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Abstract

Human-in-the-loop (HITL) approaches are increasingly invoked in materials artificial intelligence (Al) as a presumed
remedy for unreliable models, opaque predictions, and domain-shift failures. Yet “including a human” often functions
as a rhetorical assurance rather than a precise scientific claim, masking the fact that humans participate in materially
different ways: as labelers, judges, curators, constraint designers, hypothesis framers, risk owners, and accountability
anchors. This conceptual manuscript argues that HITL is not a single method but a family of epistemic and
governance roles that shape what an Al output means, what it can justify, and what actions it can responsibly warrant.
Building on recent developments in materials informatics, active learning, uncertainty quantification, interpretable
machine learning, and scientific machine learning, we synthesize a theory-first view of human involvement as a
structured intervention in the Al-to-decision pathway rather than an informal override mechanism. We introduce a
novel taxonomy that distinguishes (i) where humans intervene in the pipeline (data, representation, model, evaluation,
decision), (i) what kind of authority they exert (epistemic, normative, operational), and (iij) how their involvement
changes the legitimacy of downstream claims under differing stakes. The resulting framework replaces HITL hype with
a falsifiable conceptual vocabulary for designing responsibility, reliability, and restraint in materials Al.
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Introduction

Artificial intelligence has become an enabling language for contemporary materials science: it compresses high-
dimensional structure—property relationships into predictive surrogates, proposes candidates in vast compositional
spaces, and accelerates screening across heterogeneous datasets. The materials Al literature increasingly presents
these systems as design engines rather than merely regression tools, shifting their role from descriptive modeling to
prescriptive decision support. As this shift occurs, the cost of error becomes contextual rather than purely statistical: a
model can be “accurate on average” yet unsafe for rare but catastrophic failure modes in high-stakes deployment
contexts (e.g., structural alloys, battery safety, or critical process windows). This mismatch between predictive adequacy
and decision legitimacy has made “human-in-the-loop” (HITL) an almost universal recommendation for trustworthy
materials Al [1-4].

Yet the current discourse around HITL is often conceptually imprecise. In many papers, a human is introduced as if their
presence alone suffices to repair epistemic fragility: a domain expert “checks” outputs, confirms plausibility, or selects
candidates. Such descriptions conflate at least three different ideas: (i) human oversight as governance, (i) human
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correction as error reduction, and (iii) human participation as knowledge production. In practice, these are distinct
contributions. A human can improve dataset fidelity without improving mechanistic meaning; can improve interpretability
without improving reliability; or can override decisions for safety even when the model is highly reliable. Without a
structured taxonomy, “human-in-the-loop” becomes an elastic label that promises rigor while evading specification of
responsibility, authority, and scope.

This paper proposes a deliberately non-hyped reframing: HITL is best understood as a role system rather than a
technique. The central claim is that human involvement is not merely a supplement to computation but a structured
intervention in the pipeline of epistemic warrant—the conceptual pathway by which model outputs become actionable
knowledge. In materials Al, the model’s output is rarely the final scientific object; it is an intermediate artifact interpreted
under domain assumptions, constraints, and decision stakes. Humans, therefore, do not “add intuition” abstractly; they
determine which assumptions are valid, which constraints are binding, and which risks are acceptable. HITL is a
governance architecture for interpretation and action, not a generic trust injection.

This is not a call to “bring back” human expertise as an alternative to machine learning. Materials science has always
been human-in-the-loop: experimental design, microstructure interpretation, phase diagram reasoning, and property
trade-off selection are inherently human-guided tasks. What has changed is that Al systems now operate at a scale and
abstraction that can detach decision-making from direct empirical contact. In high-throughput, data-centric workflows,
model outputs can circulate as if they were facts rather than proposals, leading to inflated claims and premature
operationalization. When Al predictions are deployed into synthesis planning, candidate ranking, or process optimization,
the human role is no longer incidental; it is the primary mechanism by which the system maintains epistemic humility and
decision discipline [2, 5].

However, HITL can also fail in predictable ways. One failure mode is responsibility laundering, where human presence is
treated as a liability shield (“an expert approved it”) while the system’s epistemic limits remain unexamined. Another is
cognitive overload, where humans are asked to validate thousands of candidates without structured support, effectively
replacing automation with fatigue. A third is semantic overreach, where model explanations or saliency maps are treated
as mechanistic evidence, and the human becomes an interpreter of artifacts that were never designed to support
mechanistic inference. Finally, authority mismatch occurs when humans are asked to decide matters outside their
mandate—such as accepting a prediction that requires probabilistic calibration expertise, or rejecting an output that is
correct but counterintuitive.

These failure modes reveal a deeper issue: HITL is not inherently beneficial. It is beneficial only when the human role is
well-defined, properly scoped, and correctly placed relative to the Al pipeline’s failure points. For example, a human who
corrects training labels exerts influence upstream at the level of data truth. A human who sets safety thresholds exerts
influence downstream at the level of decision policy. A human who selects descriptors or invariances influences
representation—and therefore controls what the model is even capable of learning. These are categorically different
“loops,” and they should not be treated as interchangeable.

This manuscript addresses this conceptual gap by introducing a taxonomy of human roles in materials Al that is designed
to be (i) materials-specific, (ii) decision-aware, and (iii) epistemically explicit. The taxonomy differentiates human
intervention by location (data, representation, model, evaluation, decision), by authority type (epistemic, normative,
operational), and by stake sensitivity (the burden of justification required before action). In doing so, we convert HITL from
a slogan into a design language: a framework for assigning responsibility, auditing epistemic warrant, and preventing
overreach.

Importantly, this paper is purely conceptual. It does not propose new algorithms, human-interface designs, or
experimental protocols. Instead, it offers a theory-first roadmap that clarifies what HITL means in the context of materials
Al, and how to reason about its legitimacy claims. The novelty lies not in listing common HITL practices, but in developing



Huy et al. J. Artif. Intell. Mater. Sci. (2024) 3:52

P 3of 15
https://doi.org//g989274613 ageso

a coherent model of how human roles restructure the Al-to-action chain under uncertainty, interpretability limitations, and
domain shift.

Theoretical Background & Literature Synthesis
Why human roles became a central question in materials Al

Materials Al has matured from predicting individual properties to coordinating multi-stage workflows that traverse data
acquisition, representation, modeling, and decision selection. In these workflows, model outputs function as decision
triggers: selecting compounds for synthesis, prioritizing experiments, or ranking microstructures for targeted performance.
This amplifies the importance of epistemic robustness because errors propagate nonlinearly: a small prediction bias can
reshape search trajectories and concentrate effort in misleading regions of design space [1, 6-8].

At the same time, material datasets are heterogeneous in terms of provenance and meaning. Labels can encode different
operational definitions (e.g., “strength” measured under varied strain rates), and data can mix theoretical and
experimental sources with incompatible assumptions. Such heterogeneity is not merely noise—it is a semantic mismatch.
Humans are often required to interpret whether two records are commensurate, whether a surrogate can generalize
across processing regimes, or whether a descriptor set respects known symmetries. These are conceptual judgments
about validity, not simple data cleaning tasks [6, 9].

This helps explain why HITL is repeatedly recommended: the human is presumed to reintroduce meaning, context, and
scientific discipline. Yet without a defined role taxonomy, humans are treated as universal solvents: plug-in fixes for
uncertainty, bias, and interpretability. The literature shows that these concerns are distinct and require different forms of
intervention.

Human-in-the-loop vs. human-on-the-loop vs. human-in-command

A first conceptual clarification is that “human involvement” has multiple governance positions. In Al safety and
accountability discourse, a common separation is:

- Human-in-the-loop: the system requires human input during operation (e.g., labeling, selection, approval).

- Human-on-the-loop: the system runs autonomously but is monitored and can be overridden.

- Human-in-command: humans define the objectives and acceptable constraints, even if execution is automated.

In materials Al, these distinctions matter because Al systems are often embedded in scientific workflows rather than
consumer-facing products. A model may not be “operating” continuously; it may be generating candidate lists, suggesting
measurement targets, or proposing design rules. Human-in-command roles (objective setting, constraint definition, risk
framing) can dominate the workflow’s legitimacy even when humans are not approving frequently. Conversely, even with
frequent human approvals, objectives can still fail if they are ill-posed (e.g., optimizing a proxy metric that diverges from
the true property of interest) [2, 10].

Thus, a materials-centered HITL theory must not only ask whether humans are involved, but also how they govern
meaning: by shaping the target, validating the label, selecting the hypothesis class, or enforcing decision thresholds.

Uncertainty is not just a model output; It is a decision boundary

Uncertainty quantification (UQ) has become a cornerstone of trustworthy machine learning discourse and is increasingly
adopted in materials informatics [5, 7]. However, UQ is often interpreted narrowly as a numerical interval around a
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prediction. A role-based view suggests a deeper claim: uncertainty is a boundary object that connects model knowledge
to human responsibility.

Materials science exhibits multiple uncertainty sources:

- Aleatory uncertainty: variability intrinsic to processes (e.g., microstructural heterogeneity).

- Epistemic uncertainty: model ignorance due to limited data coverage or incomplete physics.

- Semantic uncertainty: ambiguity in labels, targets, or the meaning of “success” under varying conditions.

Human roles differ depending on which uncertainty dominates. When epistemic uncertainty dominates, the key human
role may be designing acquisition strategies, deciding what information would reduce ignorance, or recognizing that
extrapolation is occurring. When semantic uncertainty dominates, the human role shifts to defining the concept precisely:
what does “high corrosion resistance” mean across pH, temperature, and microstructure? This is not a model calibration
issue but a scientific definition issue. Therefore, HITL cannot be framed purely as reducing uncertainty; it must be framed
as interpreting which uncertainty matters for action [3, 11].

Interpretability is not a substitute for explanation

Interpretability methods are frequently proposed to make models more trustworthy by exposing the “reasons” behind
predictions [12, 13]. Yet interpretability does not automatically produce mechanistic understanding. Many interpretability
methods reveal correlations inside a learned representation; they do not establish causal structure. In materials contexts,
this distinction is high-stakes: a feature attribution map may highlight a compositional descriptor associated with
performance, but that does not mean it is a mechanism or a stable design rule across processing conditions.

This is precisely where human roles become subtle. Humans can misinterpret interpretability outputs as mechanistic
evidence, and then propagate a false narrative into design or publication. Alternatively, humans can use interpretability
properly as a diagnostic—checking for spurious drivers (dataset artifacts), confirming alignment with known invariances,
or identifying representation fragility. Thus, the human role in interpretability is not “reading explanations,” but auditing the
epistemic status of explanations: are these signals predictive, causal, or merely correlational? [2, 14]

Arigorous HITL taxonomy must therefore separate:

- The human as meaning-maker (translating artifacts into scientific language), and

- The human as validator (ensuring that translation is epistemically justified).

Active learning and Bayesian optimization: where human choice becomes scientific control

Active learning and Bayesian optimization are widely adopted paradigms in materials discovery because they aim to
allocate measurement effort efficiently under limited budgets [4, 8]. These paradigms often appear “automated,” but they
embed human decisions at multiple layers: choice of objective, constraints, acquisition policy, and acceptance criteria.
Humans often control what counts as improvement (e.g., property maxima, trade-offs, feasibility) and what risks are
tolerable (e.g., avoiding toxic chemistries, excluding unstable phases).

From a conceptual viewpoint, this means the human is not merely a label provider. Humans are policy designers: they
govern how uncertainty is translated into action (exploration vs. exploitation) and how multi-objective trade-offs are
resolved. This policy-level role can dominate downstream outcomes more than model architecture choices. Yet it is rarely
explicitly recognized as a human role and is instead treated as “problem setup.” In a HITL taxonomy, “problem setup” is
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reclassified as a formal role: the human as objective author and constraint legislator, which is neither purely epistemic nor
purely operational, but normative and scientific at once [10, 15].

Scientific machine learning and the boundary between physics and judgment

Physics-informed and scientific machine learning approaches aim to incorporate known constraints, symmetries, or
governing equations to improve generalization and reduce data needs [16, 17]. In materials Al, this includes enforcing
invariances, embedding physical priors, or constraining plausible microstructural transformations. These approaches
elevate a different human role: the human as prior architect. The researcher decides which physical constraints are valid,
how strongly they should bind the model, and which simplifications are acceptable.

This role is fundamentally epistemic: it encodes what the community considers legitimate physics knowledge. But it is
also fallible: an incorrect prior can create overconfident failure. Therefore, a HITL framework must treat “adding physics”
not as an objective upgrade, but as a human-authored intervention that must be audited for scope and validity. In other
words, the human can increase trustworthiness—or manufacture confident error—through prior choice [2, 17].

Trustworthiness as a system property: Humans as accountability anchors

Trustworthy Al is increasingly framed as a system property rather than a model metric: trust depends on transparency,
robustness, uncertainty awareness, and governance [11, 18]. In materials Al, trustworthiness must also incorporate
scientific accountability: who is responsible for a candidate selection that leads to wasted synthesis cycles, or for a
publication claim that overstates generality?

A role-based account locates the human not only as an enhancer of model performance, but as an accountability anchor:
the agent who signs off on claims, carries reputational responsibility, and enforces restraint. This is especially important
for “silent failures” in materials Al: cases where the model produces plausible outputs that are scientifically unjustified due
to domain shift, label mismatch, or missing processing variables. In these cases, human restraint—declining to claim or to
act—is an epistemic virtue, not a system weakness [19, 20].

Summary: Why we need a taxonomy rather than another workflow diagram

The literature demonstrates a consistent pattern: human roles are invoked to address uncertainty, interpretability,
generalization, and governance. But these are not the same problem, and they require distinct interventions. What is
missing is a unified conceptual language that classifies human participation as a structured set of roles with specific
authority types and stakeholder sensitivity. Without such a taxonomy, HITL becomes a slogan that obscures rather than
clarifies responsibility. The next section proposes such a framework.

Proposed conceptual framework

Overview: HITL as a “Role—Authority—Stake” system

We propose a novel conceptual framework, the Role—Authority—Stake (RAS) Taxonomy, which defines human
involvement in materials Al not as an informal layer of “oversight,” but as a structured system governed by three
orthogonal axes: role location, authority type, and stake sensitivity. First, the RAS taxonomy specifies where humans
intervene in the pipeline by identifying five primary control locations: Data, Representation, Model, Evaluation, and
Decision. At the data stage, human intervention includes collection choices, labeling decisions, cleaning, curation, and
documentation practices that determine whether the dataset is sufficiently coherent to support later inference. At the
representation stage, humans shape the choice of descriptors, invariance assumptions, and feature validity, directly
influencing what the model is even capable of expressing. At the modeling stage, humans intervene through architecture
selection, prior assumptions, objective formulation, and constraint definitions, thereby deciding what the system is trained
to value and penalize. At evaluation, humans define validation logic, interpret uncertainty, and stress-test failure modes to
determine whether performance claims can legitimately transfer beyond training conditions. Finally, at the decision stage,
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humans set deployment thresholds, accept or reject trade-offs, and assign accountability, thereby translating model
outputs into actions that may carry real-world risk.

Second, the RAS taxonomy distinguishes the kinds of control humans exercise into three authority types. Epistemic
authority concerns judgments about what is valid, such as whether a label represents a stable material concept or
whether a model output can support a given claim. Normative authority concerns what should be optimized or avoided,
such as binding constraints related to safety, sustainability, feasibility, or ethical limits. Operational authority concerns
what will happen next in the workflow, including which candidates to pursue, what experiments to run, and whether a
system output is approved for downstream use. Rather than treating “human involvement” as a single category, this
authority axis explains why adding a human reviewer does not automatically increase trustworthiness unless the human
is empowered within the correct authority domain.

Third, the RAS taxonomy treats human involvement as inseparable from stake sensitivity, recognizing that the same
intervention can be legitimate under low-stakes conditions and illegitimate under high-stakes conditions. Under
exploratory stakes, speculative candidate generation is acceptable because the purpose is ideation rather than
commitment. Under translational stakes, outputs may be used only conditionally and must be paired with targeted checks
and validation logic before they affect real decisions. Under critical stakes, only highly warranted actions are permissible,
and silence (abstention) is not a failure but a correct scientific outcome when applicability is uncertain. Taken together,
these three axes produce the central conceptual benefit of the RAS design: it prevents the category error of treating HITL
as a unitary guarantee of trust, and forces a sharper question instead—which role, with which authority, under which
stakes, is being invoked as the basis for action?

The taxonomy: Seven human roles without overlap

Within this three-axis system, the framework defines seven conceptually non-redundant human roles that are frequently
conflated in HITL discourse. Role 1, the curator, operates primarily at the data location and controls dataset inclusion
criteria, resolves conflicts across sources, and enforces semantic consistency so that the training base is not internally
incoherent. Role 2, the label legitimizer, exercises epistemic authority by judging whether labels correspond to stable
material concepts, including whether measurements are commensurable across instruments, protocols, and reporting
conventions. Role 3, the representation steward, governs meaning through representation choices by selecting
descriptors and invariances that determine what the model can represent and what it must ignore, thereby preventing
representation fragility and semantic distortion. Role 4, the constraint legislator, expresses normative authority by defining
feasibility, safety, sustainability, and domain restrictions as binding decision boundaries rather than optional preferences.
Role 5, the uncertainty interpreter, functions at the evaluation—decision boundary and treats uncertainty not as a number
but as a permission structure, deciding whether outputs warrant deployment, conditional use, or abstention. Role 6, the
claim auditor, combines epistemic and communicative authority by separating predictive signals from mechanistic
narratives and preventing interpretability artifacts from being mistaken for explanation or causal insight. Role 7, the risk
owner, carries accountability authority by defining acceptable loss, failure tolerance, stopping conditions, and
responsibility assignment when decisions are made under stakes.

A key claim of the framework is that these roles are not reducible to generic “domain expertise,” because expertise does
not guarantee correct authority placement or valid role execution. A senior experimentalist may be well-positioned as a
risk owner due to experience with failure consequences, yet may not be trained to interpret uncertainty as a boundary
condition rather than a confidence score. Conversely, an ML specialist may competently interpret uncertainty behavior yet
lack legitimate normative authority to encode safety or sustainability constraints that are institutionally and ethically
governed. The RAS taxonomy, therefore, reframes HITL as a role-based architecture rather than an informal appeal to
expertise.

What the framework explains: When HITL helps and when it is “confidence theater”
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The RAS taxonomy explains HITL success through a precise causal logic: HITL improves materials Al outcomes when
role—failure matching is explicit, when the authority type used to resolve the failure is legitimate, and when stakes are
clearly specified rather than assumed. Under this framework, HITL helps when the correct role intervenes at the correct
pipeline location—for example, when a semantic mismatch in labels is corrected by a label legitimizer rather than
misdiagnosed as a model interpretability problem. HITL also helps when authority alignment is enforced, meaning that
normative constraints must be authored as constraints and policies rather than retrospectively inferred from model
behavior. Finally, HITL helps only when stakeholder conditions are explicit, because critical decisions require stronger
warrants than exploratory ranking does, and the threshold for action must rise with consequence.

At the same time, the framework explains systematic “HITL failure by design,” including failure modes that persist even
when humans are present. Confidence theater occurs when humans provide superficial approval without epistemic audit,
functioning as rhetorical legitimacy rather than scientific control. Role overload occurs when one individual is expected to
fulfill multiple roles simultaneously—curation, legitimacy, constraint policy, uncertainty interpretation, and risk ownership—
creating bottlenecks and weakening the epistemic quality of decisions. Authority mismatch occurs when a human is asked
to justify what the system cannot warrant, such as treating interpretability overlays as mechanistic evidence or expecting
intuition to replace abstention logic under domain shift. Silent failure denial occurs when abstention is treated as
unacceptable even when scientific legitimacy requires silence, forcing the system into overreach rather than restraint.
Through these explanations, the RAS taxonomy reclassifies HITL not as a patch for weak generalization, but as a
controlled architecture for responsibility, legitimacy, and action under bounded warrant (Figure 1).

Role—Authority—Stake (RAS) Taxonomy for Human Involvement in Materials Al

Curation, Documentation, Algorithm Tuning, Uncertainty Analysis, Deployment Thresholds,
Label Checks l'nwnmces Constraints Validation Abstention

l | l
Label Representation | Constraint Uncertainty Claim
Legitimizer Steward Legislator Interpreter Auditor
Operational y

Episternic L_Hommm | Epistemic IWM Epistenic, Operational || Normative, Epistemic )

Exploratory (Low Stakes) ® confidence theater

Translational (Medium Stakes) ﬁ Role overioad

Critical (High Stakes) $F authority mismatch

Deploy | Conditional Use | Abstain / Silence K Semantic overreach

Human approval # warrant; abstention is valid.

Figure 1. Role—authority—stake (RAS) taxonomy for human involvement in materials Al”

Propositions

This section formalizes the RAS conceptual framework into falsifiable, manuscript-grade propositions. Importantly, these
claims are not implementation prescriptions and do not assume particular algorithms, datasets, or experimental regimes.
Instead, they operate at the theoretical level, specifying how human involvement alters the epistemic status of model
outputs and the legitimacy of decisions based on them. In doing so, the propositions reframe HITL away from a
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performance optimization trope and toward a responsibility architecture for materials Al—one that distinguishes between
what is predicted, what is warranted, and what can be legitimately acted upon.

Proposition 1
Claim

Human-in-the-loop (HITL) in materials Al cannot be meaningfully defined as a single technique; it is best understood as a
family of role-specific interventions whose epistemic consequences differ across pipeline locations, authority types, and
stake levels.

Rationale

The term HITL is routinely used as a blanket descriptor for fundamentally non-equivalent interventions: dataset curation,
labeling legitimacy checks, representation design, constraint definition, uncertainty interpretation, claim auditing, and
decision approval. When these heterogeneous activities are compressed into a single category, “HITL” becomes
conceptually inflated into a proxy for responsibility itself, enabling the rhetorical move that “we had a human in the loop” is
sufficient evidence of scientific legitimacy. This proposition follows governance-oriented HITL scholarship, which stresses
that interaction structure and placement matter more than vague calls for oversight [21, 22]. In materials informatics, the
need for disaggregation is sharper because labels, targets, and evaluation contexts can be semantically unstable across
processing histories and measurement conditions, meaning that “human involvement” without role clarity can conceal
rather than resolve epistemic fragility [1, 6].

Proposition 2
Claim

The primary scientific value of HITL in materials Al is not improved predictive performance, but modified epistemic
warrant: the legitimacy of treating an output as a basis for action or claim.

Rationale

In decision-centric scientific workflows, accuracy alone is an incomplete criterion for legitimacy. A prediction can be
numerically correct on benchmark evaluations yet remain illegitimate to deploy if its validity conditions are unknown, its
applicability domain is unclear, or the failure costs are asymmetric and high. The RAS framework emphasizes that certain
human roles—patrticularly the risk owner and constraint legislator—can change what the system is allowed to do under
uncertainty without altering the model’s internal mapping. This implies that HITL should be evaluated in terms of warrant
transitions, such as moving from signal to candidate, from candidate to conditional recommendation, and from
recommendation to actionable decision, rather than being reduced to regression improvements [11, 18]. This proposition
is consistent with the broader view that trustworthiness is a system property shaped by uncertainty handling, decision
framing, and governance placement, not merely by the choice of model family [5, 7, 11].

Proposition 3
Claim

In materials Al, HITL failures are more strongly predicted by authority mismatch (the wrong human role exercising the
wrong kind of authority) than by model architecture choice.

Rationale

Common explanations for HITL failure assign blame to the algorithmic substrate, often framed as “black-box deep
learning” versus ‘“transparent modeling.” The RAS taxonomy predicts a different failure generator: structural
misassignment. A domain expert may be asked to validate probabilistic calibration that they cannot audit, a data scientist
may be expected to legislate sustainability constraints without legitimate normative authority, or a reviewer may be
pressured to treat feature attributions as mechanistic evidence. These breakdowns are not fundamentally algorithmic;
they are failures of governance placement and authority type. HITL surveys repeatedly show that human-in-the-loop
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outcomes depend on interaction design and control placement rather than on generic “human oversight” [21, 22]. In
materials Al, the consequences of authority mismatch are amplified because interpretability artifacts can be mistaken for
explanation, creating a pathway from prediction to unjustified mechanism claims—an epistemically dangerous escalation
that the RAS framework treats as claim inflation [12, 13].

Proposition 4
Claim

The strongest—and least explicitly acknowledged—reason HITL is repeatedly demanded in materials Al is semantic
uncertainty, not merely epistemic uncertainty.

Rationale

Semantic uncertainty arises when targets and labels carry ambiguous or shifting meanings across datasets, processing
histories, measurement protocols, and reporting conventions. Materials science is unusually vulnerable to such drift
because many evaluation terms are operationally defined rather than ontologically fixed. Concepts such as “stability,”
“durability,” “high performance,” and even “strength” often encode implicit experimental conditions, time scales, or failure
definitions. Under these conditions, a model can be epistemically confident while semantically misaligned, producing
outputs that appear valid but do not map to the intended material concept. Humans are uniquely positioned to resolve
semantic mismatch through definition work, concept alignment, and scope policing—interventions that cannot be
substituted by post hoc uncertainty intervals alone [6, 9]. This proposition clarifies why “more data” frequently fails: the
limiting factor is not scarcity but conceptual inconsistency, and scaling incoherence produces confusion at scale.

Proposition 5
Claim

Interpretability tools increase the risk of scientific overreach unless paired with a claim-auditor role that distinguishes
predictive correlation from mechanistic explanation.

Rationale

Interpretability methods can create an aesthetic of scientific meaning by producing human-readable attributions, saliency
maps, or feature rankings. In materials Al, this readability can be mistaken for mechanism, encouraging mechanistic
storytelling even when the model’s internal logic is correlation-bound and non-causal. Without an explicit claim-auditor
role, interpretability becomes a narrative generator that increases the probability of semantic overreach: the output is
treated not merely as predictive guidance but as explanation. This is not only a philosophical concern; it influences what
is written, believed, funded, and deployed. Interpretability scholarship has repeatedly warned that explanations can be
misleading, incomplete, or misused when treated as ground truth [12, 13, 23]. The RAS taxonomy, therefore, treats
interpretability as safe only when embedded within a governance structure that includes claim auditing, rather than
positioned as an automatic legitimacy amplifier.

Proposition 6
Claim

A mature HITL system must treat abstention (“model silence”) as a legitimate human-authorized outcome, not a failure of
the pipeline.

Rationale

When a model operates outside its applicability domain, the appropriate response is often not “try anyway with a human
check,” but refusal to act or formal downgrading of claim strength. This is especially true in high-stakes material contexts
where invalid extrapolation can lead to costly, unsafe, or irrecoverable consequences. The RAS framework clarifies that
human authority is not only the authority to approve decisions; it is also the authority to block action and impose epistemic
restraint. A HITL pipeline that lacks the capacity to justify silence is structurally biased toward overreach, treating outputs
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as needing to be “used” rather than “warranted” [11, 19, 20]. In this sense, abstention is not the absence of intelligence
but the expression of scientific legitimacy in the face of uncertainty.

Proposition 7
Claim

HITL requirements should scale with decision stakes: the same loop can be justified in low-stakes exploration but
unjustified in high-stakes deployment unless strengthened.

Rationale

In exploratory screening workflows, humans may legitimately accept uncertain rankings and heuristic signals as idea
generators, since the goal is not commitment but hypothesis expansion. In translational settings, similar uncertainty levels
should trigger conditional use paired with targeted validation rather than open deployment. In critical deployment
contexts, the same uncertainty levels must trigger abstention or formal verification gates, because responsibility cannot
be reduced to optimism when the consequences of failure are significant. HITL, therefore, cannot be specified
independently of stake context, and universal recommendations to “always include a human in the loop” are scientifically
weaker than stake-indexed governance designs. This proposition aligns with contemporary perspectives that emphasize
uncertainty-aware decision-making and calibrated trust, rather than generic trust as a global good [5, 7, 11]. By treating
stakes as a first-order variable, the RAS taxonomy replaces HITL hype with decision-legitimate HITL design.

Results and Discussion
Why “human-in-the-loop” became hype

“HITL” gained popularity because it appears to reconcile two competing pressures: the demand for accelerated discovery
and the fear of unreliable Al. Its rhetoric suggests a simple compromise: automation with safety. But the slogan obscures
the fact that “the human” is not a uniform entity, and “the loop” is not a single location. In materials Al, these ambiguities
generate a false sense of rigor: adding a human does not necessarily increase scientific validity; it may instead increase
the appearance of accountability.

From the perspective developed here, HITL is hype when it serves as a trust label rather than a role specification. The
RAS framework converts HITL into a falsifiable claim: which human role, exerting which authority, at which stake level,
changes which warrant boundary? Without this specificity, HITL descriptions are structurally non-auditable.

What the taxonomy changes in materials Al practice (conceptually)

Although this manuscript is intentionally non-implementation-focused, a conceptual framework still has operational
consequences: it changes what people think they are doing when they build “human-centered” pipelines.

(i) From “expert check” to “warrant engineering.”

The central conceptual upgrade is to treat human involvement as engineering the warrant pathway rather than checking
outputs. A label legitimizer ensures semantic stability. A constraint legislator prevents optimization from violating physical
or ethical feasibility. A claim auditor constrains scientific language. A risk owner defines acceptable loss and stopping
logic. These are different forms of scientific work that deserve explicit recognition.

(ii) From “trust” to “permission structures.”

Trust is psychologically ambiguous; permission is structurally explicit. The pipeline outcome is not “trust the model,” but
one of: deploy, conditionally use, or abstain. This aligns with uncertainty-centered approaches to decision-making [5, 7].

(iii) From “human intuition” to “human accountability.”
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The RAS framework shifts emphasis away from intuition and toward accountability: the system must have a risk owner
even if the model is accurate. Accountability is not a property of the model; it is a property of the sociotechnical system
[11, 18].

Four failure modes of HITL in materials Al (and why they recur)

Failure mode A — Confidence theater

Humans provide approval signals that create an illusion of validation without epistemic substance. For example, an expert
skims a ranked list and endorses it because it “looks plausible,” while uncertainty and applicability conditions remain
undefined. This is theater because it converts human authority into a stamp, not a warrant analysis.

Failure mode B — Semantic overreach

Humans translate predictive correlations into mechanistic claims because interpretability outputs offer tempting
narratives. When a model highlights a feature correlated with performance, humans overinterpret it as causal. This is
particularly common in materials contexts where domain language invites mechanism talk. Interpretability research
cautions that explanations can be misleading without careful framing [12, 13, 23-27].

Failure mode C — Role overload and bottlenecking

A single “domain expert” is expected to label, curate, interpret uncertainty, validate mechanisms, and decide actions. This
collapses distinct roles and undermines each of them. In real research groups, role overload creates fragile systems:
human review becomes inconsistent, delayed, and susceptible to confirmation bias.

Failure mode D — Authority mismatch

Humans are placed into roles they cannot legitimately perform. Example: a computational scientist is asked to define
operational safety constraints for industrial deployment, or an experimentalist is asked to judge statistical calibration.
Authority mismatch is dangerous because it produces confident decisions with weak epistemic grounding.

When HITL genuinely helps: A “role—failure match” logic

The RAS framework suggests that human-in-the-loop (HITL) succeeds only when it is designed as an explicit role—failure
match, rather than treated as a generic “expert oversight” layer. In this view, the value of human involvement depends on
whether the right human role is placed at the right point of the pipeline to correct a specific failure mode. For instance,
when the dominant failure is label inconsistency, the appropriate remedy is the Label Legitimizer, because the core
problem is epistemic legitimacy in the target definition—not model transparency or interpretability. Similarly, when the
failure is a domain shift, the remedy is not “expert intuition,” but a structured pairing of uncertainty interpretation with an
explicit abstention policy, because the system must be able to recognize when it lacks warrant rather than compensate
with informal confidence. When the failure is optimization misalignment, the correct intervention is the Constraint
Legislator, since the underlying issue is normative and operational mis-specification of what the system is allowed to
optimize—not a shortage of data. Finally, when the failure is claim inflation, the remedy is the Claim Auditor, because
scientific overreach is not corrected by higher predictive fit (e.g., higher R?), but by restricting which claims are warranted
given the available evidence and boundary conditions. This logic aligns with HITL scholarship, which emphasizes that
trustworthiness arises from the interaction structure and the placement of control, not from the mere presence of a human
somewhere in the system [21, 22]. It also reinforces a system-level view of trustworthiness in which governance is
distributed across roles and decision points rather than collapsed into an undefined “human check” [11, 18, 28-30].

Stake sensitivity: The missing variable in HITL debates

Many HITL debates implicitly treat human involvement as categorically beneficial, as if more human presence
automatically improves responsibility. The framework developed here rejects that assumption and instead treats HITL as
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stake-indexed, meaning that the same human behavior can be valid in one context but epistemically invalid in another. In
low-stakes exploratory screening, humans may legitimately accept heuristic rankings, weak signals, and fast
interpretations because the system is functioning as an idea generator rather than a decision authority. In translational
settings, however, humans must shift from heuristic acceptance to structured caution, requiring conditional checks,
targeted validation, and explicit boundary-awareness before advancing claims or recommendations. In critical deployment
contexts, the expected human role becomes even stricter: humans must actively enforce abstention whenever
applicability is uncertain, because the cost of error is no longer informational but consequential. The implication is that
HITL is not a guarantee of responsibility; rather, HITL is a mechanism for calibrating responsibility to stakes, and it only
works when the human role, authority type, and decision posture are explicitly aligned with the consequences of being
wrong [28-32].

Conceptual implications for autonomy and “self-driving laboratories”

Materials Al is increasingly discussed alongside autonomous discovery systems, closed-loop design, and “self-driving
laboratories.” Although this manuscript does not address robotic automation, experimental execution, or hardware
integration, the conceptual implication still holds: autonomy does not eliminate humans—it redistributes human authority
upward. As systems become more autonomous, humans shift away from routine operational contributions, such as
manual labeling, toward higher-level governance roles, including constraint setting, interpretive control, and responsibility
assignment. In the RAS view, autonomy therefore amplifies the importance of the Constraint Legislator, because
optimization processes can rapidly move into scientifically invalid or unsafe regions if constraints are absent or
underspecified. It also elevates the role of the Uncertainty Interpreter, because automated loops can magnify invalid
assumptions and propagate them through repeated iterations unless uncertainty is explicitly interpreted as a boundary
condition for action. Finally, it increases the centrality of the Risk Owner, because accountability cannot be automated
away; responsibility must remain identifiable, attributable, and decision-linked. Under this framing, HITL is not the
opposite of autonomy. Instead, HITL functions as the governance skeleton that makes autonomy scientifically legitimate,
ensuring that faster optimization does not become faster epistemic overreach [31-35].

Limitations of the present conceptual framework

This work deliberately excludes implementation-level design, such as interfaces, elicitation protocols, cognitive
ergonomics, and organizational incentives. It also does not claim that any particular algorithmic approach is superior. The
contribution is taxonomic and epistemic: a conceptual architecture for describing human roles without collapsing them into
“expert review.”

A second limitation is that the framework does not provide empirical measures for role quality. However, the value of a
conceptual taxonomy lies in enabling precise critique: it allows reviewers and readers to ask which role exists, where it is
placed, what authority it carries, and how it supports the warranted claim.

Conclusion

Human-in-the-loop has become a default phrase in materials artificial intelligence, frequently invoked as a trust-enhancing
ingredient without adequate conceptual specification. This manuscript argues that such usage produces more
reassurance than rigor. In materials Al, the legitimacy of an output depends not only on predictive quality but on semantic
alignment, uncertainty interpretation, applicability limits, and decision stakes. These properties are not repaired by
“adding a human” in a generic sense.

To address this gap, we proposed the role—authority—stake (RAS) taxonomy, a theory-first framework that reframes HITL
as a structured system of human roles—curator, label legitimizer, representation steward, constraint legislator, uncertainty
interpreter, claim auditor, and risk owner. The framework distinguishes where humans intervene in the Al pipeline, what
kind of authority they exercise, and how decision stakes transform what counts as responsible action. This structure
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clarifies why HITL sometimes succeeds (role—failure matching) and why it often fails (confidence theater, semantic
overreach, authority mismatch, role overload). Most importantly, it makes explicit that abstention and silence are
legitimate outcomes in high-stakes contexts: a mature HITL design must permit refusal, not only approval.

The conceptual shift advocated here is from “trust the model because a human checked it to “define permission
structures that convert uncertainty into disciplined action.” By providing a falsifiable vocabulary for human roles, the RAS
taxonomy enables sharper scientific communication, more accountable workflow design, and more principled restraint in
the face of uncertainty. It also offers a foundation for future work that can empirically study role quality and interaction
design, without treating HITL as a monolithic solution. In this sense, human-in-the-loop should not be marketed as a cure
for Al limitations; it should be treated as a rigorous architecture for epistemic warrant and responsibility in accelerated
materials discovery.
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