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INTRODUCTION molecular property prediction, target-related inference,

virtual screening, ADMET estimation, toxicity prediction,
Artificial intelligence now contributes to a broad range of  molecular generation, and biomolecular modeling.

computational drug-discovery activities, including
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Machine-learning methods have consequently become
relevant at multiple stages of discovery and development,
although the evidentiary meaning of a prediction varies
substantially with task, data source, and decision context
[1]. Reviews of the field similarly show an expanding
methodological landscape in which deep learning and
related Al approaches are used to augment screening,
prioritization, design, and development processes rather
than perform one uniform function [2]. This heterogeneity
is central to trustworthiness because a model supporting
exploratory hypothesis generation is exposed to different
consequences, evidentiary requirements, and tolerable
failure modes than a system influencing expensive
experimental progression or high-consequence safety
decisions.

The growth of predictive capability has intensified a
parallel concern: computational performance can improve
without a corresponding increase in scientific credibility.
Al-era drug design is increasingly characterized by
interaction among computational models,
chemistry judgment, biological experimentation, and
iterative decision processes, making the quality of
integration at least as important as the presence of an
advanced architecture [3]. A system may rank molecules
accurately within a familiar benchmark yet remain poorly
understood outside that benchmark; another may generate
apparently plausible structures while offering little
evidence that its learned relationships are transferable to
future chemical or biological contexts. Trust therefore
cannot be reduced to whether a model is sophisticated,
whether its outputs appear chemically intuitive, or whether
it outperforms a comparator on a retrospective test set.
This tension is reinforced by critical analyses of what
counts as realistic Al impact in drug discovery. Strong
computational results may coexist with weak linkage to
discovery decisions, limited experimental
challenge, inappropriate comparators, or uncertainty about
whether measured improvement translates into practical
value [4]. High predictive performance can therefore be a
necessary contribution for some tasks without being
sufficient evidence of trustworthiness. Scientific
confidence additionally depends on what information
entered the model, whether the evaluation design reflects
the intended use, whether failure boundaries are visible,
whether another group can reconstruct the workflow, and
whether the evidentiary claim is proportionate to the
strength of validation.

Chemical and biological data create distinctive reasons for
this caution. Assay heterogeneity, biased measurement
processes, sparse labels, chemical redundancy, unbalanced
endpoints, uncertain target relationships, and limited
coverage of the practically relevant chemical space can
condition both apparent performance and downstream
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transportability [5]. The same modeling mechanism may
consequently support credible prioritization in one setting
and false confidence in another. A realist review is
appropriate because it asks not merely whether
explainability, reproducibility, validation, or governance
“works,” but what works, for whom, under which drug-
discovery conditions, through which mechanisms, and
with what outcomes. The aim of this review is therefore to
develop and refine an evidence-grounded programme
theory explaining how trustworthy Al outcomes emerge—
or fail to emerge—through interactions among technical
context, scientific workflow, validation design, human
response, and regulatory or organizational conditions.

Trustworthy Al as a drug discovery challenge

For computational drug discovery, trustworthy Al should
be defined as a context-dependent capacity to support
decisions with evidence that is sufficiently credible,
inspectable,  reproducible, uncertainty-aware, and
appropriately validated for the This
definition is narrower and more operational than a generic
ethical characterization of “responsible” Al It includes
technical performance but does not equate performance
with trust; it includes explainability but does not presume
that an explanation establishes model correctness; and it
includes governance while recognizing that procedural
controls cannot substitute for scientific validity. Drug-
discovery-specific work on explainable Al illustrates the
potential value of explanations for inspecting model
behavior, communicating patterns, and linking predictions
to chemically meaningful features, while also emphasizing
substantial methodological and interpretive limitations [6].
Trustworthiness is therefore best treated as an emergent
property of an evidence system rather than an intrinsic
label attached to a model.

The challenge becomes especially acute when explanation
plausibility is mistaken for evidentiary strength. A heat
map, attributed substructure, attention pattern, or
counterfactual example may appear intelligible to a
scientist without being faithful to the computation that
produced the prediction. Critical work in high-stakes Al
has warned that current explanation practices can create
unwarranted confidence when users infer reliability from
persuasive narratives rather than independent evidence of
validity [7]. In drug discovery, this problem may be
amplified when an explanation resembles accepted
medicinal-chemistry intuition: agreement with prior
expectations can facilitate scrutiny, but it can also trigger
confirmation bias. The relevant trust mechanism is not

intended use.

explanation visibility itself;, it is competent, critical
interrogation of an explanation whose fidelity, stability,
domain relevance, and limitations have been considered.
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Reproducibility introduces a different but equally
conditional dimension. A computational claim becomes
more open to independent scrutiny when investigators can
reconstruct the data processing, software environment,
model configuration, randomness controls, evaluation
protocol, and analytical choices that generated it.
Reproducibility standards proposed for machine learning
in the life sciences emphasize that code availability alone
is insufficient data
hyperparameters, or
environments remain opaque [8]. For computational drug

when dependencies,

execution

access,
preprocessing,

discovery, this distinction is consequential because
seemingly minor differences in molecular standardization,
train—test construction, feature generation, or tuning can
alter results. Reproducibility can therefore activate
independent verification and error detection, yet it does not
independently prove that the task formulation or validation
design was scientifically appropriate.

Validation is similarly vulnerable to false confidence when
evaluation conditions fail to represent the information
structure of intended use. Leakage can occur through
preprocessing, target construction, duplicated or related
entities, inappropriate temporal ordering, or other
pathways that expose the model to information unavailable
in the future decision setting. Methodological analysis of
leakage in machine-learning-based science shows how
such pathways can inflate estimated performance while

weakening reproducibility and scientific inference [9]. In
molecular prediction, the problem intersects with chemical
redundancy, scaffold relationships, repeated benchmark
use, and distribution shift. Random splitting is not
inherently invalid, but it may be an insufficient challenge
when near-neighbor compounds or related information
structures occur across partitions and the intended claim
concerns novel chemical space.

Stakeholder  diversity  further
“trustworthy” means in practice. Computational scientists

conditions  what
may prioritize reproducible evaluation and diagnostic
understanding; medicinal chemists may require chemically
actionable reasoning; biologists and toxicologists may
focus on assay endpoint validity, and
uncertainty; pharmaceutical decision-makers may need
evidence proportional to development cost and
consequence; quality teams may emphasize traceability
and change control; and regulators may require intended-

relevance,

use clarity, evidence provenance, and inspectable risk
management. These perspectives are not interchangeable,
and a model may be trusted for one bounded purpose while
remaining unsuitable for another. Table 1 maps the major
trustworthiness  challenges in computational drug
discovery to their enabling or constraining contexts,
underlying mechanisms, potential outcomes, and
evidentiary requirements.

Table 1. Trustworthy Al Challenges in Computational Drug Discovery: Context Conditions, Trust-Building and Trust-
Undermining Mechanisms, Potential Outcomes, Validation Requirements, and Risks of False Confidence

Drug- Potential Potential
Trustworthine g Enabling Constrainin . . . Validation Risk of false
discovery Mechanism  positive negative .
ss challenge context g context requirement confidence
context outcome outcome
Molecular Clear intended ~ Weak
Predictive ropert use; relevant  endpoint  Independent . . High when
P p .y . p . 'p . More credible Performance Task-aligned £
performance prediction,  endpoints; validity; scientific . . benchmark
. . . model interpreted as  internal and . .
without target representative biased labels; challenge of . . improvement 1s
L o selection and proof of independent
scientific prediction, data; unclear performance . .. . L. detached from
o . . L. . prioritization  usefulness validation .
credibility virtual appropriate decision claims intended use
screening  comparators ~ purpose
Compound Faithful Explanation .
P . . Post hoc . Error P . High when
activity explanation . . . Explanation- . . fidelity, S
. rationalizatio detection; Explanation o intuitive
. prediction, method; enabled stability, .
Explanation . n; weak . model overtrust; explanations are
o GNN domain . scrutiny and . . robustness,
plausibility . . . fidelity; o debugging; illusory .. treated as
interpretation,  expertise; . plausibility and decision- .
. confirmation . better human transparency S evidence of
molecular stability . checking utility
C bias challenge correctness
prioritization checks assessment
Adequate Scaffold-
. . Sparse . . .
Extrapolation chemical- More credible aware, High when in-
) coverage; Boundary . .| . .
Chemical to new space .. . prioritization shifted- domain
e activity cliffs; awareness . Overconfident .
applicability scaffolds, rare coverage; . . within . context, accuracy is
.. . hidden  and cautious extrapolation )
limits chemotypes, explicit . . supported temporal, or  generalized
. . . .. distribution reliance
shifted series applicability chift space external  beyond support
domain challenge
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where
appropriate
Assa; .
QSAR, Traceable hetero ezeit Better Provenance High when
. . . Vi o
. . ADMET, sources; assay 8 . yDa‘[a-lmeage . . Hidden bias and . dataset size is
Data integrity .. ; uncertain . interpretation audit and .
toxicity, metadata; scrutiny and untraceable . mistaken for
and provenance . . labels; . of model sensitivity .
multimodal consistent error tracimg .. . . error . representativene
_ . undocumente limitations analysis
prediction curation . SS
d merging
Code, data, Proprietary Independent
Model  preprocessing, opacity; Independent Replication reconstructio High when code
development dependencies, missing rerun and  Verification . r')l nor availability
e . . ailure or .
Reproducibility and versions, preprocessing workflow  and error verifiable controlled alone is treated
. . unv o
comparative seeds, ; reconstructi  discovery claims reproducibili as
benchmarkinghyperparamete environment on ty reproducibility
rs documented mismatch assessment
Related Split Very high
Leakage- .p v g
compounds rationale, because
. aware .. Independent .
Leakage and Retrospective . across splits; More realistic Inflated leakage apparent
splitting; . challenge of .
benchmark molecular ML 7. .._preprocessing . . performance  benchmark audit, performance
L . partition audit; ..~ information . .
contamination evaluation contaminatio estimates confidence  untouched  may remain
temporal and pathways .
. n; repeated challenge  numerically
entity controls . . .
tuning data impressive
.. Miscalibratio I
Task-specific . Calibration,
Molecular . n; Uncertainty . . ) .
calibration; More cautious Numerical stress testing, High when
. property . unsupported awareness . .. . .
Uncertainty .. explicit ) prioritization  confidence and uncertainty is
L. prediction .. extrapolation; changes . . .
estimation decision rule; . and better ~ mistaken for  evaluation displayed but
and . poorly reliance or . L .
C shift . . triage reliability under not validated
prioritization interpreted  escalation .
awareness relevant shift
scores
Genuinel Nominall
Cross-dataset, . . Y Y .. .
distinct and  external data . Explicit High when
temporal, .. . Bounded  False claims of w y
External . decision- sharing the  External .. . assessment  “external” is
.. institutional, . generalization ~ universal
generalization . relevant ~ same biases challenge ..., of contextual treated as a
or chemical- confidence transportability . . .
external or near- distinctness  binary label
space transfer .
context duplicates
ADME  Future-facing Selective Prospective
- Moderate to
. prediction,  cases; pre-  follow-up; Exposure to . . and/or .
Prospective or . . Stronger  Overinterpretati ) high when
. candidate specified changed future or ; . experimental ..
experimental . . | . translational on of isolated . confirmation is
. prioritization, workflow;  protocols;  physical confirmation
confirmation . . . confidence successes . narrow but
generative empirical weak evidence appropriate .
. . . claims are broad
design testing comparator to claim
Domain Automation . High when a
. . . Evaluation of .
Expert review  expertise; bias; Better . nominal
. . Rubber- oversight .
Human of model-  authorityto  workload; Human error scrutiny and . human in the
. . . . . stamping and  role and N
oversight supported challenge;  ambiguous interception cautious . .. loop” lacks
- . o . overreliance decision .
decisions escalation accountabilit escalation practical
process .
pathways y authority
. Fragmented . .
Pharmaceutic £ e . . Lifecycle High when
Intended-use accountabilit Evidence Implementati . .
al . . . Uncontrolled documentati documentation
. . . clarity; y; reconstructi on readiness . .
Traceability implementati . drift and on and volume is
ownership; undocumente onand  and stronger .
and governance  on and o . regulatory  reassessment mistaken for
auditability;  d updates; accountable audit . . L
regulated uncertainty  after material  scientific
change control governance  control confidence o
development theater change validity

Realist review logic
Realist review is suited to trustworthy Al because

central problem is explanatory rather than merely

ISSN (Online) 2249-6084 (Print) 2250-1029

classificatory. The objective is not to count how often
explainability, reproducibility, uncertainty quantification,
or external validation appears in the literature, but to
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determine how particular conditions enable these
interventions to trigger responses that alter confidence. A
context—-mechanism—outcome configuration is therefore
used as a provisional causal explanation: a context shapes
whether a mechanism is activated, and that mechanism
contributes to an outcome under specified conditions.
Methodological work on realist configurations emphasizes
that configuration design must serve an explanatory
purpose rather than function as a decorative arrangement
of variables [10]. In this review, CMO reasoning is
consequently used to compare positive pathways,
mechanism failures, negative cases, and boundary
conditions.

Context is defined as the technical, scientific, data,
workflow, organizational, human, governance, and
regulatory conditions within which an Al system and its
users operate. It includes such factors as data provenance,
assay heterogeneity, chemical-space coverage, stakeholder
expertise, workflow maturity, decision consequence,
institutional infrastructure, validation design, and intended
use. Realist-method scholarship cautions against treating
context as a static list of background variables because
contexts can be multilevel, relational, and causally
consequential for whether mechanisms activate [11]. Thus,
“code availability” may be enabling in an environment
with accessible data and adequate computational expertise
but insufficient in a setting where preprocessing remains
undocumented or dependencies cannot be reconstructed.
A mechanism is treated as the process or response activated
within a context rather than simply the technical
component that has been introduced. An explanation
method is therefore not itself the complete mechanism; a
relevant mechanism may be explanation-enabled scrutiny,
confirmation bias, or overtrust. Similarly, an external
dataset is not a mechanism; the mechanism is external
challenge when the dataset exposes a model to
meaningfully distinct conditions and thereby tests
assumptions about transportability. Theory-oriented
analysis of Al uptake in pathology illustrates the value of
examining how organizational, workflow, user, and
technological conditions interact to shape implementation
responses and outcomes [12]. Although evidence
transferred from adjacent biomedical Al must be qualified,
this logic is directly useful for studying why apparently
similar trust interventions may succeed in one drug-
discovery setting and fail in another.

The review process therefore uses iterative and purposive
searching to test an initial programme theory rather than
claim exhaustive retrieval. Theory-seeking searches
identify candidate explanations; mechanism-seeking
searches examine how scrutiny, replication, uncertainty
awareness, external challenge, traceability, and human
oversight are expected to operate; contradictory-evidence
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searches identify leakage, explanation overtrust,
benchmark inflation, distribution shift, and
implementation failure. Relevance is assessed by asking
whether a source can inform, support, refine, challenge, or
reject a CMO configuration, whereas rigor is assessed by
asking whether the evidence is sufficiently credible for the
specific inference being drawn. The same intervention can
consequently generate different outcomes: explanation
may support model debugging in a chemically
interpretable task but produce false reassurance when
fidelity is weak; reproducibility may enable independent
error detection but merely reproduce a leakage-
contaminated analysis; and governance may strengthen
accountability when operationalized while degenerating
into documentation theater when scientific validity
remains unchallenged.

Explainability and reproducibility mechanisms
Explainability mechanisms occupy a prominent but
contested position in trustworthy Al
interpretability, post hoc feature attribution, chemical
substructure attribution, graph explanations, counterfactual
explanations, example-based explanations, concept-level
methods, and attention-based interpretations differ in what
they reveal and what claims they can support. A crucial
distinction is whether a model is directly interpretable in a
decision-relevant sense or whether an auxiliary procedure
is attempting to explain a complex black box after
prediction. Arguments for interpretable modeling in high-
stakes decisions warn that post hoc explanation can
obscure this distinction and may provide an appearance of
understanding without equivalent access to model logic
[13]. In computational drug discovery, the appropriate
choice depends on task complexity, available alternatives,
scientific purpose, and the cost of misleading
interpretation.

Feature and substructure attributions can nevertheless
activate useful mechanisms when they expose model
sensitivities to scientifically informed scrutiny. In neural
models for chemistry, attribution has been used to
interrogate features associated with predicted binding
behavior and to generate hypotheses about what the model
has learned [14]. The appropriate outcome is not causal
proof but increased inspectability: a chemist may identify
an implausible dependency, compare influential regions
with known structure—activity reasoning, or discover that a
model relies on a shortcut. Counterfactual explanations
provide a complementary mechanism by asking what
chemically meaningful change would alter a prediction,
thereby making local prediction sensitivity more
contrastive and potentially actionable [15]. Their utility,
however, depends on whether proposed changes are
feasible, sufficiently close to the original molecule, stable

Intrinsic
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across model perturbations, and relevant to the decision
being made.

The critical realist distinction is between trust-building
mechanisms and trust-signaling artifacts. An explanation
becomes trust-building when it enables competent
challenge, reveals errors, clarifies boundaries, or supports
a decision that remains open to independent verification. It
becomes trust-signaling when a visually persuasive output
merely increases subjective confidence. Quantitative
evaluation of molecular graph explanations demonstrates
why explanation quality should be challenged rather than
presumed, because explainer performance varies with
model, task, and evaluation criterion [16]. Domain-aware

approaches that incorporate chemically meaningful
c) M
CONTEXT CONDITYOMS '“V‘;-(m
pre ey TR
8 - — il | I === e
e B o

substructure information may improve the alignment of
explanatory outputs with relevant molecular patterns, but
their value remains conditional on the appropriateness of
the prior knowledge and the validity of the evaluation
context [17]. Thus, a plausible explanation may be useful,
yet plausibility is not equivalent to fidelity, and neither
property independently validates the
prediction.

Figure 1 illustrates how explainability and reproducibility

underlying

mechanisms can either strengthen scientific confidence or
generate false reassurance depending on data quality,
workflow transparency, explanation fidelity, stakeholder
expertise, and verification conditions.
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Figure 1. Conditional Trust Pathways for Explainability and Reproducibility in AI-Enabled Drug Discovery

Alt-text description

A wide left-to-right conditional pathway begins with
contextual conditions such as data provenance, chemical-
space coverage, workflow transparency, explanation
fidelity, code availability, and stakeholder expertise. These
conditions activate or inhibit explainability and
reproducibility mechanisms. Positive branches lead to
model scrutiny, error detection, independent replication,
and calibrated confidence, whereas failure branches lead to
plausible but unfaithful explanations, automation bias,
replication failure, hidden leakage, and false confidence.
Reproducibility mechanisms address a related but distinct
problem: whether another investigator can reconstruct and
challenge the computational pathway that produced a
result. Benchmark standardization can support comparison
by making tasks, datasets, and evaluation procedures more
explicit, but the meaning of benchmark evidence remains
dependent on split strategy, endpoint, dataset structure, and
the generalization claim being made [18]. Robust
reproducibility therefore extends beyond making a script
public. It requires transparent molecular standardization,
preprocessing history, feature generation, data partitions,

ISSN (Online) 2249-6084 (Print) 2250-1029

hyperparameters, random seeds, dependency versions,
computational environments, stopping rules, and
benchmark documentation. Under supportive conditions,
these resources activate independent rerun, discrepancy
detection, and boundary-condition discovery.

The importance of evaluation context becomes particularly
visible when benchmark structure rewards memorization
rather than transportable learning. Empirical analysis of
ligand-based classification has shown that some
benchmarks can favor recognition of related compounds
instead of generalization to genuinely distinct chemical
matter [19]. This failure pathway is not simply a “bad
model” problem; it is a context-mechanism interaction.
When chemically related observations cross evaluation
boundaries, a model may exploit similarity, the benchmark
may reward that behavior, and investigators may infer
generalization from an insufficient challenge. Comparable
concerns arise from hidden preprocessing, repeated
benchmark tuning, undocumented selection decisions, and
data leakage. Reproducibility is valuable here because it
can expose these pathways, but it cannot guarantee that

wWww.eijppr.com

28



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | April 2025 | Volume 15 | Issue 2 | Page 23-39
Sara Al-Fahd, Trustworthy Al for Computational Drug Discovery: A Realist Review of Explainability, Reproducibility, Validation, and Regulatory

Confidence

they will be recognized unless the evaluation logic itself is
critically inspected.

Explainability and reproducibility should consequently be
understood as mutually checking but non-substitutable

pathway therefore combines explanation quality
assessment with transparent provenance, independent
rerun, explicit generalization assumptions, leakage control,

and scientific challenge. The corresponding failure

mechanisms. Explanation can expose suspicious model pathway combines persuasive explanation, opaque
dependencies while reproducibility enables others to  preprocessing, unverifiable tuning, and uncritical
reconstruct the conditions under which those dependencies  stakeholder reliance. Table 2 compares major

appeared. Conversely, a reproducible workflow may
consistently generate a misleading explanation, and a
faithful explanation may describe a model trained on

explainability and reproducibility mechanisms according
to their intended trust function, contextual requirements,
failure modes, and evidentiary limits.

biased or leakage-contaminated data. The strongest trust

Table 2. Explainability and Reproducibility Mechanisms for Trustworthy Al in Computational Drug Discovery:
Intended Functions, Contextual Preconditions, Scientific Benefits, Failure Modes, and Validation Safeguards

Primary Typical Required Potential . i Risk of . . .
. . . L. Major failure . . Verification Implementati
Mechanism trust computation enabling scientific overinterpretati .
Rk . mode requirement on safeguard
function al context  condition benefit on
Simpler
o . Document
Make model predictive Interpretable  Directer . .
. . Simplified Assuming Independent why
Intrinsic structure or models; model must  scrutiny of . et o .
. e .. . . . . . model may interpretability predictive and interpretable
interpretabilit decision logic constrained retain relationships .. L .
. . . . omitimportant  guarantees scientific form is
y directly high- adequate task and decision . 1 S .
. complexity validity validation appropriate for
inspectable consequence relevance structure -
intended use
tasks
Molecular
Identify input  property Method Model Attribution Report method
features prediction; appropriate to debugging . .. Treating Fidelity and assumptions
Feature . . instability or . . o .
o associated neural architecture and importance as  perturbation- and sensitivity
attribution . . method . .
with a models; and sensitivity dependence causality based checks to explainer
prediction  descriptor- representation inspection P choice
based models
Detect
s Chemically . . . o
Highlight . Y implausible . Equating Quantitative Separate
. GNNs; meaningful . Visually s
Chemical molecular dependencies . highlighted and explanatory
QSAR; atom/bond plausible but . . .
substructure  fragments .. . ; support . fragment with ~ chemistry-  hypothesis
. . activity  representation unfaithful .
attribution  associated . structure- s causal aware from validated
. prediction  and expert highlighting . . .
with output revie focused mechanism evaluation =~ mechanism
view .
scrutiny
Locali Cross- p
. . ocalize . . reserve
Identify Suitable Explainer = Assuming one method, .
. : Molecular . model- . . explainer
Graph influential explainer; disagreement graph fidelity, .
. graph neural .. relevant .. version and
explanation nodes, edges, explicit and unstable explanationis  robustness, .
networks . . structural . o evaluation
or subgraphs quality metric . subgraphs definitive and stability
regions . protocol
testing
. . . s Label
Molecular  Chemically Contrastive . Treating a Feasibility,
Show . . Implausible or .. counterfactuals
property and feasible and understandin . generated change proximity,
Counterfactua changes that distant . . as hypotheses
. compound- locally g and as validated  stability, and ..
1 explanation would alter a .. i counterfactual o L requiring
. activity relevant actionable optimization prediction ..
prediction . . . . . scientific
prediction perturbations inspection advice checks .
review
Representativ Audit .
Relate o P Display
. Similarity- e reference Expose . example N
Example- prediction to . . Example set Assuming . applicability
. . rich examples and analogical S selectionand . .
based influential or . reproduces similarity proves . limitations and
. . molecular  transparent basis of . . chemical-
explanation similar . . . dataset bias  transportability counterexampl
prediction similarity ~ prediction space
examples . es
logic coverage
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Defensible
Test model . Connect Poorly . Concept Document
o Representatio  concept . Treating concept .
Concept-  sensitivity to . .. model specified ) validity and concept
: n learning; definition and . alignmentas . .
based higher-level . behaviorto  concepts independent construction
. . o multimodal measurable . . causal
interpretation  scientific domain  create circular . robustness and boundary
models concept . . understanding . L.
concepts . constructs interpretation testing conditions
mapping
Transformer _ . . . Compare with . .
. Evidence that Hypothesis  Attention . P . Avoid labeling
. Inspect  and attention- .. . . Treating alternative .
Attention- attention is ~ generation  weights are . . attention
learned based . attention as explanation ., . |
based S relevant to about  not necessarily _. . visualization
) . weighting molecular or . ) . direct reasoning and
interpretation . explanatory information faithful . as proof of
patterns  biomolecular lanati trace perturbation .
urpose use explanations reasonin
models puip P methods &
. Explicit Distinguish .
Determine P . . & . Assuming one . Predefine
. fidelity informative . . Multiple .
Explanation  whether Any posthoc . . . fidelity metric explanation
. . criterion and explanations Inadequate complementar .
fidelity explanation XAl . settles claim and
relevant from proxy metric . y checks .
assessment tracks model workflow . . explanation . matching
. perturbation  persuasive o where feasible .
behavior . . validity metric
design artifacts
Test whether
similar cases Lo
) Local Scientifically . Stable output . Report
Explanation  or small . Reveal brittle . Equating Repeated and . ..
. . molecular  meaningful . may still be o . . instability as a
stability  perturbations . . explanation . stability with  perturbation- ..
. explanation perturbation . systematically . . decision
assessment yield . behavior fidelity based analysis . . .
. workflows regime wrong limitation
consistent
explanations
Enable .
reconstructio QSAR, Source Untracked Assuming Immutable
. . . u
Data .. ADMET, identifiers, Error tracing . documented .
n of training .. . . merging or Independent version
provenance toxicity, transformatio and bias . provenance . .
and . . . . .. silent dataset lineage audit references and
capture . multimodal ns, inclusion investigation ensures data
evaluation . replacement . change logs
. workflows logic, lineage quality
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Validation and regulatory confidence

Validation in computational drug discovery should be
understood as a layered challenge to a model claim rather
than a single event completed when training performance,
cross-validation, or a held-out score is reported. Training
performance primarily describes optimization against
observed data; internal validation evaluates behavior under
a specified resampling or holdout design; scaffold-aware
and temporal designs probe particular forms of structural
or chronological separation; external validation challenges
the model with data generated beyond the development set;
prospective validation tests performance on future-facing
cases; and experimental validation subjects selected
computational outputs to physical or biological evidence.
These layers differ in what they can establish, and none
automatically proves universal generalizability. The same
principle applies to uncertainty quantification.
Comparative evaluation of scalable uncertainty-estimation
methods for molecular property prediction indicates that
uncertainty behavior is method- and context-dependent, so
the presence of an uncertainty value should not be
interpreted as evidence that confidence is appropriately
calibrated for the decision at hand [20]. Validation
confidence therefore depends on whether the evidentiary
challenge matches the intended claim, anticipated
distribution, chemical-space boundary, and consequence
of error.

Internal validation can be informative while still leaving
substantial uncertainty about transportability. Cross-
validation and random holdouts may estimate performance
under conditions resembling the sampled dataset, but they
can overstate confidence when molecular redundancy,
scaffold relationships, repeated assay structures, or
preprocessing dependencies make evaluation partitions
insufficiently distinct. Scaffold-aware validation is often
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used to increase structural separation, yet the choice of
scaffold definition and the intended generalization target
remain consequential; temporal validation may better
approximate future-facing use when data-generating
processes are sufficiently stable, but it can also expose drift
in assays, chemistry programs, or organizational practice.
Neural-network uncertainty studies in molecular property
prediction likewise show that uncertainty quality varies
across datasets, tasks, architectures, and estimation
methods [21]. The relevant mechanism is therefore not
“validation performed” or “uncertainty displayed,” but
exposure of the model to a challenge capable of revealing
unsupported confidence under conditions that matter for
use.

Prospective validation raises the evidentiary bar because
the challenge is generated after model development rather
than reconstructed entirely from historical data. In
industrial ADME prediction, prospective evaluation has
been used to test machine-learning algorithms against
future cases in an operational setting, providing a more
decision-relevant ~ assessment  than  retrospective
performance alone [22]. The trust-building mechanism is
future-facing assumptions embedded in
preprocessing, model selection, endpoint relationships, and

exposure:

chemical-space coverage are confronted by cases not
available during development. Even so, prospective
validation should not be equated with universal
transportability. A prospective study may remain specific
to one endpoint, organization, assay process, chemical
program, or period. Confidence therefore increases in a
bounded manner when the prospective context resembles
intended use and when deviations, missingness, model
updates, and selection processes are transparently
documented.
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Experimental validation provides another form of external
challenge by testing computationally prioritized
hypotheses against physical or biological evidence. Deep-
learning-guided antibiotic discovery illustrates how
computational prioritization can be connected to empirical
testing, changing the evidentiary status of selected
predictions without demonstrating that the model is valid
for every compound class or discovery problem [23].
Similarly, deep-learning-enabled identification of DDR1
kinase inhibitors linked computational design to synthesis
and experimental assessment, offering stronger evidence
than an entirely in silico claim while remaining bounded to
the studied workflow and target context [24]. These
examples clarify an important distinction: prospective or
experimental confirmation can strengthen translational
confidence, but it does not establish clinical utility,
regulatory acceptance, or universal model validity.
Selection effects, narrow confirmation sets, assay choices,
and incomplete replication may still constrain what can
reasonably be inferred.

Validation should also expose chemically consequential
failure modes that aggregate metrics can conceal. Data
leakage may arise when information from held-out cases
influences feature construction, preprocessing, target
definition, or tuning; scaffold leakage may occur when
structural relationships allow an apparently separated test
set to remain easier than the intended extrapolation task;
temporal leakage may introduce future information into
historical prediction; and repeated benchmark use may
convert an ostensibly untouched test set into an indirectly
optimized resource. Distribution shift may additionally
arise from changes in chemical series, assay practice, target

biology, measurement technology, institutional context, or
sampling policy. Activity cliffs are particularly important
because small structural modifications can correspond to
large property changes, creating local discontinuities that
challenge models whose aggregate performance appears
strong. Empirical work using activity cliffs to expose
molecular machine-learning limitations demonstrates that
apparently competitive models can remain brittle in
chemically important local regions [25]. Validation should
therefore include explicit scrutiny of chemical-space shift,
local discontinuity, and applicability boundaries rather
than rely exclusively on global averages.

Regulatory confidence sits downstream of, but is not
identical to, scientific validation. In drug development,
confidence may be strengthened when model purpose, data
provenance, intended use, validation design, uncertainty,
human responsibilities, version history, and change
controls are sufficiently traceable to permit independent
scrutiny. Analysis of Al and machine-learning applications
in regulatory submissions shows that regulatory use is
context-specific and embedded in particular development
purposes rather than governed by a single threshold of
technical performance [26]. Regulatory confidence
therefore depends on fit-for-purpose evidence, auditability,
risk proportionality, evidence provenance, model-update
control, and clarity about how human judgment interacts
with automated output. Regulatory confidence is not
regulatory approval, and regulatory readiness is not clinical
utility. Table 3 synthesizes the major validation layers and
regulatory-confidence mechanisms relevant to Al-enabled
computational drug discovery.

Table 3. Validation and Regulatory Confidence in Al-Enabled Computational Drug Discovery: Evidence Layers,
Contextual Preconditions, Confidence Mechanisms, Failure Risks, Documentation Needs, and Implementation

Implications
Validation .
. . Mechanism . . a. . .
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i
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Estimate . . .
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validation fromthe  information . . . intended-use .
observations evidence  repeated test tuning when claims
development  leakage relevance .
use procedure remain bounded

data context
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Context—mechanism—outcome synthesis

The realist synthesis indicates that trustworthy Al cannot
be explained by adding independent technical virtues to a
model; rather, confidence emerges when contexts activate
mechanisms that expose claims to meaningful challenge.
Consider the explainability—scrutiny configuration. In a
context of adequate data provenance, chemically
meaningful representation, competent domain expertise,
and explanation methods whose behavior is sufficiently
assessed, an explanation can trigger scrutiny, error
detection, and boundary awareness. The outcome may be
more credible prioritization because the model becomes
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easier to challenge rather than merely easier to describe.
The same logic extends to uncertainty-aware decision
processes: drug-design scholarship on uncertainty
quantification emphasizes that uncertainty becomes useful
when it informs how decisions are prioritized, deferred,
escalated, or experimentally challenged [27]. The
mechanism is therefore not the numerical production of an
uncertainty estimate but a change in reliance under
conditions where the estimate is sufficiently credible for
the relevant decision.

A contrasting configuration explains explanation overtrust.
In contexts where post hoc outputs are visually persuasive,
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stakeholders expect chemically intuitive narratives, fidelity
is untested, or expertise is insufficient to interrogate the
explanation, apparent transparency may activate
acceptance rather than scrutiny. The outcome is false
reassurance: an explanation that resembles domain
knowledge can increase subjective confidence while
leaving predictive validity, causality, and transportability
unresolved. Chemical-space support modifies this pathway
because even a seemingly coherent explanation may
accompany a prediction outside the region adequately
represented by development data. Work examining
uncertainty and trust in Al-enabled drug discovery
highlights the importance of applicability-domain
reasoning and recognition of unsupported extrapolation
[28]. Thus, the refined configuration is conditional:
explainability may support trust when it enables challenge
within a defensible domain, but it may undermine trust
when plausibility substitutes for fidelity or when a
confident narrative conceals weak chemical support.

The reproducibility—independent-verification
configuration is similarly contingent. When data versions,
preprocessing, code, dependencies, randomness,
hyperparameters, and  execution  history  are
reconstructable, independent investigators can rerun the
workflow, locate discrepancies, and identify boundary
conditions. The resulting outcome is stronger scientific
confidence because the claim becomes challengeable.
When the same resources are absent, workflow opacity
inhibits reconstruction and replication failure reduces
confidence. Yet reproducibility alone remains insufficient:
a fully reconstructable workflow can consistently
reproduce leakage, biased labels, or an invalid endpoint.
External challenge becomes important because it tests
whether model claims survive conditions distinct from
development. Translational Al literature emphasizes that
representative  local distribution ~ shift,
workflow conditions, and deployment context shape
whether apparent performance survives transfer [29]. The
relevant mechanism is not an “external” label but exposure
to differences capable of falsifying hidden assumptions.

A fourth configuration concerns leakage, memorization,
and generalization. In contexts where related compounds
cross evaluation boundaries, preprocessing incorporates

evaluation,
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held-out information, benchmark exposure influences
repeated tuning, or endpoint structure is unusually
redundant, the evaluation process may activate a shortcut
mechanism: the model exploits relationships unavailable
or less prevalent in intended future use. The outcome is
inflated confidence rather than genuine transportability.
This pathway can persist even when the workflow is
reproducible and the model architecture is sophisticated.
Comparative analysis of learned molecular representations
across public and proprietary property-prediction tasks
demonstrates that model behavior varies with dataset and
endpoint context, arguing against architecture-level claims
of universal superiority [30]. Consequently, generalization
confidence should remain bounded by the exact challenge
survived, including chemical-space distinctness, temporal
separation, assay conditions, and the relevance of the
external context to the intended decision.

The refined realist programme theory therefore proposes
that trustworthy Al emerges when context-appropriate
mechanisms are activated, independently challenged, and
supported by validation and governance proportionate to
decision risk. High-quality provenance and relevant
chemical-space coverage can enable scrutiny and
uncertainty interpretation; transparent workflows can
enable independent reconstruction, leakage-aware
evaluation can prevent some forms of performance
inflation; external, prospective, or experimental challenge
can test whether retrospective relationships persist;
empowered human oversight can intercept errors; and
traceable governance can preserve accountability across
change. These mechanisms do not simply accumulate.
They can correct one another: explanation may identify
suspicious dependencies that trigger additional validation;
uncertainty may prompt abstention or experimental
confirmation; independent replication may reveal hidden
preprocessing; and monitoring may expose a context shift
requiring redesign. Trustworthy outcomes are therefore
bounded and revisable rather than permanently conferred.
Figure 2 presents the refined realist programme theory
explaining how trustworthy Al outcomes emerge from
interactions among drug-discovery contexts, confidence-
generating mechanisms, validation pathways, governance
conditions, and implementation outcomes.
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Figure 2. Context-Mechanism—Outcome Framework for Trustworthy Al in Computational Drug Discovery

Alt-text description
A wide realist framework organizes trustworthy Al into
context, mechanism, and outcome layers. Contexts include
data provenance, chemical-space coverage, assay quality,
workflow maturity, stakeholder expertise, decision risk,
and regulatory Mechanisms

environment. include

explanation-enabled scrutiny, uncertainty awareness,
replication, external validation, human oversight,
traceability, and prospective confirmation. Positive

outcomes include credible prioritization, reproducibility,
generalization confidence, implementation readiness, and
regulatory confidence. Failure pathways show leakage,
distribution shift, explanation overtrust, weak governance,
and false confidence.

Implementation conditions

Operational trustworthy Al requires organizational
conditions that convert abstract principles into repeatable
practices across the model lifecycle. Data governance must
preserve source provenance, transformation history, access
controls, endpoint definitions, and responsibility for
correction; workflow maturity must connect code,
environments, model versions, preprocessing, validation
artifacts, and decision records; multidisciplinary expertise
must bring computational scientists into continuing
with  medicinal chemists, biologists,
toxicologists, quality specialists, and decision owners.
Responsible-machine-learning guidance in high-stakes
health contexts emphasizes lifecycle thinking, stakeholder
engagement, careful problem formulation, and evaluation
aligned with real use rather than isolated model
construction [31]. For computational drug discovery, the
transferable mechanism is accountable challenge:
implementation becomes more trustworthy when domain
experts can question assumptions, model developers can
reconstruct evidence, and responsible decision-makers

interaction

ISSN (Online) 2249-6084 (Print) 2250-1029

have authority to escalate, defer, override, or request
additional validation.

Implementation must also recognize that regulatory
confidence is institutionally contextual. Comparative
analysis of Al- and machine-learning-based medical-
device approvals across the United States and Europe
demonstrates that regulatory pathways, product categories,
and evidentiary environments differ rather than forming
one universal model of acceptance [32]. Although medical-
device evidence should not be treated as direct proof of
drug-development requirements, the mechanism-level
implication is relevant: regulatory confidence is shaped by
intended use, jurisdiction, risk, evidence provenance, and
the capacity to inspect how a system changes.
Computational drug-discovery teams should therefore
avoid treating “regulatory readiness” as a generic technical
maturity score. Regulatory strategy should begin by
specifying the model’s role, consequence, degree of
autonomy, evidence dependency, human control, and the
conditions under which the system may be updated or
repurposed.

Within pharmaceutical organizations, governance maturity
becomes consequential when it is operational rather than
aspirational. Pharmaceutical Al governance literature
identifies the importance of accountability, data
governance, transparency, cross-functional expertise,
monitoring, and alignment between innovation and
responsible control [33]. In practice, these conditions
require named ownership, model documentation, code and
environment validation ~ planning,
uncertainty communication, independent review, decision
escalation, change control, and post-update reassessment.
A material change in training data, endpoint definition,
representation,  architecture, software dependency,
deployment context, or intended use should trigger
proportionate review rather than silent continuation under

management,
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historical evidence. Governance failure occurs when
records are incomplete, ownership is fragmented, model
updates are disconnected from validation, or incentives
reward rapid benchmark improvement while discouraging
negative findings.

Governance intensity should be proportionate to decision
consequence, uncertainty, model autonomy, evidence
maturity, and potential harm. Early exploratory screening
may tolerate greater uncertainty when model outputs are
inexpensive hypotheses subjected to subsequent scientific
filtering. Compound prioritization may require stronger
chemical-space analysis, uncertainty communication, and
documented human challenge because model rankings can
redirect experimental resources. Lead-optimization
support may justify more explicit provenance, local
validity assessment, and change control as decisions
become more costly and interconnected. Toxicity
assessment and other high-consequence translational
decisions demand stronger independence of validation,
clearer applicability boundaries,
procedures, and tighter control of model updates. The
realist implication is that one governance checklist cannot
produce trustworthiness across all these settings: the same
mechanism may be adequate in a low-consequence
exploratory context and inadequate when an output
substantially influences a high-risk development decision.
Future implementation priorities should therefore focus on
infrastructures and incentives that make models easier to

robust escalation

challenge. Standardized reporting should expose task
formulation, dataset provenance, preprocessing, split logic,
benchmark reuse, tuning decisions, and uncertainty
assumptions; benchmark hygiene should address leakage,
related entities, repeated test exposure, and inappropriate
generalization claims; temporal and genuinely external
validation should be used when they correspond to
intended deployment; prospective or experimental
challenge should be prioritized for consequential claims;
uncertainty calibration should be connected to explicit
actions rather than decorative confidence values; model-
change governance should link material updates to
reassessment; and auditability should preserve the chain
from data to decision. Cross-disciplinary training is equally
important because computational competence alone does
not ensure chemically, biologically, organizationally, or
appropriate  interpretation.  Successful
implementation is most likely when transparent
provenance, independent challenge, human accountability,
and risk-proportionate governance operate together; failed
implementation and regulatory uncertainty remain likely
when organizational incentives reward apparent
performance while obscuring limitations, negative cases,
and the cost of being confidently wrong.

regulatorily
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CONCLUSION

This realist review reframes trustworthy Al in
computational drug discovery as a conditional outcome
emerging from interactions among context, mechanism,
validation, and governance rather than as an intrinsic
property  conferred by accuracy, explainability,
reproducibility, validation, or regulation alone.
Explainability may support scrutiny, debugging, scientific
plausibility assessment, and human challenge when
explanations are sufficiently faithful, stable, domain-
relevant, and competently interpreted, but it may produce
overtrust when persuasive plausibility substitutes for
evidence. Reproducibility can enable independent
verification when data, code, environments, randomness,
preprocessing, and  workflow
reconstructable, yet reproducible error remains error.
Validation becomes confidence-generating when the
challenge is distinct, relevant, leakage-aware, and
proportionate to the intended claim; uncertainty awareness
becomes useful when estimates are adequately evaluated
and alter decisions appropriately; and regulatory
confidence depends on traceability, intended-use clarity,
human accountability, change control, and risk-
proportionate evidence rather than documentation alone.
The refined programme theory therefore holds that
trustworthy outcomes emerge when appropriate contexts
activate credible mechanisms, evidence is independently
challenged, provenance remains transparent, uncertainty is
acknowledged, humans retain meaningful responsibility,
and governance intensity reflects decision consequence
and evidentiary maturity. Trust should consequently
remain bounded, revisable, and open to falsification as
chemical space, workflows, models, organizations, and
regulatory expectations change.
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