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Abstract

Large Language Models (LLMs) are rapidly embedded in everyday
interfaces as assistants, copilots, and autonomous agents that influ-
ence human decision-making. Prior research primarily evaluates
these systems through accuracy, alignment, and task performance,
assuming that agency is preserved as long as users retain formal con-
trol. This assumption cannot explain how agency erodes without
obligation or manipulation. We present a conceptual framework
that treats LLMs as delegated decision infrastructures to which
users repeatedly offload decisions for convenience. We introduce
decision horizons, defined as the set of options and framings made
epistemically visible by LLMs, as a central analytic concept. Re-
peated delegation reshapes these horizons, increases opt-out fric-
tion, and raises the cost of reversibility. Rather than removing
control, LLMs render agency latent by restructuring decision condi-
tions. We conceptualize agency erosion as an emergent, cumulative
interaction effect and outline design implications that foreground
reversibility, horizon diversity, and long-term human agency.
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1 Introduction

LLMs increasingly mediate how users explore options, form de-
cisions, and execute work, shifting from isolated support tools to
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default interfaces across domains. This transition raises fundamen-
tal questions about human agency, not only whether users retain
formal control, but how repeated delegation reshapes decision-
making over time.

Most existing works treat delegation as a binary choice between
human and system control. In contrast, everyday interaction with
LLMs reveals a gradual progression in which assistance, epistemic
influence, infrastructural dependency, and capability loss may coex-
ist or accumulate. Without a structured vocabulary to distinguish
these layers, debates about autonomy, responsibility, and design
interventions remain underspecified.

We introduce a four-layer model of LLM-mediated delegation
that distinguishes epistemic framing, infrastructural dependency,
and structural agency loss, and derive design-relevant implications
for preserving reversibility and human agency.

2 Related Work

LLMs increasingly mediate decision-making across domains, moti-
vating research on human Al collaboration, automation effects, and
digital infrastructure. We synthesize three strands, delegation and
appropriate reliance, automation and deskilling, and infrastructure
studies, to motivate a shared limitation. Across these literatures, pre-
vailing accounts struggle to explain how agency can erode without
obligation, capability loss, or the removal of manual control.

2.1 Delegation and Appropriate Reliance

Human-Computer Interaction (HCI) and Computer-Supported Co-
operative Work (CSCW) research examines when and how people
delegate decisions to Al systems and how reliance can be calibrated.
Prior work proposes mechanisms such as conditional delegation
[24] and studies whether explanations enable complementary team
performance [6]. Related approaches formalize acceptance and over-
ride decisions [38] and introduce interventions to reduce overre-
liance, such as cognitive forcing functions [11]. More recent work
highlights contextual drivers and cognitive barriers to effective
delegation [17, 41]. While these frameworks advance task-level
collaboration, they largely assume agency is preserved as long as
users retain formal authority and override capability. They do not
explain why agency may nonetheless remain unexercised
under sustained, convenience-driven delegation.
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2.2 Automation, Deskilling, and Skill
Degradation

Human factors research documents automation-induced compla-
cency, reduced monitoring, and skill degradation over time [34, 35].
Classic accounts of deskilling describe how automation substitutes
human skills across domains [4, 5], with contemporary extensions
to Al-assisted work and learning. However, this literature primarily
conceptualizes agency erosion as capability loss through disuse. It
does not capture situations in which users retain capability
but face a narrowed option space and increased friction when
exercising choice.

2.3 Infrastructure Studies and Path Dependency

Science and Technology Studies (STS) and HCI conceptualize in-
frastructure as relational and typically invisible in routine practice
[42], emphasizing how standards and classifications encode choices
that shape future action [10]. Path dependency theories explain
lock-in through increasing returns and quasi-irreversible invest-
ments [2, 3, 13, 14]. Within HCI, infrastructure perspectives are
increasingly applied to digital systems and user coping practices
[26]. Yet these accounts focus primarily on macro-level systems,
leaving the micro-level dynamics by which repeated interface-level
delegations become infrastructural under-theorized.

2.4 Summary: Toward Decision Horizons

Together, these strands explain (i) task-level reliance decisions, (ii)
capability degradation through disuse, and (iii) macro-level lock-
in through path dependency. However, they do not account for a
recurring pattern in LLM-mediated interaction: agency erosion as a
gradual, cumulative outcome of repeated, rational delegation even
when formal control and capability remain intact. Strand (i) assumes
agency is preserved as long as users retain override authority;
strand (ii) requires observable skill loss as a precondition; strand
(iil) operates at systemic rather than interaction level. None captures
how convenience-driven delegation can reshape decision-making
conditions without coercion, capability loss, or explicit lock-in.

We address this gap by introducing decision horizons, defined as
the set of options and framings that remain epistemically visible
and cognitively available to a user at a given point in time. Deci-
sion horizons are distinct from available options in a formal sense:
an option may exist without being salient, plausible, or accessible
for deliberation. We further theorize LLMs as delegated decision
infrastructures that, through repeated use, systematically reshape
which options and framings remain visible over time. This pro-
cess does not remove alternatives but renders them progressively
less accessible. This distinguishes decision horizon narrowing from
automation bias (a single-instance anchoring effect), deskilling (ca-
pability loss through disuse), and overreliance (miscalibrated trust
in system outputs).

3 A Four-Layer Model of LLM-Mediated
Delegation

This section introduces a four-layer model of LLM-mediated dele-
gation, visualized in Figure 1. The layers are ordered by increasing
impact on human agency, but are not strictly sequential. Rather,
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they represent analytically distinct layers of delegation that may
coexist or shift over time depending on context and use.

3.1 Layer 1: Assisted Decision-Making

At Layer 1, LLMs function as assistive tools that generate options
or recommendations without constraining decision-making. Users
retain epistemic access to alternatives and can evaluate, compare,
and override outputs at negligible cost.

This mode aligns with work on appropriate reliance [38] and
complementary team performance [6]. While Layer 1 can be sus-
tained through domain expertise and interface designs that avoid
single defaults, it is unstable in practice. As trust increases and LLMs
integrate into workflows, the perceived value of independent eval-
uation declines, creating drift toward deeper forms of delegation
[18, 25].

3.2 Layer 2: Epistemic Framing

Layer 2 captures delegation through problem framing rather than
explicit decision substitution. Rather than directly making decisions,
LLMs shape what appears relevant, plausible, or worth considering,
thereby influencing which options enter the user’s decision horizon.

Decision horizons describe not merely available options, but their
epistemic accessibility, the degree to which alternatives are salient,
plausible, and cognitively available for deliberation. In conversa-
tional interaction, early responses anchor subsequent reasoning,
making later alternatives less prominent. Framing effects emerge
from training distributions and prompt formulations [39, 40], se-
quential refinement within an initially established frame [20], and
the resolution of underspecified requests into singular interpreta-
tions [46].

Recent empirical work demonstrates that such framing effects
are not merely theoretical. For example, Goh et al. [19] show in
a randomized clinical trial that access to an LLM significantly in-
fluences physicians’ diagnostic reasoning processes, even when it
does not consistently improve decision quality.

Although users retain formal authority, reframing requires rec-
ognizing the dependency of the system’s outputs and actively re-
constructing the problem space. This metacognitive step is cog-
nitively demanding and often bypassed [23]. Empirical work con-
firms this: Gerlich [18] documents a negative correlation between
Al tool usage and critical thinking, mediated by cognitive offload-
ing. Agency thus remains formally intact while decision horizons
narrow through repeated exposure to system-generated framings,
constraining conceivable alternatives.

3.3 Layer 3: Infrastructural Dependency

At Layer 3, LLMs become embedded as default interfaces within
recurring workflows. Delegation shifts from episodic use to infras-
tructural reliance.

Infrastructure studies characterize such systems as relational
and largely invisible in routine practice [10, 42]. Lock-in emerges
through tool integration [7], network effects [15], and data accu-
mulation that raises switching costs. Cognitive offloading further
increases opt-out effort even before skills degrade [37]. Ferdman
[16] terms such contexts “capacity-hostile environments,” systemic
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Figure 1: Four-layer model of LLM-mediated delegation. The model illustrates analytically distinct layers of delegation, ranging
from assisted decision-making to structural loss of agency. Layers are ordered by increasing impact on agency but are not

strictly sequential.

conditions that impede human capacity cultivation through AI me-
diation. Agency becomes latent: alternatives remain possible, but
exercising them incurs growing friction.

3.4 Layer 4: Structural Loss of Agency

Layer 4 captures conditions under which agency becomes struc-
turally eroded. Sustained delegation can lead to skill atrophy [35,
45], with recovery requiring substantial retraining or becoming
effectively irreversible [32]. In parallel, non-LLM infrastructures
may disappear as institutions, workflows, and norms adapt to auto-
mated systems [12]. Messeri and Crockett [30] warn that Al tools
may create “illusions of understanding” in which users believe they
understand more than they do, a condition that may mask capability
erosion until reversal becomes impractical.

At this layer, reversibility is minimal. Individually rational acts
of delegation can aggregate into collective capability loss that no
single actor intends or controls [33].

Recent evidence supports this dynamic. The Anthropic Economic
Index Report 2026 [1], based on 2M Claude conversations, shows
that Al is disproportionately used for higher-education tasks (mean
14.4 vs. 13.2 years of schooling). This pattern suggests that sustained
delegation concentrates cognitive labor in Al systems, contributing
to gradual deskilling across occupations.

3.5 Transitions Between Layers

The layers are modes rather than fixed stages. Routine tasks tend
toward infrastructural dependency, while ambiguous or high-stakes
tasks may remain at earlier layers [25]. Transitions are asymmetric:
while early layers can be preserved by design, movement toward
Layers 3 and 4 introduces structural barriers to return. This asym-
metry motivates interventions that prevent problematic transitions
rather than assuming reversibility.

Delegation does not inherently erode agency. At Layer 1, offload-
ing routine or well-defined tasks to LLMs can expand the range

of options a user considers, reduce cognitive load, and free capac-
ity for higher-order judgment. Agency erosion is not a necessary
consequence of delegation but an emergent risk that arises when
delegation becomes habitual, unreflective, or infrastructurally en-
trenched. The model is therefore not a critique of delegation per
se, but a framework for distinguishing conditions under which
delegation preserves or undermines meaningful human agency.

4 Implications for Design and Research

The four-layer model provides a vocabulary for analyzing agency
in LLM-mediated systems and for deriving design and research
implications. We summarize design strategies by layer, followed by
directions for research and governance.

4.1 Design Strategies by Layer

Layer 1: Preserve epistemic access. To sustain assisted decision-
making, interfaces should preserve access to alternatives and avoid
making LLM outputs the default. Strategies include presenting
multiple options in parallel to reduce anchoring [44], surfacing
uncertainty and model limitations [47], and supporting lightweight
comparison with non-LLM sources.

Layer 2: Make framings visible. Mitigating epistemic framing
requires exposing otherwise implicit assumptions. Interventions
include prompting users to articulate their framing, providing con-
trastive outputs that reveal how alternative framings affect results
[31], and supporting periodic reflection. Recent work on Human-Al
Deliberation [27] demonstrates that structured discussion mecha-
nisms enabling dimension-level opinion elicitation can counteract
framing effects and foster appropriate reliance. While such mea-
sures can preserve agency, they introduce friction that may affect
adoption.

Layer 3: Enable reversibility. To limit infrastructural lock-in,
systems should support partial delegation and graceful exit. This
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includes maintaining compatibility with non-LLM workflows, en-
abling hybrid interaction modes [21], and ensuring data portability
and interoperability.

Layer 4: Preserve capability. Preventing structural agency
loss requires maintaining human skills during extended delegation.
Approaches include periodic manual practice, adaptive automation
that responds to risk of skill decay [8, 28, 34], and professional
standards that define baseline competencies independent of tool
availability.

4.2 Research Directions

At Layer 3, opt-out friction can be assessed through two comple-
mentary measures: task completion time without LLM access after
sustained use (behavioral), and self-reported delegation cost ("How
difficult would it be to complete this task without AI support?”,
longitudinal, Likert-scaled). Divergence between perceived and ac-
tual capability serves as an additional indicator of infrastructural
lock-in.

At Layer 4, skill atrophy measures from human factors research
apply directly, including retention testing and error rate monitoring
after delegation periods. Crucially, Layer 4 indicators should be
combined with Layer 2 and 3 measures to distinguish capability
loss from horizon narrowing and friction effects.

Across layers, we propose a short self-report instrument to op-
erationalize layer transitions. Example items include: "I formulate
problems differently than before using AI" (Layer 2), "I rarely verify
Al outputs anymore” (Layer 3), and "I would not know how to ap-
proach this task without AI" (Layer 4). Longitudinal administration
of such an instrument would allow researchers to trace delegation
trajectories and evaluate interventions aimed at preserving agency.

Domain specificity remains essential: epistemic framing effects
may dominate in creative and knowledge work, while structural ca-
pability loss is critical in safety-sensitive contexts such as medicine
and law. Domain-specific validation of these measures is therefore
a priority for future work.

5 Discussion

A central insight of the four-layer model is that agency can erode
even when responsibility formally remains with the human decision-
maker. Unlike traditional automation, where control and responsi-
bility are explicitly transferred, LLM-mediated delegation preserves
formal accountability while degrading the practical conditions for
exercising agency. This produces a responsibility gap [29], in which
users are accountable for outcomes shaped by epistemic framings
and infrastructures they do not fully control, particularly in high-
stakes domains such as healthcare, law, and hiring [9].

The model clarifies how LLM-mediated delegation differs from
existing human-AlI frameworks. Whereas appropriate reliance and
trust calibration optimize individual acceptance decisions and au-
tomation taxonomies emphasize levels of autonomy [36], the four-
layer model captures cumulative effects emerging through repeated
delegation. Distinguishing infrastructural dependency (Layer 3)
from structural capability loss (Layer 4) highlights an intermediate,
partially reversible stage of agency erosion that is obscured when
dependency and deskilling are conflated.
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Calibrated trust is necessary but insufficient for preserving agency.
Even rational reliance can narrow decision horizons through epis-
temic framing (Layer 2) or increase exit costs through infrastruc-
tural integration (Layer 3). Tang [43] describes this as “epistemic
cost,” harm to knowledge quality arising from Al-mediated produc-
tion even absent ethical violations. Preserving agency therefore
requires addressing structural features of interaction and infras-
tructure, not only improving system accuracy or trust calibration.

At Layer 4, agency loss becomes a collective concern. When
rational delegation aggregates into capability erosion, individually
beneficial choices may yield socially undesirable outcomes [33]. Po-
tential responses include transparency requirements, educational
standards, interoperability mandates, and professional ethics codes
that safeguard human judgment [22]. The aim is not to restrict del-
egation but to ensure reversibility and preserve meaningful agency.

Addressing cumulative delegation effects also requires metacog-
nitive awareness. Users who recognize their delegation patterns and
epistemic consequences are better positioned to preserve agency.
Educational interventions that foreground such reflection may com-
plement technical design strategies, particularly in higher education
contexts where LLM use is concentrated [1].

This work has limitations. The model is conceptual and requires
empirical validation, especially through longitudinal studies. It
foregrounds cognitive and epistemic dimensions of agency, while
material and socioeconomic factors remain only partially addressed.
Finally, layer boundaries are analytically useful but may blur in
practice.

6 Conclusion

Nowadays, LLMs are reshaping the conditions under which human
decisions are made — no questions asked! We argue that under-
standing this shift requires moving beyond task-level performance
and binary notions of control toward an analysis of how delegation
accumulates, decision horizons narrow, and agency becomes latent
over time.

The proposed four-layer model distinguishes assisted decision-
making, epistemic framing, infrastructural dependency, and struc-
tural loss of agency as qualitatively different layers of LLM-mediated
delegation. Together, these layers explain how agency erosion can
emerge gradually through rational, convenience-driven use rather
than through coercion, misalignment, or immediate skill loss.

Three implications follow. First, agency erosion is cumulative and
emergent, arising from repeated delegations that reshape workflows
and expectations. Second, reversibility is asymmetric: as interaction
shifts toward infrastructural dependency and capability loss, opt-
out costs rise and independent performance becomes harder to
restore. Third, responsibility and agency can decouple, leaving
users accountable for decisions shaped by conditions they did not
deliberately choose.

For HCI research, this perspective motivates evaluation criteria
beyond accuracy and efficiency, including decision horizons, opt-
out friction, and capability preservation. For design, it foregrounds
reversibility, framing transparency, and sustained human skill. For
governance, it highlights how individually rational delegation may
aggregate into collective capability loss.
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While LLMs offer substantial value as assistive systems, the
challenge is realizing that value without undermining meaningful
human agency. This requires deliberate design, empirical scrutiny,
and attention to how delegation reshapes not only what systems
can do, but what humans remain able to do.
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