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Introduction
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In the domain of applied artificial intelligence (AI) for materials science, uncertainty emerges as a pivotal signal that
informs design decisions, yet its conceptual interpretation remains underexplored. This paper delineates uncertainty
as the lack of complete knowledge about a system's state or outcomes, distinct from confidence, which reflects a
model's self-assessed reliability in predictions; risk, which weights uncertainty by potential consequences; and
actionability, which denotes the warrant for proceeding with design actions based on interpreted signals. Traditional
approaches often conflate these concepts, leading to suboptimal decisions in materials discovery and optimization.
For instance, high confidence in AI predictions may not equate to low risk in high-stakes applications like alloy design
for extreme environments, where epistemic gaps could amplify failures. This conceptual manuscript proposes a
decision-theoretic framework, the Uncertainty-to-Action Map, that translates uncertainty types—epistemic, aleatory,
and semantic—into risk postures and subsequent action classes, such as screening candidates, prioritizing
explorations, deferring judgments, redesigning models, stopping pursuits, hedging bets, or diversifying portfolios. By
incorporating gates for stake assessment, ambiguity detection, domain scope evaluation, cost asymmetry analysis,
and stopping logic, the framework mitigates failure modes like overconfidence and decision paralysis. This model
fosters a nuanced view, emphasizing that uncertainty, when properly interpreted, serves as a design asset rather than
a hindrance, promoting robust AI-assisted materials innovation.
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The integration of artificial intelligence (AI) into materials science has transformed the landscape of design and discovery,
enabling accelerated exploration of vast chemical spaces and more accurate predictions of complex properties. However,
this advancement introduces profound challenges related to uncertainty, which must be interpreted as a design signal
rather than dismissed as mere noise [1-4]. In materials AI, uncertainty arises from inherent limitations in data, models,
and extrapolations, requiring a conceptual shift to view it as an informative cue for guiding actions. This interpretation is
essential because raw uncertainty outputs from AI systems—such as variance in ensemble predictions or Bayesian
posteriors—do not inherently dictate design pathways; they require contextual mapping to decision-relevant constructs
like risk and actionability [5, 6]. Without such interpretation, designers risk misaligning AI insights with practical
imperatives, such as ensuring the safety of structural materials or the efficiency of energy storage systems.
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Central to this discourse is the distinction between confidence and warrant for action. Confidence, often manifested
through calibration metrics or probabilistic scores, represents an AI model's internal assessment of its prediction reliability.
For example, a well-calibrated model might assign 80% confidence to a property prediction, implying that 80% of such
predictions align with true values in aggregate [3, 7]. Yet, this does not constitute a warrant—a justified basis for
proceeding with design actions—because it overlooks broader contextual factors. In materials contexts, warrant
encompasses not only statistical reliability but also the implications of errors, domain applicability, and the types of
uncertainty. A high-confidence prediction in a familiar domain might warrant prioritization of a material candidate. In
contrast, the same confidence level in an extrapolated regime could signal the need to defer or redesign, lest epistemic
gaps lead to costly failures [8, 9].

This conflation stems from a historical overemphasis on predictive accuracy in AI development, where uncertainty is
treated as a byproduct to be minimized rather than a signal to be leveraged. In materials science, where actions involve
resource-intensive syntheses or high-risk deployments, such as in aerospace composites or biomedical implants,
interpreting uncertainty becomes imperative for ethical and efficient design [1, 10]. Traditional paradigms, rooted in
deterministic engineering, inadequately address AI's probabilistic nature, often leading to either reckless overreliance on
models or undue conservatism that stifles innovation [2, 11]. For instance, in high-throughput screening, uninterpreted
uncertainty might prompt indiscriminate pursuit of low-confidence candidates, wasting resources, or premature
abandonment of promising avenues due to perceived risks.

Moreover, the conceptual separation of uncertainty from confidence and risk highlights actionability as a bridging concept.
Actionability assesses whether interpreted uncertainty provides sufficient grounds for specific material actions, such as
screening initial candidates from vast libraries, prioritizing those with favorable risk profiles, deferring decisions pending
more information, redesigning AI architectures to reduce epistemic components, stopping unviable paths, hedging
through parallel explorations, or diversifying material portfolios to mitigate aleatory effects [12, 13]. This view aligns with
decision-theoretic principles, in which actions are not merely reactive but are strategically informed by the qualitative and
quantitative dimensions of uncertainty.

The need for interpretation is amplified by the interdisciplinary nature of materials AI, which blends computational
predictions with physical realizations. Uncertainty in AI outputs—whether from neural networks forecasting band gaps or
generative models proposing novel compounds—carries semantic layers, in which meanings shift across design contexts
[4, 14]. For example, aleatory uncertainty in stochastic simulations might be tolerable in low-stakes screening but
prohibitive in risk-sensitive applications like nuclear materials. Failing to interpret these nuances risks decision failures,
such as overconfidence in AI-driven optimizations that ignore tail risks or paralysis in the face of ambiguous signals [15].

This paper synthesizes existing conceptual categories of uncertainty and extends them into a novel decision-theoretic
model tailored for materials AI. By framing uncertainty as a design signal, it challenges the prevailing focus on
quantification alone and advocates interpretive frameworks that enhance human-AI collaboration [16]. The proposed
Uncertainty-to-Action Map offers a structured pathway, incorporating gates to evaluate the implications of uncertainty and
avert common pitfalls. Ultimately, this conceptual lens posits that properly interpreted uncertainty not only mitigates risks
but also unlocks creative potentials in materials design, fostering resilient and innovative outcomes [17, 18].

This manuscript advances a decision-theoretic interpretation of uncertainty in materials-focused artificial intelligence,
rather than a technical framework for uncertainty quantification or model optimization. Its scope is intentionally
constrained to AI systems used as decision-support instruments in materials discovery, screening, prioritization, and
deployment planning. The framework does not assume autonomous decision-making by AI systems, nor does it prescribe
algorithmic implementations, probabilistic estimators, or numerical thresholds.

The proposed Uncertainty-to-Action Map is materials-specific in two critical senses. First, it assumes that AI outputs
ultimately inform physical actions—such as synthesis, scale-up, deployment, or rejection—where errors incur asymmetric
costs, are irreversible, and have long-term consequences. Second, it presumes heterogeneous design contexts, where
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the same uncertainty signal may warrant distinct actions depending on material class, application domain, and
consequence severity.

Several non-goals are explicit. This paper does not attempt to:

· Benchmark uncertainty quantification methods or compare Bayesian and non-Bayesian techniques

· Propose new calibration metrics or confidence scores

· Optimize decision policies numerically

· Replace human judgment in materials design decisions

Instead, the contribution is epistemic and interpretive: it clarifies what uncertainty means in materials AI, how it differs
from confidence and risk, and how it should be translated into justified action or principled restraint. Silence—defined as
the deliberate choice not to act—is treated as a valid and sometimes optimal outcome within the framework.

Uncertainty
Uncertainty denotes incomplete knowledge regarding model inputs, internal representations, or predicted outcomes. In
materials AI, uncertainty is not a singular quantity but a composite signal arising from multiple sources. Epistemic
uncertainty reflects knowledge gaps attributable to limited data, model misspecification, or extrapolation beyond the
training domain. Aleatory uncertainty captures irreducible variability inherent to stochastic physical processes or to
measurement noise [19-29]. Semantic uncertainty arises when the meaning of an AI output is ambiguous relative to its
design intent, as
when abstract property predictions fail to cleanly map onto operational requirements.

Confidence
Confidence represents a model’s self-assessed reliability with respect to its predictions. It is an internal signal—often
probabilistic or score-based—that reflects consistency or calibration under assumed conditions. Importantly, confidence is
not action-directive. A confident prediction may still be epistemically fragile, semantically misaligned, or unacceptable
under high-stakes conditions [21].

Risk
Risk is defined here as consequence-weighted uncertainty. Unlike uncertainty, which describes an epistemic state, risk
evaluates exposure by combining uncertainty with the magnitude, irreversibility, and asymmetry of potential outcomes. In
materials contexts, risk cannot be inferred from uncertainty alone [19]; it emerges only when uncertainty is interpreted
relative to deployment context, safety margins, environmental impact, and economic cost.

Actionability
Actionability denotes the epistemic warrant to act. It is not synonymous with confidence, low uncertainty, or acceptable
risk individually [9]. Rather, actionability arises when interpreted uncertainty supports a specific class of actions—such as
screening, prioritization, deferral, redesign, or stopping—given the stakes and objectives. Actionability is therefore
contextual, conditional, and graded, not binary. Table 1 summarizes the conceptual distinctions between uncertainty,
confidence, risk, and actionability, clarifying their non-equivalence and distinct roles in materials AI decision-making.

Table 1. Conceptual differentiation between uncertainty, confidence, risk, and actionability in materials AI
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Background and Synthesis

Concept Definition (conceptual) What it is not Common
misinterpretation in

materials AI

Decision
implication

Uncertainty Incomplete knowledge about
inputs, representations, or

outcomes

Error or lack of
model quality

Treated as noise to
minimize

Signal requiring
interpretation

Confidence Model’s self-assessed reliability
under assumed conditions

Warrant for action Equated with safety or
correctness

Requires contextual
evaluation

Risk Consequence-weighted
uncertainty

Uncertainty
magnitude alone

Ignored or inferred directly
from confidence

Guides tolerance
thresholds

Actionability Epistemic warrant to act or
abstain

Binary decision or
automation

Assumed once confidence
is high

Contextual, graded,
and conditional

Types of uncertainty as conceptual categories
Uncertainty in materials AI manifests in distinct conceptual categories, each with implications for design decisions.
Epistemic uncertainty arises from incomplete knowledge, such as limited training data or model approximations, and is
theoretically reducible through additional information or refinements [19]. In materials contexts, this might stem from
sparse datasets in rare-earth compounds, where gaps in understanding phase behaviors lead to unreliable predictions.
Aleatory uncertainty, conversely, reflects inherent randomness, irreducible even with perfect knowledge, as seen in
quantum fluctuations or thermal noise affecting property measurements [19]. Semantic uncertainty introduces ambiguity
in interpretation, where terms like “stability” or “durability” carry context-dependent meanings, potentially misaligning AI
outputs with design intents [20]. These categories interplay; for instance, epistemic elements can amplify aleatory effects
in generative design, while semantic layers complicate risk assessments in multifunctional materials [21]. Table 2 outlines
the primary sources, reducibility, and decision implications of epistemic, aleatory, and semantic uncertainty in materials AI.

Table 2. Conceptual uncertainty types in materials AI and their dominant decision implications

Uncertainty
Type

Source Reducibility Typical Materials
Example

Primary Risk
Concern

Typical Action
Response

Epistemic Data sparsity, model
misspecification, and

extrapolation

Reducible Sparse alloy
composition spaces

False
confidence

Redesign, defer,
targeted data

Aleatory Inherent variability,
stochastic processes

Irreducible Synthesis variability
in nanomaterials

Outcome
spread

Hedging,
diversification

Semantic Ambiguity in meaning or
intent alignment

Context-
dependent

“Stability” vs
deployment

requirements

Misaligned
decisions

Clarification,
expert review

 Why calibration language can mislead decisions conceptually
Calibration language in AI, emphasizing alignment between predicted probabilities and observed frequencies, can
conceptually mislead by fostering a false equivalence between statistical reliability and decision warrant. In materials AI,
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well-calibrated models might report high confidence in predictions, yet this overlooks uncertainty's qualitative aspects,
such as epistemic origins that signal extrapolation risks [22]. Such language promotes a narrow view, equating calibration
with actionability and ignoring how miscalibration in out-of-domain scenarios—common in materials exploration—
undermines trust [23]. Conceptually, this misleads by prioritizing aggregate performance over case-specific
interpretations, potentially encouraging actions like prioritizing flawed candidates in battery design without addressing
underlying ambiguities [24, 26].

Risk is consequence-weighted uncertainty (materials-specific)
Risk conceptually integrates uncertainty with its potential consequences, weighting epistemic, aleatory, and semantic
components by their impact on material outcomes. In high-stakes domains such as structural alloys, low-probability
epistemic uncertainties can pose catastrophic risks if failure under load is involved [26]. This weighting distinguishes risk
from raw uncertainty; for example, aleatory variability in nanomaterial synthesis might pose minimal risk in exploratory
screening but elevate to high risk in safety-critical applications [27]. Materials-specific considerations, such as fabrication
cost asymmetries or environmental impacts, further modulate this weighting, framing risk as a dynamic posture rather
than a static metric [28, 29].

Decision failures: Overconfidence, paralysis, and false humility
Decision failures in materials AI stem from the mishandling of uncertainty signals. Overconfidence occurs when high
reported confidence prompts unwarranted actions, disregarding epistemic gaps that could invalidate predictions in novel
materials [30]. Paralysis arises from overwhelming uncertainty, halting progress even when actionability exists, as in
deferring viable candidates because of unweighted aleatory noise [31]. False humility involves excessive caution,
underutilizing reliable AI insights through perpetual redesign or stopping, stemming from semantic misinterpretations that
inflate perceived risks [32, 33]. These modes highlight the need for interpretive frameworks to balance boldness and
prudence in design.

Proposed framework
The Uncertainty-to-Action Map is introduced as a decision-theoretic conceptual framework that formalizes how
uncertainty in materials-focused artificial intelligence should be interpreted rather than minimized to support justified
design actions. Unlike technical approaches to uncertainty quantification, the framework does not prescribe algorithms,
confidence thresholds, or probabilistic estimators. Instead, it provides an epistemic structure that links uncertainty signals
to risk postures and, ultimately, to classes of warranted action in materials design.

At its core, the map posits a directional translation pathway. Uncertainty enters the framework not as a scalar output but
as a typed signal, explicitly distinguished into epistemic, aleatory, and semantic forms. These uncertainty types do not
directly authorize action. Rather, they are first interpreted through an intermediate layer of risk posture formation, where
contextual consequences weigh uncertainty. Only after this interpretive step can uncertainty meaningfully inform design
actions such as screening large candidate spaces, prioritizing promising materials, deferring judgment pending additional
information, redesigning models or representations, halting unproductive pursuits, hedging through parallel strategies, or
diversifying portfolios to manage irreducible variability.

The translation from uncertainty to action is governed by a set of conceptual gates that constrain interpretation and
prevent premature or unjustified decisions. The stake assessment gate evaluates the magnitude, irreversibility, and
societal relevance of potential outcomes, separating low-stakes exploratory tasks from high-stakes deployment scenarios.
The ambiguity detection gate identifies entanglements between semantic and epistemic uncertainty, flagging cases in
which unclear meaning, rather than a lack of knowledge, drives apparent risk. The domain scope gate assesses whether
predictions fall within the model’s epistemic enclosure or represent extrapolative claims that demand restraint. The cost
asymmetry gate evaluates imbalances between upside potential and downside harm, recognizing that identical levels of
uncertainty may justify different actions depending on the asymmetry of consequences. Finally, the stopping logic gate
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establishes conditions under which further uncertainty reduction ceases to be epistemically or practically justified,
legitimizing principled abstention.

Through these gates, uncertainty is transformed into qualitative risk postures—such as tolerable, elevated, or prohibitive
—which function as decision-relevant summaries rather than numerical scores. These postures then map to action
classes in a structured but non-deterministic manner, preserving human judgment while constraining arbitrariness.
Importantly, the framework allows for feedback loops: actions such as redesign or deferral can re-enter the map with
modified uncertainty profiles, enabling iterative refinement without action drift.

The framework also makes explicit several systematic failure modes that arise when uncertainty is misinterpreted.
Confidence theater occurs when high reported confidence is mistaken for epistemic sufficiency. Risk blindness arises
when uncertainty is evaluated without considering consequences. Semantic neglect leads to actions misaligned with
design intent due to unresolved ambiguity in meaning. Action drift arises when decisions shift without reevaluation of
interpretive gates. By structurally foregrounding these failure modes, the Uncertainty-to-Action Map positions actionability
as a distinct epistemic outcome—earned through interpretation rather than inferred solely from confidence. Table 3
details the interpretive gates of the Uncertainty-to-Action Map, linking each gate to the failure modes it prevents and the
classes of action it enables.

Table 3. Interpretive gates in the uncertainty-to-action map and their role in shaping risk posture and action

Gate Evaluative question Primary failure mode
prevented

Risk posture impact Enabled action
classes

Stake
assessment

What are the consequences of
being wrong?

Risk blindness Elevates or suppresses
tolerance

Prioritize, defer,
stop

Ambiguity
detection

Is uncertainty epistemic or
semantic?

Semantic neglect Reclassifies uncertainty Clarify, redesign

Domain scope Is this within epistemic
enclosure?

Confidence theater Flags extrapolation Defer, abstain

Cost
asymmetry

Are the downsides and the
upsides balanced?

Overconfidence Skews posture
conservatively

Hedge, diversify

Stopping logic Is further reduction justified? Action drift Terminates loops Stop, silence

 

In this way, the framework reframes uncertainty from a liability to be suppressed into a constructive design signal,
enabling materials AI systems to support decisions that are not only informed, but epistemically warranted and
contextually responsible. The model transforms raw ambiguity into a structured decision-making pipeline. As illustrated in
Figure 1, the framework maps the transition from uncertainty categories to specific action classes through a series of
decision nodes.
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Results and Discussion

Figure 1. Uncertainty categories entering from the left, passing through gates to yield risk postures, which map rightward
to action classes, with feedback loops for iterative refinement

The Uncertainty-to-Action Map presented in this manuscript offers a conceptual lens for navigating the complexities of
uncertainty in materials AI, transforming it from a potential liability into a strategic design signal. This framework
underscores the importance of distinguishing uncertainty, confidence, risk, and actionability, thereby addressing gaps in
traditional approaches that often prioritize predictive accuracy at the expense of interpretive depth [1, 2]. By incorporating
gates such as stake assessment and ambiguity detection, the map facilitates a more nuanced decision process, enabling
materials scientists to align AI outputs with real-world design imperatives. For instance, in scenarios involving high-stakes
materials such as those used in nuclear applications, the asymmetry of costs gate highlights how minor epistemic
uncertainties can escalate into significant risks, prompting actions such as hedging or diversification rather than outright
prioritization [3, 4].

One key implication of this model is its potential to mitigate common decision failures in materials AI workflows.
Overconfidence, often exacerbated by misleading calibration language, can be countered through the domain scope gate,
which evaluates whether predictions fall within well-characterized regimes [5, 19]. Similarly, paralysis from unweighted
uncertainties is alleviated by the risk posture evaluation, which consequence-weights aleatory and epistemic components
to discern tolerable from prohibitive risks [6, 21]. False humility, where designers err on the side of excessive caution, is
addressed by the stopping logic gate, which provides clear criteria for when uncertainty-reduction efforts yield diminishing
returns [7, 8]. These mechanisms collectively promote a balanced approach, fostering innovation while safeguarding
against undue exposure in materials discovery pipelines.

However, the framework’s conceptual nature invites consideration of its limitations. As a decision-theoretic model, it
assumes access to categorized uncertainty types, yet in practice, disentangling epistemic, aleatory, and semantic
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uncertainties may require supplementary tools not detailed here [9, 10]. Furthermore, the map's gates rely on human
judgment for parameterization, potentially introducing subjective biases that could undermine its objectivity [11, 12]. In
interdisciplinary settings, where materials AI intersects with domains like chemistry or physics, semantic uncertainties
may be particularly prone to misinterpretation, as terms like "reliability" vary across contexts [13, 14]. These limitations
highlight the need for complementary empirical validations, though this manuscript remains focused on theoretical
foundations.

Future directions for extending this framework are abundant. Integrating it with emerging AI paradigms, such as federated
learning for distributed materials datasets, could enhance its applicability to collaborative design environments [15, 16].
Additionally, exploring synergies with explainable AI techniques might refine the ambiguity detection gate, offering insights
into why certain uncertainties arise [17, 18]. Conceptually, the model could be adapted to other uncertainty-laden fields,
such as drug discovery or climate modeling, where similar action classes apply [21, 22]. Ultimately, by emphasizing
uncertainty as a design asset, this framework paves the way for more resilient AI-assisted materials innovation,
encouraging a shift from minimizing to strategically leveraging incomplete knowledge [23, 24].

This conceptual manuscript has elucidated the critical role of interpreting uncertainty as a design signal in materials AI,
distinguishing it from confidence, risk, and actionability to inform judicious design actions. Traditional conflations of these
concepts have led to suboptimal decisions. Still, the proposed Uncertainty-to-Action Map provides a decision-theoretic
pathway that incorporates gates to translate uncertainty types into risk postures and action classes such as screening,
prioritizing, or stopping. By mitigating failure modes such as confidence theater and risk blindness, the framework fosters
robust, context-aware decision-making in materials science.

In summary, viewing uncertainty through this lens not only reduces vulnerabilities but also unlocks opportunities for
creative exploration, ensuring AI serves as a reliable partner in advancing materials innovation. Future conceptual
refinements could further enhance its utility across scientific domains. 
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