, but the evidentiary meaning
of its outputs varies across these contexts [3]. A general demand for “explainability” is therefore insufficient
unless the required type of explanation and its decision boundary are specified.

This article develops an original, non-empirical interpretability architecture for crossing the prediction—
explanation divide. It proposes a Decision-Adaptive Prediction—Explanation Crossing Architecture, abbreviated
D-PECA, that separates prediction, interpretation, explanation, and mechanism while linking each level to explicit
evidence gates. The architecture is intended to organize scientific reasoning, method evaluation, medicinal-
chemistry validation, uncertainty qualification, and human review. It is a conceptual synthesis rather than an
empirical study, exhaustive evidence review, validated standard, clinical guideline, regulatory framework, or
deployment manual.

Prediction, interpretation, explanation, and mechanism

A prediction is a model-generated estimate, probability, class, ranking, or property value produced under a learned
mapping. An interpretation characterizes how inputs, representations, parameters, or intermediate model states
contributed to that output. An explanation is more demanding: it is a question-relative and audience-dependent
account that connects model behaviour to a meaningful contrast, alternative, or scientific rationale. Explanation
is commonly selective and contrastive rather than a complete disclosure of every computational process [4].
Interpretability and explainability should not be treated as interchangeable labels for any method that renders a
model output visible. They encompass different goals, audiences, levels of transparency, and methodological
assumptions [5]. Global summaries describe broad model behaviour, whereas local explanations concern
particular predictions. Intrinsic interpretability arises from the model structure itself, whereas post-hoc methods
approximate or interrogate a fitted model. None of these categories independently establishes that the highlighted
feature is responsible for the underlying molecular effect.

A mechanism is an externally supported account linking a molecular intervention to a biological or
physicochemical consequence through an evidenced process. It therefore differs from a model mechanism, which
describes how a computational system transforms its inputs. In high-consequence settings, reliance on post-hoc
explanations can be problematic when an intrinsically interpretable alternative could provide a more direct account
of the prediction process [6]. Even intrinsic transparency, however, does not convert a predictive association into
a molecular mechanism.

D-PECA consequently proposes an ordered but non-automatic continuum: prediction, interpretation, explanation,
and mechanism. The sequence represents increasing evidentiary burden rather than a guaranteed progression. A
prediction may be interpreted without becoming scientifically explanatory, and an explanation may remain useful
without establishing mechanism. Because explanations are contrastive and audience-relative, their adequacy must
be evaluated against the precise pharmaceutical question being asked [4]. The proposed continuum requires
empirical testing and does not assign universal thresholds to any level.

Why model explanation may not explain molecular causation

Predictive accuracy and interpretation quality are separable properties. A model may classify compounds
successfully while assigning unstable, chemically implausible, or method-dependent importance to their structural
features. Conversely, a technically simple or locally faithful explanation may accompany a prediction that lacks
adequate external validation. Benchmarks developed for QSAR interpretation show that explanation methods
require evaluation independently from conventional predictive performance [7]. The first divide therefore lies
between obtaining a correct output and identifying a defensible account of how that output arose.

A second divide concerns plausibility and evidence. Explanations often resemble familiar scientific reasoning:
they highlight a functional group, emphasize an aromatic region, or propose that replacing one fragment would
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change activity. Such narratives can reassure users because they align with expectations, even when the
explanation method has not been tested against the phenomenon that matters for the decision. Comparable
concerns in high-consequence modelling show that plausible post-hoc explanations may create false confidence
when they lack decision-relevant validation [8].

A third divide concerns association and intervention. A predictive model estimates patterns under the distribution
represented in its data. A causal claim instead concerns what would change under an intervention, subject to
assumptions about confounding, selection, measurement, and the causal structure of the system. Predictive and
counterfactual questions are therefore not equivalent [9]. In molecular modelling, changing an encoded feature,
deleting an atom in silico, or generating a nearby counterfactual does not by itself establish what synthesis,
exposure, binding, signalling, metabolism, or toxicity would follow from the corresponding physical change.
The prediction—explanation divide can thus arise through three conflations: model sensitivity is mistaken for
chemical importance; chemical association is mistaken for biological causation; and explanatory plausibility is
mistaken for decision readiness. Interpretation benchmarks provide evidence that the first conflation is
methodologically testable [7]. The latter two require progressively stronger external evidence. Alternative
explanations may include correlated substructures, dataset artefacts, scaffold imbalance, representation
dependence, latent assay conditions, or model multiplicity, in which different models produce similar predictions
for different reasons.

Figure 1 presents the original conceptual synthesis for prediction—interpretation—explanation—mechanism
continuum, showing how the article’s principal components, evidence relationships, uncertainties, and decision
boundaries are connected.
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Figure 1. Prediction—Interpretation—Explanation—-Mechanism Continuum.

The figure is an original conceptual synthesis developed for “The Prediction—Explanation Divide in Interpretable
Structure—Activity Modelling and How Pharmaceutical Decisions Should Cross It.” Arrows and grouping indicate
proposed or evidence-supported relationships rather than measured effect sizes. The figure does not represent a
validated predictive model, clinical recommendation, regulatory determination, or deployment-ready system.

Proposed prediction—explanation decision architecture

D-PECA is proposed as a decision architecture rather than a new explanation algorithm. Its purpose is to determine
what additional evidence is required before a model output can support a stronger scientific or pharmaceutical
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claim. Explanations used during compound optimization must connect model behaviour to chemically meaningful
questions, such as which structural change is proposed, which endpoint may change, and what uncertainty
accompanies that inference [10]. The architecture therefore begins with the decision and works backward to the
required explanatory evidence.

The first gate, GO: predictive validity, asks whether the underlying prediction is suitable for interpretation. It
includes endpoint integrity, data quality, appropriate validation, chemical-space coverage, applicability-domain
assessment, calibration where probabilistic claims are made, predictive uncertainty, and sensitivity to anticipated
dataset shift. The second gate, G1: attribution faithfulness, asks whether the explanation reflects the fitted model
rather than human expectations or incidental data patterns. Scientific explainability methods differ in assumptions
and actionability, requiring tests tailored to the explanation claim [11].

The third gate, G2: chemical coherence, evaluates whether an interpretation respects molecular identity, valence,
stereochemistry, protonation, tautomerism, fragment context, and plausible chemical transformations. Atom- or
fragment-level coloring may help identify regions influencing a prediction, but such coloring remains a model-
relative interpretation rather than direct evidence of molecular mechanism [12]. G2 therefore asks whether the
explanatory object corresponds to a chemically meaningful entity and whether proposed alternatives remain within
a relevant chemical neighbourhood.

The fourth gate, G3: perturbational concordance, asks whether explanation-derived claims agree with observed
consequences of meaningful changes. Potential tests include equivalent-representation perturbations, feature-
removal experiments, matched molecular pairs, activity cliffs, analogue series, prospective synthesis, orthogonal
assays, and mechanistic interventions. The distinction between prediction and intervention motivates this
escalation [9]. D-PECA does not assume that every project requires the strongest experiment, but it prohibits
mechanistic language when intervention-sensitive evidence is absent.

The fifth gate, G4: decision fit and governance, links explanatory burden to pharmaceutical consequence.
Exploratory hypothesis generation may tolerate qualified, model-relative explanations, whereas compound
elimination, safety escalation, or translational use requires stronger validation, independent challenge, and explicit
residual uncertainty. In consequential settings, the availability of a more interpretable model should also be
considered before relying on post-hoc rationalization [6]. These gates, their sequence, and their stop, qualify, or
escalate rules are proposed constructs requiring prospective evaluation across endpoints, models, organizations,
and decision contexts.

Feature attribution, fragments, counterfactuals, and concept-based explanations

Feature-attribution methods assign portions of a predicted output to encoded inputs or learned components. Local
approximations and Shapley-value approaches can reveal which molecular features influenced a particular model
prediction [13]. Their proper interpretation is model-relative: a large contribution indicates influence within the
fitted mapping, not a causal effect of the corresponding atom or fragment in a biological system.

Molecular counterfactuals describe structural alternatives for which the model predicts a different outcome. They
can make an explanation contrastive and potentially useful for lead optimization, but proposed changes must be
screened for molecular validity, synthetic feasibility, applicability-domain membership, and unintended property
changes [14]. A small representational edit is not necessarily a realistic chemical intervention.

Concept-based explanations use predefined abstractions, such as pharmacophores or functional patterns, to
connect learned representations with medicinal-chemistry language. Pharmacophore-informed graph models
demonstrate how concept-level information can support property prediction and interpretation [15]. Nevertheless,
concept recognition remains conditional on the selected vocabulary and does not establish that the concept
mediates the observed activity.

D-PECA therefore treats attribution, fragments, counterfactuals, and concepts as complementary probes.
Agreement may increase confidence that a model uses a chemically coherent signal, whereas disagreement should
trigger investigation of representation dependence, local instability, correlated features, or model multiplicity. No
individual method, or agreement among methods, is sufficient to establish molecular mechanism.

Stability, faithfulness, chemical validity, and actionability

Stability concerns whether materially equivalent inputs, retrained models, or small irrelevant perturbations
produce appropriately similar explanations. Activity cliffs provide a demanding local test because minor structural
changes can accompany major activity changes, allowing assessment of whether attribution methods recognize
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decision-relevant structure—activity discontinuities [16]. Stability should be interpreted locally rather than
assumed across an entire chemical space.

Faithfulness concerns whether an explanation reflects the fitted model rather than human expectation. Tests using
alternative molecular encodings, model controls, or test-time augmentation show that intuitive explanations can
remain inconsistent across representations or insufficiently responsive to model changes [17]. An explanation may
therefore be visually persuasive yet technically unfaithful.

Chemical validity requires chemically meaningful entities, plausible transformations, and appropriate treatment
of valence, stereochemistry, protonation, tautomerism, and molecular context. Actionability further requires that
the explanation can inform a defined decision without concealing uncertainty. Molecular uncertainty methods
vary across datasets and tasks, so explanatory confidence should be conditioned on validated predictive
uncertainty rather than inferred from appearance [18].

D-PECA proposes that an explanation should be assessed across all four dimensions rather than accepted after
passing only one. Stability does not prove correctness, faithfulness does not prove causation, chemical validity
does not guarantee developability, and actionability remains decision-specific. Table 1 organizes the evidence,
constructs, relationships, uncertainties, and boundary conditions required for definitions, components,
relationships, and intended uses in the prediction—explanation divide in interpretable structure—activity modelling
and how.

Table 1. Definitions, components, relationships, and intended uses in The Prediction—Explanation Divide in
Interpretable Structure—Activity Modelling and How.
Component or Proposed Failure or

.. Problem Inputs or . Expected Evidence . Boundary
scientific . mechanism or o e . uncertainty
A . addressed  determinants . . contribution required . statement
dimension relationship risk
Proposed: .
. P . External Valid
Endpoint, data, explanation Prevents L . ..
. . . . . . . validation and Leakage, shift, prediction
Predictive Invalid outputs split, external ~ begins only  interpretation -
.. . . e . applicability- poor does not
validity  being explained validation, after prediction of unsupported . o .
. PR o domain calibration establish
chemical space suitability is  predictions . .
. evidence [2] explanation
established
Proposed:
Explanations . e .
P . explanations Distinguishes . Faithfulness
reflecting Model, Sanity,
o L. . . must respond model ; Stable but does not
Attribution  expectation representation, . . . perturbation, . .
. . appropriately to diagnosis from . . unfaithful establish
faithfulness rather than attribution . and invariance .
model and visual narratives molecular
model method . s tests [17] .
. input plausibility mechanism
behaviour .
perturbations
Proposed: .
P . Chemical
Molecular explanatory Chemical o
. . . . Improves . . plausibility
. Invalid identity, objects must .. review and Impossible or
Chemical medicinal- . . does not
fragments or valence, correspond to . feasible  out-of-domain
coherence . . . chemistry prove
transformationsstereochemistry, chemically . ~. counterfactuals  changes . .
. interpretability biological
local context ~ meaningful [14]
o consequence
entities
Proposed:
. stronger claims . .. Concordance
Correlational ~ Analogues, get Connects  Cliff-sensitive . .
. . . .. . require : Confounding  remains
Perturbational interpretation activity cliffs, explanation to and
. observed . or assay-  system- and
concordance presented as matched pairs, external prospective . .
. response to . specific effects endpoint-
causation assays . evidence tests [16] .
meaningful specific
perturbation
. Proposed: .
Confidence Calibration, . . . . . Uncertainty
. L. . explanation use  Supports Comparative Miscalibration .
Predictive  inferred from  ensembles, . .. . . . estimates are
. . . is conditioned qualification  uncertainty and false
uncertainty explanation uncertainty . . . . not
. .., onuncertainty and escalation validation [18]  certainty
appearance  estimator, shift . guarantees
quality
Decision fit One Intended action, Proposed: Aligns Predefined Overuse  The proposed
explanation  consequence, evidence explanations  decision and beyond tiers are not
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standard alternatives, burden with residual- validated regulatory
applied to all ~ reversibility increases with pharmaceutical uncertainty purpose readiness
uses decision use review [6] levels
consequence

Decision-specific explanation requirements

Explanation adequacy depends on the model, endpoint, representation, and intended QSAR use. Architectures
that combine prediction and interpretation can support different scientific questions, but their explanatory outputs
must still be assessed in the context in which they will be used [19]. A generic declaration that a model is
“interpretable” provides insufficient information for a pharmaceutical decision.

Molecular representations encode different information and inductive assumptions. Fingerprints, graphs,
sequences, descriptors, conformations, and learned embeddings may emphasize different structural relationships
[20]. Consequently, explanation requirements should specify which molecular entity is represented, what
invariances are expected, which chemical states are excluded, and whether the explanation remains meaningful
across relevant representations.

Pharmaceutical decisions also emerge from multidisciplinary workflows rather than isolated model outputs. Al-
supported drug design requires integration with chemical knowledge, biological evidence, experimental
feasibility, and expert judgement [21]. An explanation should therefore clarify what it contributes, what evidence
remains external to the model, and which decision-maker retains responsibility.

D-PECA proposes four practical use tiers. Exploratory explanations may generate hypotheses with explicit
qualification. Prioritization requires predictive validity, attribution faithfulness, and basic chemical coherence.
Lead optimization requires stronger local stability and perturbational evidence. Safety escalation or translational
use requires independent review, documented uncertainty, external corroboration, and a clear stop rule. These
tiers organize evidence burdens but are not validated readiness classifications.

Validation using medicinal chemistry and perturbational evidence

Explanation validation should test whether model-derived rationales correspond to chemically meaningful
structure—activity relationships. Substructure-aware learning objectives can improve alignment between graph-
model explanations and predefined chemical substructures [22]. Such alignment supports interpretation of model
behaviour but does not establish that a highlighted substructure causes the observed biological effect.

Activity cliffs offer a stringent test because closely related compounds may display sharply different activities.
Their presence exposes local generalization failures that aggregate performance measures can conceal [23]. Cliff
analysis can therefore reveal whether a model and its explanation respond to structural distinctions that matter
within a medicinal-chemistry series.

Models may also be evaluated explicitly for their ability to recognize activity-cliff behaviour [24]. Additional
evidence can arise from matched molecular pairs, analogue series, prospective synthesis, orthogonal assays, target
perturbations, or rescue experiments. The required test should correspond to the claim: an attribution claim
requires faithfulness testing, whereas a mechanistic claim requires external intervention-sensitive evidence.
D-PECA proposes a validation ladder from computational diagnostics to chemical and biological perturbation.
Progression should stop when evidence fails, remain qualified when uncertainty is unresolved, and escalate only
when the intended decision demands stronger support. Table 2 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for testable propositions, evidence requirements, and validation
criteria for the prediction—explanation divide in interpretable structure—activity modelling and how.

Table 2. Testable propositions, evidence requirements, and validation criteria for The Prediction—Explanation
Divide in Interpretable Structure—Activity Modelling and How.

Architecture Interaction Human or
Core Information or . Validation Potential . Readiness
layer or process . . with other . A experimental
function material flow criterion  failure mode s ere boundary
stage components responsibility
. . External and No
L. Establish Data and Conditions . .. Modeller and .
GO: Predictive .. . domain-  Leakage, shift, L. explanation-
. prediction representation to every later Lo validation
validity . . relevant  miscalibration L based use after
suitability  validated output gate scientist .
performance GO failure
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Failure modes and misleading explanatory narratives

Uncertainty estimates may appear reassuring while failing to identify or rank prediction errors reliably.
Comparative evaluations show that uncertainty-estimation performance depends on the molecular task and
method [25]. A narrow interval, high confidence score, or stable explanation should therefore not be treated as
evidence that structural uncertainty, dataset shift, or model misspecification has been resolved.

Evaluation results can also change with dataset size, split strategy, molecular representation, and model
architecture. These elements interact rather than operating as independent technical choices [26]. An explanation
derived under a random split may therefore appear credible while failing under scaffold, temporal, or externally
shifted conditions relevant to pharmaceutical use.

Atom-level coloring illustrates the narrative risk. Highlighted atoms can change with descriptors, models, or
perturbation procedures even when the resulting visualization appears chemically reasonable [27]. Similar risks
apply to fragments, attention maps, counterfactuals, and concepts when users interpret familiarity as evidence of
faithfulness.

D-PECA identifies recurring failure narratives: explanation without valid prediction, interpretation outside the
applicability domain, chemically impossible counterfactuals, attribution driven by confounding, retrospective
rationalization, and agreement caused by shared method assumptions. Human confirmation bias can amplify each
failure. Passing selected checks reduces specific risks but does not guarantee correctness, causality, or decision
readiness.

Governance and human review

Responsible use requires more than a technically interpretable output. Consequential model integration should
define the workflow, anticipated harms, monitoring arrangements, escalation pathways, and accountable human
roles [28]. Within D-PECA, governance begins when the intended decision is specified rather than after an
explanation has already influenced action.

Structured reporting supports review by making data provenance, intended use, model design, evaluation, and
limitations traceable. Reporting frameworks for clinical Al illustrate how minimum-information requirements can
strengthen scrutiny of modelling claims [29]. D-PECA adapts this general principle without presenting an existing
checklist as a pharmaceutical regulatory standard.
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The proposed governance structure assigns distinct responsibilities to the model developer, validation scientist,
medicinal chemist or endpoint expert, decision owner, independent challenger, and change-control owner. Review
records should document explanation disagreement, applicability-domain status, uncertainty, unresolved
alternatives, override reasons, and evidence that would trigger reassessment.

Human review is not an automatic remedy. Experts may share dataset assumptions, prefer familiar chemical
narratives, or defer to apparently sophisticated models. Governance should therefore include independent
challenge, explicit stop authority, and requalification after changes to data, endpoint, representation, model, or
intended use. These elements are proposed safeguards rather than validated operating procedures.

Limitations and research priorities

Applicability-domain methods can identify compounds that are dissimilar to reference data, but their performance
depends on the molecular representation, similarity definition, training set, and endpoint [30]. Domain
membership is therefore conditional evidence, not a universal certificate of reliability. Local explanations may
fail even for nominally in-domain compounds, while some out-of-domain predictions may remain informative but
require stronger qualification.

Large chemical language models can learn transferable representations that encode aspects of molecular structure
and properties [31]. Such capability may expand the scope of predictive modelling, yet embeddings, attention
patterns, or learned concepts do not automatically provide faithful explanations or molecular mechanisms.
Foundation-scale models remain subject to the same decision-specific evidence boundaries.

Research should compare explanation methods independently from prediction, test invariance across equivalent
molecular representations, develop feasible counterfactual benchmarks, and prospectively evaluate explanatory
claims through medicinal-chemistry perturbations. Studies should also examine explanation behaviour under
dataset shift, integrate uncertainty with applicability-domain assessment, and test whether structured human
review improves decisions rather than documentation alone. Figure 2 presents the original conceptual synthesis
for decision-adaptive interpretability architecture for pharmaceutical use, showing how the article’s principal
components, evidence relationships, uncertainties, and decision boundaries are connected.
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Figure 2. Decision-Adaptive Interpretability Architecture for Pharmaceutical Use.

The figure is an original conceptual synthesis developed for “The Prediction—Explanation Divide in Interpretable
Structure—Activity Modelling and How Pharmaceutical Decisions Should Cross It.” Arrows and grouping indicate
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proposed or evidence-supported relationships rather than measured effect sizes. The figure does not represent a
validated predictive model, clinical recommendation, regulatory determination, or deployment-ready system.
The architecture has limitations of its own. Its gates are qualitative, their order may require adaptation, and the
appropriate evidence burden will vary by endpoint, chemical series, organization, and decision. Prospective
studies must determine whether D-PECA improves scientific judgement, identifies misleading explanations, or
creates avoidable procedural burden. Until then, it should be treated as a testable conceptual architecture rather
than a validated standard

CONCLUSION

The prediction—explanation divide arises when predictive performance, model interpretation, explanatory
plausibility, and molecular mechanism are treated as equivalent. D-PECA proposes that pharmaceutical decisions
cross this divide only through evidence gates addressing predictive validity, attribution faithfulness, chemical
coherence, perturbational concordance, and decision governance. Feature attribution, fragments, counterfactuals,
and concepts can contribute to model understanding, but none independently establishes molecular causation.
Explanation requirements should increase with decision consequence and remain conditioned on applicability
domain, uncertainty, external validation, experimental evidence, and accountable human review. The architecture
is an original conceptual synthesis whose scientific value, practical burden, and effects on decision quality require
prospective evaluation.
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