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ABSTRACT

Molecular bioactivity models typically treat inactive compounds as a homogeneous negative class, yet inactivity
can arise from multiple biologically and experimentally distinct causes. A compound may genuinely fail to
engage its target, reach insufficient effective concentration, fall below detection thresholds, encounter
unfavorable cellular states, or remain untested rather than being truly negative. This theory article examines
the consequences of collapsing these different evidential states into a single computational label and argues
that inactivity should be interpreted primarily as an observation generated under specified experimental
conditions rather than as an intrinsic molecular property. Drawing on evidence from assay context, target
engagement, intracellular exposure, solubility and permeability, experimental uncertainty, phenotypic state,
negative sampling, and model evaluation, we develop a latent-cause framework for inactive bioactivity labels.
This framework distinguishes relatively certain negative evidence from ambiguous negative evidence and
unobserved activity, while preserving the possibility that genuinely inactive compounds provide valuable
structural information. The proposed interpretation does not require uncertain negatives to be relabeled as
active; instead, it motivates models and benchmarks that explicitly represent the provenance and confidence of
negative evidence. Such treatment may improve the scientific meaning of molecular prediction and candidate
deprioritization. However, the theory does not establish that any specific uncertainty-aware algorithm will
outperform conventional binary learning. Its practical value therefore depends on richer assay metadata,
orthogonal measurements, context-aware evaluation, and prospective validation.
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INTRODUCTION objectives. Biologically, however, the label is more
conditional. Assay-aware modeling has shown that
Molecular machine-learning  datasets often encode biological and experimental context can contribute

bioactivity as a binary distinction: active versus inactive.  jnformation not contained in molecular structure alone [1].

Computationally, this representation is convenient because
each observation can be converted into a target variable
and optimized through conventional classification
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workflows
similarly emphasize that model interpretation depends on
how Dbioactivity measurements were produced and

Integrated  experimental-computational
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contextualized [2]. An inactive label therefore does not
simply describe a molecule; it describes the relationship
among a molecule, a biological system, an assay
configuration, a concentration regime, and a decision rule.
The problem becomes sharper when measurements from
different sources are combined. Cross-source aggregation
of IC50 and Ki values can introduce substantial noise
because superficially similar potency measurements are
not automatically interchangeable [3]. Prediction behavior
can also change when confidence and curation rules are
altered, demonstrating that the training signal depends
partly on decisions made before modeling begins [4].
These observations do not imply that bioactivity databases
are unreliable. They instead indicate that data provenance
and confidence are part of the scientific meaning of a label.
Large bioactivity integrate
heterogeneous assay types, targets, activity measures, and
experimental records [5]. Converting these records into
binary outcomes can therefore erase information about
why a compound crossed—or failed to cross—a chosen
activity threshold. This article proposes that molecular
models should treat inactivity as evidence with a cause and
a degree of certainty, rather than as a context-free
molecular attribute. The proposal is deliberately narrower
than claiming that inactive labels are generally wrong.
Many inactives are likely to be informative negatives. The
theoretical problem is that biologically credible inactivity,
experimentally unresolved inactivity, and merely
unobserved activity can become computationally
indistinguishable once compressed into the same zero.

resources  necessarily

The many biological meanings hidden nside a zero label
A zero label can occupy different positions in the
pharmacological sequence between molecular encounter
and measured response. Target-engagement assays are

specifically designed to determine whether a compound
interacts with its intended target in a biologically relevant
environment, distinguishing engagement from
downstream functional readouts [6]. Experimental
approaches such as CeTEAM further demonstrate that
target engagement can be linked to subsequent
pharmacological response without assuming that the two
measurements are equivalent [7]. Consequently, absence
of a downstream effect cannot, by itself, identify whether
the compound failed at target recognition, cellular access,
engagement, signal propagation, or the measured endpoint.
At the same time, inactivity can be scientifically
informative. InertDB demonstrates that inactive small
molecules can be curated as an explicit resource rather than
discarded as failed observations [8]. Structure—inactivity
relationship analysis likewise emphasizes that molecular
changes associated with loss of activity can constrain
medicinal-chemistry reasoning and define boundaries
around productive chemical space [9]. A negative
observation should therefore not automatically be
discounted simply because it lacks a positive phenotype.
A further distinction arises when ‘“negatives” are
constructed for computational purposes. Virtual-screening
workflows frequently rely on decoys whose role is to
contrast known actives with compounds selected to behave
as plausible nonbinders within a benchmark [10]. Such
examples can be methodologically useful without being
equivalent to experimentally demonstrated target
inactivity. The important theoretical distinction is thus not
active versus inactive alone, but what type of evidence
produced the inactive state and what conclusions that
evidence can support.

The resulting distinction between established experimental
interpretations and the extension proposed here is
summarized in Table 1.

Table 1. From observed inactivity to evidentially qualified negative labels: established interpretations and the proposed
modeling extension

‘What the observation does

Observed negative state What existing evidence permits

not establish Proposed modeling extension

Supports negative target-
Failure to engage a target engagement evidence when the
assay is appropriate

Universal absence of affinity

Treat as relatively strong negative
evidence, conditional on assay

across conditions
adequacy

No downstream
pharmacological response

Supports absence of the
measured functional response

Which upstream step produced

Preserve functional nonresponse

the nonresponse separately from inferred nonbinding

Curated inactive
annotation

Provides reusable negative
bioactivity information

Context-independent
mechanistic inactivity

Retain provenance and confidence
rather than collapse to an unqualified
Zero

Structure-inactivity
relationship

Can identify structural changes
associated with activity loss

That every inactive analogue
failed for the same mechanism

Use inactivity as informative local
chemical evidence where experimental
context is compatible

Provides contrast for virtual-

mputational . . ..
Computational decoy screening evaluation or training

Experimentally demonstrated
biological inactivity

Encode as constructed negative
evidence rather than measured
inactivity

Note: The final column is a proposed theoretical extension developed in this article; it is not presented as an experimentally validated negative-label

taxonomy.
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True target inactivity

A defensible theory of ambiguous inactivity must preserve
the possibility of genuine negative evidence. If a
compound is tested under conditions that provide a
credible opportunity for target engagement and
nevertheless fails to engage, the observation can
reasonably carry more negative evidential weight than an
untested or artificially generated compound [6]. Likewise,
when target engagement and functional pharmacology are
measured  separately,
appropriately designed measurements provides a stronger
basis for deprioritization than downstream nonresponse
alone [7]. “True target inactivity” should therefore be
understood here as an evidential category, not as an
absolute metaphysical claim about a molecule.

This distinction matters because inactivity can contain
useful chemical information. Curated inactive datasets
demonstrate that negative observations can be retained
systematically [8], while structure—inactivity relationships
can reveal where molecular modifications are associated

concordant absence across

with loss of measured activity [9]. Such information may
help define local boundaries in chemical space, particularly
when compared within a coherent assay series. Treating
every negative as suspect would therefore discard precisely
the counterexamples needed to learn specificity.

The proposed theory instead separates strong negative
evidence from weakly interpretable negative evidence. A
computational decoy selected to challenge a model is
useful for a different reason than an experimentally
reproduced nonengager [10]. Neither should be erased, but
neither should be assumed to mean the same thing. The
relevant question for molecular learning is not whether
inactivity is “real” in the abstract; it is how strongly the
available experiment constrains the hypothesis that the
molecule can produce the target or functional activity of
interest under the conditions being modeled.

Insufficient exposure masquerading as lack of activity

A molecule may be intrinsically capable of engaging a
target yet fail to generate a cellular response because an
adequate concentration never reaches the relevant
intracellular compartment. Direct measurements of
intracellular exposure have shown that accounting for
compound access can help bridge discrepancies between
target-based potency and cell-based pharmacology [11].
This creates an important interpretive asymmetry: a
negative cellular outcome may provide evidence against
effective cellular activity without providing equally strong
evidence against intrinsic target recognition.

Permeability is one component of that distinction. Cell-free
permeability systems are used precisely because molecular
access across membrane-like barriers is a developability
variable rather than a guaranteed consequence of

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

extracellular dosing [12]. More direct analytical
approaches can go further: in-cell NMR has been used to
quantify both cellular permeability and target engagement
for middle-sized molecules, demonstrating experimentally
that access and engagement are separable properties that
can be interrogated within cells [13]. Accordingly, failure
of a cell-based assay should not automatically be translated
into a structure-level negative label when target access has
not been established.

Solubility introduces another constraint on effective
concentration. Analyses of intrinsic-solubility modeling
show that estimates are sensitive to the quality and
consistency of the underlying experimental data [14].
Nominal concentration therefore should not be treated as
equivalent to freely available concentration without
qualification. The theory proposed here consequently
treats exposure-limited inactivity as a candidate
explanation, not a default rescue hypothesis for every
negative result. Cellular exposure, permeability, solubility,
nonspecific binding, target abundance, and assay duration
may interact, and the present evidence does not justify
attributing a specific inactive observation to one of these
causes without additional measurements. What molecular
modeling should preserve is the distinction between “no
effect despite credible exposure” and “no effect under
unresolved exposure conditions.”

Assay sensitivity and censoring

Binary labels also compress uncertainty created by the
assay itself. A measured response close to an activity
threshold is not equivalent to an observation far from that
threshold, yet a hard cutoff can assign both the same class.
Probabilistic modeling of bioactivity measurements has
shown that explicitly incorporating experimental
uncertainty can improve prediction near classification
thresholds [15]. This does not imply that every near-cutoff
inactive is secretly active; it means that the label carries
less certainty than its binary encoding suggests.

Assay validity creates a separate problem. Observed
screening signals can be compromised by assay
interference, artefactual hits, or nuisance chemistry and
therefore require validity assessment before mechanistic
interpretation [16—18]. Much of this literature concerns
false-positive signals, so it should not be used to infer that
false-negative inactivity is equally prevalent. Its relevance
here is epistemic: an assay readout is not automatically
identical to the underlying molecular event.

For inactive labels, censoring therefore has at least two
meanings. A compound may fall below a predefined
detection or activity boundary, and the experiment may
leave the magnitude or cause of that nonresponse
unresolved. The proposed theory treats such cases as
measurement-qualified negatives.
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Cell context and pathway state as sources of conditional
mactivity

Cellular inactivity is conditional on the state of the
biological system in which it is measured. Context-aware
deconfounding of cell-line drug response shows that
cellular can materially affect predictive
relationships [19]. Phenotypic profiles likewise provide
information that complements chemical structure,
indicating that the biological state produced by a
compound need not be recoverable from molecular
representation alone [20]. A compound that is inactive in
one cellular configuration may therefore supply evidence
about that configuration without establishing context-
independent pharmacological inactivity.

Morphological profiling makes this distinction operational.
Cell Painting-based prediction has been used to improve
screening prioritization in tested high-throughput settings
[21]. Transcriptomic approaches extend the same principle
to molecular state: chemical-induced expression profiles
can encode perturbational
phenotype-based discovery, and generative models can
predict context-dependent transcriptional responses to new
perturbations.  Cellular-profile  studies show that
compound-induced biological state can provide activity
information beyond a structure-only representation [21—
23]. These profiles do not establish target mechanism.

A negative functional label can therefore be conditional on
cell lineage, pathway configuration, target abundance,
compensatory signaling, dose, and time. When such
contextual variables are available, they should be treated as
part of the observation rather than as irrelevant metadata.

covariates

information relevant to

Negative labels created by experimental design

Some negative labels are not experimental nonresponses at
all. Drug—target interaction datasets often contain known
positive edges and a much larger set of unknown
relationships; computational construction of the learning
task determines which of those relationships are treated as
negative examples [24]. In such settings, “negative” may
mean “not known to interact,” which is epistemically
different from “tested and found not to interact.”
Positive—unlabeled learning was developed for precisely
this asymmetry: positives are observed while the
remaining examples are not assumed to be confirmed
negatives [25]. Molecular bioactivity studies have also
shown that adding stochastic negative examples can
change predictive performance [26]. These approaches
demonstrate that negative-class composition is a modeling
choice as well as a biological fact. They do not establish
that unlabeled examples are likely active, only that
unknown status should not be mistaken for experimentally
demonstrated inactivity.

Not all measured inactives are equally useful either. Data-
valuation approaches in high-throughput screening
indicate that training examples can differ in informational
value [27], while models that combine molecular structures
with bioassay descriptions show that assay context can add
predictive information beyond structure alone [28].

Table 2 organizes the architecture that follows directly
from these distinctions.

Table 2. Proposed construct architecture for negative evidence in molecular bioactivity learning

Evidence construct Defining observation

Evidential interpretation

Appropriate modeling stance

Measured strong

negative reproducible nonactivity [6]

Credible assay opportunity with ~ Relatively strong evidence against Preserve as informative negative;
activity under matched conditions

retain assay scope

Nonresponse near a threshold or
under unresolved assay sensitivity
[15]

Measurement-qualified
negative

Negative evidence with reduced

Represent uncertainty or

certainty confidence where available

Context-qualified
negative

Nonresponse under a defined
cellular, dose, or pathway state [19]

Evidence against activity in that

Condition the label on biological

state context

Functional nonresponse without

Exposure-qualified established effective target-site

Evidence against observed effect
not necessarily intrinsic target

> Preserve exposure metadata; avoid

negative o mechanistic overinterpretation
exposure [11] recognition
Unobserved Compound-—target pair not Missing status rather than Treat as unlabeled unless justified
relationship experimentally resolved [25] demonstrated inactivity otherwise

Decoy or sampled nonpositive
generated for learning [26]

Computational contrast, not
empirical inactivity

Encode provenance and evaluate

Constructed negative . .
sensitivity to sampling

Note: The constructs and recommended modeling stances are proposed in this article; supporting evidence for their component distinctions derives

from the preceding experimental and computational literature.

The relationships among observed labels, latent
explanations, and defensible model interpretations are
shown in Figure 1.
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Figure 1. From a recorded zero to an evidentially qualified negative: a proposed latent-cause model of inactive
bioactivity labels

Why treating all inactives equally distorts molecular
learning

Collapsing heterogeneous negatives into one class changes
what a classifier is asked to learn. Dose-dependent
transcriptomic modeling shows that biological response
can vary with concentration [29], whereas activity-cliff
benchmarks demonstrate that small structural changes can
correspond to large changes in measured activity and
remain difficult for molecular models [30]. A binary
inactive class can contain both without indicating which
uncertainty dominates.

The problem is not solved simply by choosing a more
powerful algorithm. Large-scale comparisons across
thousands of bioactivity datasets show substantial task-
dependent variation in model performance [31]. Analyses
of transfer learning similarly indicate that bioactivity tasks
differ in intrinsic hardness and transferability [32]. These
findings caution against interpreting one classifier's
success as evidence that the negative class has coherent
biological meaning.

The theoretical claim is therefore about supervision, not
architecture.  When  certain uncertain
observations,  context-specific and
constructed negatives are optimized as interchangeable
zeros, the loss function treats evidentially different
observations as equally authoritative. That can encourage
a model to learn assay provenance, chemical sampling
rules, or dataset-specific shortcuts rather than a
generalizable boundary of molecular inactivity. This

negatives,
nonresponses,

e

Y

L —+
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article does not claim that such distortion always decreases
conventional accuracy. A heterogeneous label can still be
highly predictable. The concern is that predictability and
scientific meaning may diverge.

A latent-cause theory of mactive bioactivity labels

The proposed latent-cause theory begins from a distinction
between the observed label and the unobserved reason that
produced it. Let the recorded outcome be an inactive
observation under a particular assay context. Behind that
observation may lie several nonexclusive states: genuine
lack of target interaction, inadequate exposure, a detection-
limited response, context-dependent absence of
downstream effect, or absence of an experiment from
which activity could have been observed. Existing
evidence establishes these component possibilities
separately; the theory proposed here integrates them as
alternative explanations of the same computational
symbol.

Two dimensions should then be separated. The first is
latent cause: why activity was not observed. The second is
evidential confidence: how strongly the available
experiment constrains the activity hypothesis. A
reproduced target-engagement failure may carry high
negative confidence even when the molecular reason
remains unknown. Conversely, an untested drug—target
pair has low negative confidence because there is no direct
negative experiment. An exposure-limited cellular result

can be experimentally reliable yet mechanistically weak
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evidence about intrinsic target binding. Cause and
confidence are therefore not the same variable.

This distinction also sets an identifiability boundary.
Molecular structure alone cannot generally reveal which
latent state produced a zero when distinct experimental
processes yield the same label. Assay-aware modeling [1]
and the added predictive value of assay descriptions [28]
support the importance of contextual information, but they
do not establish that metadata can recover every latent
cause. Some ambiguity is irreducible without orthogonal
measurements.

The theory therefore proposes an evidence-aware target
representation rather than mandatory relabeling. A dataset
may retain the observed bioactivity class while attaching
provenance, confidence, exposure status, assay context, or
missingness indicators where available. The aim is not to
turn ambiguous negatives into positives. It is to prevent
absence of evidence, evidence of absence, and evidence
obtained under constrained observation from being treated
as logically identical.

Modeling certain negatives, ambiguous negatives, and
unobserved activity

Once negative evidence is separated conceptually, several
modeling strategies become possible without prescribing a
universal algorithm. Large-scale ChEMBL benchmarking
has long shown that model performance depends on the
task, representation, and algorithmic regime [33]. More
recent virtual-screening evaluation work similarly argues
that model assessment should reflect the retrieval objective
and class distribution rather than rely on a single generic
accuracy paradigm [34].

Relatively certain negatives can remain conventional
negative examples. Ambiguous negatives may instead
receive uncertainty-aware likelihoods, confidence weights,
interval or censored treatment when measurements justify
it, or separate auxiliary indicators. Unobserved pairs may
be handled through positive—unlabeled methods rather than
automatically assigned to the negative class [25].
Constructed negatives may remain useful for
discrimination, but their provenance should be retained and

sensitivity to sampling assessed [26]. Data-valuation
methods provide another possibility when observations
contribute unequally to learning [27].

These are candidate implementations, not validated
consequences of the latent-cause theory. Their suitability
will depend on the information actually available, the
prediction task, and the cost of different errors. A dataset
with only structures and binary endpoints cannot recover
experimental context that was never recorded. In that case,
explicit acknowledgement of label ambiguity may be more
scientifically defensible than an elaborate model that
implies unavailable certainty.

Learning from mactivity without inflating false positives
Recognizing ambiguity must not become a license to
discount every negative. Out-of-distribution evaluations
show that molecular models can lose robustness when test
chemistry departs from the training distribution [35]. If
uncertain inactives are simply softened or relabeled
without constraint, a model may increase apparent
sensitivity by declaring chemically unfamiliar compounds
plausible actives, thereby shifting rather than solving the
error problem.

A safer interpretation is asymmetric. Strong negative
evidence should continue to oppose unsupported positive
predictions. Ambiguous negatives should contribute less
certainty about inactivity, not positive evidence of activity.
Unobserved pairs should remain unresolved unless
additional information changes their status. This preserves
the distinction between “the experiment did not establish
activity” and “the molecule is likely active.”

For screening applications, that distinction matters because
false positives consume experimental capacity while false
negatives can remove useful chemistry. The appropriate
balance depends on the intended decision and class
prevalence, which is why virtual-screening evaluation
should be tied to retrieval objectives rather than generic
classification performance [34]. The proposition matrix in
Table 3 translates the theory into testable, falsifiable
modeling expectations rather than implementation claims.

Table 3. Testable propositions for learning from heterogeneous negative evidence

Proposition Predicted consequence if the theory is useful

Required test Falsifying or limiting result

P1: Preserve Models can distinguish measured from

provenance constructed or unobserved negatives

provenance retained versus

Matched benchmark with
atched bencmarc wi No reproducible benefit or improved

lidit
collapsed validity

P2: Represent
uncertainty

Near-threshold or context-limited negatives
need not exert full binary certainty

calibrated uncertainty-aware

C hard labels with o
oripare ard 1abe’s wl Worse calibration or unacceptable

false-positive inflation
treatment

P3: Condition
on context

Biological and assay metadata may improve
interpretation of conditional nonresponse

chemistry-held-out evaluation

Context-held-out and Gains vanish outside dataset-specific

shortcuts

P4: Protect
strong negatives

Ambiguity-aware learning should not erase
well-supported inactivity

negative-evidence strength

Error analysis stratified by ~ Strong negatives are systematically

promoted as positives

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

wWww.eijppr.com

106



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | October 2025 | Volume 15 | Issue 5 | Page 101-110
Lukas Weber, What Should Molecular Models Learn from Inactive Compounds When Absence of Activity Reflects Biology, Assay Design, Exposure,

or Measurement Limits?

P5: Separate
missingness

Unobserved pairs should be evaluated
separately from tested negatives

Positive—unlabeled or explicit-

Conventional negative assignment
performs equally well under robust

missingness benchmark
external tests

Note: These propositions are proposed for validation; no threshold, expected effect size, or performance gain is asserted.

Evaluation when the negative class 1s heterogeneous

A model cannot validate the proposed theory if its
benchmark already hides the relevant distinctions.
Benchmark redundancy, chemical bias, and evaluation
design can inflate or misrepresent apparent molecular-
model performance [36-38]. Consequently, random or
similarity-leaking splits are insufficient tests of whether
evidence-aware negative handling improves
generalization.

Evaluation should separate at least three questions. First,
does the model discriminate within familiar chemistry?
Second, does it remain calibrated when chemical or assay
context changes? Third, does its treatment of ambiguous
negatives alter the operational error balance relevant to

screening?  Explicit  out-of-distribution testing is
particularly important because strong in-distribution
performance does not guarantee robustness under

distribution shift [35]. Virtual-screening metrics should
likewise reflect the practical retrieval objective [34].
Where annotation permits, errors should also be stratified
by negative-evidence status rather than pooled into one
confusion matrix. Performance on experimentally
supported negatives, threshold-adjacent observations,
context-qualified nonresponses, constructed negatives, and
unlabeled pairs can then be examined separately. Such
analysis would test whether a model learns useful
distinctions or merely exploits provenance. Calibration,
enrichment, ranking, and false-positive burden may all be
informative, but no single metric is inherently privileged.
The evaluation design must match the scientific claim,
consistent with broader guidance for machine learning in
chemical sciences [38].

Implications for dataset construction and benchmarking
The theory shifts dataset construction from label cleaning
alone toward evidence preservation. At minimum,
bioactivity records should retain assay identity,
measurement type, activity threshold or quantitative value
where available, concentration regime, provenance, and
confidence information rather than immediately
converting every observation to an anonymous binary
endpoint. Assay-aware modeling [1], cross-source potency
analysis [3], curation studies [4], database design [5], and
assay-description modeling [28] collectively indicate why
those contextual fields can matter, although their
usefulness will vary by task.

Negative provenance should also
Experimentally measured inactives,

remain explicit.

curated inactive
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resources [8], computational decoys [10], unknown drug—
target pairs [24], and sampled negatives [26] should not
become indistinguishable after preprocessing. This does
not require excluding any category. It requires recording
enough information to evaluate how each category
influences a model. Datasets that cannot reconstruct such
provenance should state the limitation rather than infer
missing experimental histories.

For benchmarking, the central comparison should be
between models trained on the same underlying chemistry
but given different representations of negative evidence.
Prospective or reconstructed datasets could pair bioactivity
outcomes with orthogonal information on target
engagement, intracellular exposure, assay reproducibility,
concentration, solubility, permeability, and biological
context where feasible. The proposed framework would be
supported if evidence-aware representations improve
calibration or decision-relevant generalization without
unacceptable false-positive inflation; it
weakened if the distinctions add no reproducible value
beyond ordinary labels.

Candidate deprioritization is the most consequential
application. Structure—inactivity relationships show that
genuine negatives can be highly informative [9], and data
valuation indicates that examples need not contribute
equally to learning [27]. The practical recommendation is
therefore not to  rescue compounds
indiscriminately. It is to align the strength of
deprioritization with the strength of the negative evidence.
A compound repeatedly inactive despite credible exposure
and target opportunity warrants a different interpretation
from one that was never tested, poorly exposed, or
observed only under a context known to constrain the
readout. Whether this evidence-aware strategy improves
discovery efficiency remains an empirical question.

would be

inactive

CONCLUSION

“Inactive” is often computationally represented as a
molecular property even though it is experimentally
produced as an observation. The distinction matters
because absence of activity can reflect genuine target
inadequate exposure, assay
biological context, or missing experimentation, and these
states do not carry equivalent evidential meaning.

This article proposes a latent-cause theory in which the
recorded label is separated from both the reason for
nonobservation and the confidence of the negative

inactivity, sensitivity,
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evidence. The framework preserves genuine inactives as
valuable counterexamples while distinguishing them from
measurement-qualified, context-qualified, exposure-
qualified, constructed, and unobserved negatives. It does
not require uncertain negatives to be relabeled as active and
does not establish that uncertainty-aware learning will
improve every prediction task.

The central methodological implication is that molecular
models should learn from the provenance of inactivity
whenever the relevant evidence exists and acknowledge
nonidentifiability when it does Testing that
proposition requires benchmarks that preserve assay and
biological context, challenge chemical generalization,
stratify errors by evidential status, and measure false-
positive consequences. Until such tests are performed, the
framework should be treated as a theory for designing more
interpretable questions about negative data—not as a
validated algorithm or universal rule for candidate

not.

selection.
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