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Abstract

Agentic shopping assistants increasingly move beyond recommending products to exe-
cuting actions in users’ workflows (e.g., adding items to cart, applying coupons, selecting
shipping). This shift from advice to delegation raises questions about appropriate reliance,
perceived control, and how interface cues support oversight when systems can act. We
report a laboratory eye-tracking experiment using a chat-only e-commerce prototype in a
mixed 2 X 2 design: action autonomy varied within participants (recommend-only vs. act-
on-behalf, with undo/edit), and transparency cues varied between participants (minimal
statements vs. preview + rationale describing what will happen and why). Three stan-
dardized shopping tasks were completed by 72 participants. Results included behavioral
logs (task time, overrides), areas-of-interest (AOI)-based eye-tracking (chat attention and
verification indicators), and post-task self-reports (trust, control, uneasiness, perceived
transparency). Act-on-behalf autonomy reduced completion time, but it also increased
unease, decreased trust and perceived control, and increased the likelihood of an over-
ride, suggesting a trade-off between efficiency and oversight. The autonomy-related
penalties for trust and perceived control under act-on-behalf execution were lessened by
preview + rationale transparency, which additionally enhanced perceived transparency,
trust, and unease. This mechanism coincided with eye-tracking: transparency decreased
verification latency during agent actions and redirected attention toward information
supplied by assistants. Transparency did not reliably reduce overrides, suggesting that min-
imal effective transparency can streamline supervision and improve evaluations without
eliminating corrective behavior.

Keywords: agentic interfaces; delegated autonomy; transparency cues; trust in automation;
perceived control; oversight and verification; eye tracking; e-commerce assistants

1. Introduction

Al systems undertake more than simply offering recommendations; they are able
to execute tasks in a user’s workflow, which changes the nature of the interaction from
advice to delegation and raises new questions about appropriate reliance [1-3]. Delegation-
oriented accounts of supervisory control assert that autonomy is optimally conceptualized
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as task-specific roles and authorizations, positing that effective delegation necessitates
interfaces enabling users to assign, monitor, and amend actions within a collective task
framework [4]. This development matters as users have to decide when to let the sys-
tem act, when to step in, and how to weigh convenience against responsibility for the
results. This has led to research that connects autonomy to trust, perceived control, and
monitoring behavior [2,4,5].

The trust-in-automation literature indicates that trust is multifaceted and can be as-
sessed through various self-report, behavioral, and physiological measures. However,
even when behavioral evidence points to different dynamics, questionnaires are often
preferred in empirical research [6]. Behavioral paradigms emphasize the distinction be-
tween expressing and exhibiting trust. Additionally, they demonstrate how vital it is to
monitor choices that demonstrate supervision or dependence once users become familiar
with how the system functions [4,7]. Real-world examples illustrate how “understanding”
automation can become a crucial aspect of trust, surpassing competence and dependability.
This suggests that measures confined to laboratory settings may overlook significant factors
influencing both intervention and non-intervention [3]. These points collectively suggest
that a credible assessment of agentic interfaces necessitates multi-layered measurement
rather than relying solely on self-reporting.

However, it is still not clear how these dynamics change when automation moves
from recommending to executing within interactive interfaces, and how informational cues
can support calibration during that shift [1,2,8]. In driving automation, the same exposure
can lead to different levels of trust, depending on what users are told up front (for example,
predictability vs. faith) [2]. Failures can temporarily lower trust, but it can be rebuilt
through reliable experiences that follow, which suggests that “transparency” interacts with
learning over time instead of being a static add-on [2,7]. In multi-subsystem settings, a rise
in the frequency and severity of failures consistently increases workload while diminishing
performance and trust. However, certain effects reach a plateau, indicating that oversight
requirements and trust responses are not linear and cannot be deduced from reliability
alone [1]. Field observations demonstrate that operators can exhibit significantly different
intervention styles under analogous conditions, suggesting that overarching attitudes
may obscure substantial variations in the supervision of automation in practice [3]. This
collectively indicates a deficiency in interface-level evidence regarding the mechanisms
that facilitate appropriate oversight at the precise moments when systems can act.

Objective process measures are well suited to address this gap; however, a substantial
portion of eye-tracking and XAl research has focused on interpretability validation or state
inference, rather than evaluating specific autonomy and transparency indicators integrated
into user workflows [9-11]. For example, eye tracking and explainable attention maps
may serve to compare model saliency to human gaze to find out which visual features
make people feel safe. This strengthens interpretability claims while leaving delegation and
override behavior primarily up to the user [12,13]. Explainable eye-movement frameworks
can also use fixation and saccade features to predict emotional states in VR or recognize
levels of situational awareness in monitoring tasks. This demonstrates methodological
promise without directly evaluating when users should verify, intervene, or override
automated actions [5,8]. The unresolved issue is not the measurability of gaze, but rather
the translation of attention and verification signals into actionable guidance for achieving
“minimal effective transparency” in interfaces that encompass autonomy in execution.

To fulfill this demand, we conduct a laboratory-based eye-tracking experiment uti-
lizing a chat-only e-commerce prototype that distinctly differentiates autonomy from
transparency in a mixed 2 X 2 design across three standardized shopping tasks. Our
contributions are threefold: first, we provide a causal test of how execution autonomy
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(recommend-only vs. act-on-behalf) and transparency cues (minimal vs. preview + ra-
tionale) shape state trust, perceived control, and delegation-related unease; second, we
complement self-reports with behavioral oversight outcomes (task time and override be-
havior) that directly operationalize supervision and correction; third, we add process
evidence via AOl-based attention allocation and verification switching, linking established
recommendations to measure trust beyond attitudes to a realistic agentic commerce work-
flow [6,7]. The study aims to find practical implications for the design of interfaces that
facilitate appropriate reliance in systems capable of action, as delineated in the subsequent
research questions and hypotheses.

In brief, the results show a consistent efficiency—oversight trade-off when the inter-
face shifts from recommending to acting: act-on-behalf autonomy reduced state trust
and perceived control and increased delegation-related unease, while also shortening
task completion time and increasing the likelihood of overrides. The preview + rationale
transparency cue set successfully increased perceived transparency and improved key
evaluations (higher trust, lower unease), and—most importantly—attenuated the trust and
control penalties associated with act-on-behalf execution (a reliable Autonomy x Trans-
parency moderation for both outcomes). Process evidence from eye tracking reinforced this
account: preview + rationale transparency increased visual attention to the assistant/chat
region (greater gaze share and dwell time), particularly under act-on-behalf autonomy;,
and reduced Al-only verification latency (faster gaze shift to outcome-relevant controls).
However, transparency did not increase verification switching and did not reliably reduce
override likelihood, suggesting that minimal effective transparency may primarily improve
understanding and streamline supervision rather than eliminating corrective intervention.

2. Literature Review and Hypothesis Development
2.1. Action Autonomy in Agentic Interfaces: Delegation, Trust, Control, and Behavioral Trade-Offs

Autonomy in agentic systems is frequently regarded as a singular “more-or-less” dial;
however, the literature indicates it comprises a collection of capacities—perception, deci-
sion, and execution—that redefine responsibility and control dynamics [14,15]. Theoretical
research on artificial agents elucidates that “acting” is not merely “recommending more
strongly”, but represents a unique form of delegated agency with distinct ramifications
for oversight and accountability [16]. Simultaneously, syntheses of Levels-of-Automation
taxonomies indicate that research and design practices are impeded by inconsistent termi-
nology and conceptual ambiguity between automation and autonomy, complicating the
comparison and translation of empirical findings into interface requirements [17]. This
indicates that autonomy must be defined in specific, user-oriented terms—specifically, what
the system accomplishes—prior to theorizing its effects.

Autonomy is often portrayed as enhancing efficiency in various applied fields; how-
ever, the evidence suggests that these benefits are conditional and exaggerated, particularly
in idealized representations of the technology’s capabilities. Studies of the implementation
of autonomous vehicles for the logistics of e-commerce have noted the discrepancy be-
tween the results of simulation and the feasibility of the technology, particularly in critical
situations such as health crises, showing that the technology is not as “autonomous” as
might be assumed [18-20]. In workplace Al, case-based evidence contends that dependable
autonomy necessitates “keeping the organization in the loop”, wherein decision workflows
and continuous customization practices determine whether Al enhances or detracts from
socio-technical functioning [15]. These viewpoints converge on a fundamental assertion:
autonomy is not merely a technical attribute but also a governance challenge, emphasizing
trust and supervision.
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Research on trust additionally shows that autonomy can lead to miscalibration (under-
trust/overtrust) along with dynamic shifts tied to cognitive state and uncertainty [21-23].
Multimodal approaches integrate attention, stress, and performance metrics to assess trust
over time, offering the potential for adaptive teaming while also eliciting concerns regard-
ing their feasibility and generalizability beyond controlled environments [12,14]. Related
experimental research indicates that conveying uncertainty through various modalities
alters perceived transparency and decision-making strategies, possibly leading to trade-offs
between informativeness and user burden [21]. Oversight-oriented accounts assert that
effective autonomy necessitates dependable error detection and introduce signal-detection
logic to differentiate sensitivity from response bias—an essential rectification to trust-centric
interpretations [19]. Nonetheless, numerous studies continue to inadequately assess the
behavioral costs of autonomy in genuine interaction flows.

Our research addresses this gap by distinguishing between recommend-only and act-
on-behalf autonomy within a commerce-like interface, linking it to trust, perceived control,
unease, and observable corrective behavior (such as overrides and time), supplemented
by attention-based verification indicators. Based on this positioning, we formalize the
anticipated autonomy-related effects by analyzing how the transition from recommendation
to execution alters users’ evaluations and corrective actions within the shopping workflow,
resulting in the following research question and hypotheses:

RQ1. Action autonomy effects. How does action autonomy (recommend-only vs. act-on-behalf
execution) influence users’ evaluations and behavioral oversight during shopping tasks?

H1a (Trust). State trust will be lower when the assistant acts on the user’s behalf than when it
only recommends.

H1b (Control). Perceived control will be lower under act-on-behalf execution than under
recommend-only.

Hilc (Unease). Delegation unease will be higher under act-on-behalf execution than under
recommend-only.

H1d (Behavioral trade-off). Act-on-behalf execution will reduce task completion time but
increase corrective intervention (overrides) compared to recommend-only.

2.2. Transparency Cues as a Design Intervention: Rationale and Action Preview Effects

Transparency cues are widely proposed as a practical remedy to the “black-box” prob-
lem, but research on human factors shows that transparency is more than just adding
explanations [24-26]. It involves providing users a clear idea of what the system did or
will do and why. In recommender contexts, explainability can boost trust when it helps
users relate outputs to understandable reasons. However, as Shin et al. [27] demonstrate,
users also assess whether explanations are causable—that is, whether they are genuinely
comprehensible and foster emotional confidence—as opposed to merely being superficially
instructive. This distinction is important because transparency may be viewed as “window
dressing” if it does not fit users’ decision-making criteria and cognitive frameworks. Evalu-
ations should therefore differentiate between explanation quality, user comprehension, and
appropriate reliance [24,28,29].

Empirical research indicates that transparency can enhance outcomes; however, the
effects differ across trust-as-attitude versus trust-as-behavior, user capabilities, and expla-
nation formats [27,30,31]. In competitive decision-making tasks, XAl enhanced decision
accuracy and behavioral trust, even when self-reported trust remained unchanged. Further-
more, explanations may induce placebo-like effects in low-capacity users, suggesting that
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“explanations” can serve as heuristic cues rather than merely aids for comprehension [25].
Feature-based explanations might not help people do better and could make them rely too
much on Al when they don’t understand how it works. However, by anchoring intuition
about results, features, and Al limitations, example-based explanations can more success-
fully support comprehensive human-AlI performance [24]. These trends collectively point
to a conflict between efficiency and accountability: transparency must control the risk that
decision-speeding assistance could impair performance when Al guidance is flawed [29].

We remain uncertain about the implications of transparency dynamics when systems
transition from advisory roles to action execution, particularly in contexts where over-
sight becomes evident (e.g., through overrides) and trust may be reflected in diminished
monitoring rather than affirmative attitudes [32-34]. Philosophical perspectives elucidate
this notion by contending that explainability cultivates justified trust only to the extent
that it alters established beliefs regarding trustworthiness and the necessity of oversight,
occasionally transitioning the “trusted entity” towards an Al-user dyad rather than solely
the Al [34]. High-stakes decision support reviews consistently emphasize the necessity for
reliance calibration mechanisms that maintain agency, frequently concluding that simpler,
action-relevant presentations are more effective in mitigating overreliance than intricate
explanation interfaces [30,35-37].

Our research investigates the topic in question by evaluating a minimal, interface-
native transparency cue—concise rationale coupled with action preview—in a commerce-
oriented assistant that either suggests or performs actions, linking perceived trans-
parency with trust, control, discomfort, and behavioral oversight (including overrides
and time management) as well as attention-based verification. We therefore test whether
preview + rationale transparency (vs a minimal cue) produces measurable improvements
in perceived transparency and downstream evaluations and behaviors during shopping
tasks. This leads to the following research question and hypotheses:

RQ2. Transparency cue effects. How does Transparency Cue Set (B0 minimal vs. Bl
preview + rationale) influence perceived transparency, evaluations, and behavior?

H2a (Manipulation check). Perceived transparency will be higher in B1 than in BO.

H2b (Trust/control/unease). Compared to B0, B1 will increase state trust and perceived control
and decrease delegation anxiety/unease.

H2c (Behavior). Compared to B0, B1 will reduce override behavior.

2.3. When Transparency Matters Most: Moderation by Autonomy and the Attention/Verification Mechanism

Transparency does not function uniformly in human—AlI interactions; its efficacy
is contingent upon the timing of autonomy transfer of responsibility from the human
to the system, and whether transparency indicators stimulate verification rather than
complacency [38—40]. Studies on automation monitoring indicate that delegation may
diminish verification practices, despite redundancy being designed to enhance reliability.
In safety-critical instances, having several individuals to monitor without individual ac-
countability leads to fewer cross-checks and missed failures [38,40,41]. This phenomenon
is considered to be due to social loafing rather than a lack of information [39]. This implies
a key boundary condition: transparency alone is inadequate if autonomy diminishes users’
perceived obligation to monitor, necessitating increased focus on behavioral verification
rather than self-reported trust.

Eye-tracking studies provide converging evidence that transparency cues affect atten-
tion allocation, albeit not always as intended [9,13,42,43]. In policy communication, visual
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attention is a better predictor of recall and behavioral impact than exposure alone. This is
the case given that slogans and emotionally charged elements tend to get more attention
early on [43]. In clinical decision support, unsafe Al recommendations consistently garner
attention, whereas various forms of explainable Al (XAI) did not succeed in enhancing fo-
cus on explanations or in “rescuing” decisions, indicating a discrepancy between perceived
utility and actual attentional engagement [9]. In medical image inspection, analogous pat-
terns arise: Al assistance shifts attention to interface components and enhances transitions,
yet it may prolong task duration by disrupting optimized visual strategies [41]. Overall,
transparency can reconfigure attention without necessarily improving verification quality,
and it may impose attentional costs that must be treated as a design trade-off.

Work on appropriate trust further complicates the picture by questioning whether
visual attention reliably indexes healthy distrust [9,10]. Peters et al. [44] show that misclas-
sifications render it more challenging to pay attention, yet they rarely make judgments
better, which implies that more attention doesn’t always mean better oversight. In con-
trast, process-control studies establish a direct connection between inadequate information
sampling and complacency, leading to commission errors. They also illustrate that specific
interventions, such as exposure to failures, can reinstate verification behavior [40]. These
results suggest that verification behavior, not explanations on their own, is the mechanism
through which transparency should be evaluated.

Design experiments manipulating transparency level reinforce this mechanism-based
view [4,26,45]. In certain scenarios, highly transparent agent reasoning can make people less
complacent. However, excessive or poorly structured information can confuse users and
impair decision-making, leading to superficial trust [10]. Conversational search interface
studies also show that high-visibility source presentations keep consumers more visually
engaged, nevertheless they frequently fail to lead to behavioral use. They can likewise
render learning harder at first unless they are actively integrated into the task flow [46].
Recent research on explanation scope substantiates that joint explanations enhance com-
prehension via mediated visual attention, contingent upon alignment with cognitive load
and modality [1,25,47].

The question of when transparency matters most, or more specifically, whether suc-
cinct, action-linked transparency works best when autonomy increases execution power,
remains unanswered. By testing preview + rationale cues under recommend-only ver-
sus act-on-behalf autonomy and tracking their effects through attention allocation and
observable verification (overrides, gaze switching), our study narrows this gap and unifies
autonomy, transparency, and oversight into a single behavioral mechanism:

RQ3. Autonomy X transparency interaction. Does a preview + rationale cue mitigate the
evaluation and oversight costs of act-on-behalf execution?

H3 (Autonomy X Transparency). Preview + rationale transparency (vs minimal) will have stronger
beneficial effects when the assistant executes actions than when it only recommends—specifically, it
will (a) increase trust, (b) increase perceived control, and (c) reduce delegation unease and corrective
intervention (overrides) under act-on-behalf execution.

Building on the main-effect predictions, we test a mechanism-oriented account: trans-
parency should matter most at the moment responsibility shifts to the system (act-on-behalf
autonomy), and its influence should be observable not only in self-reports and overrides
but also in gaze-based attention and verification dynamics. Thus:

RQ4. Attention allocation and verification behavior. Do transparency cues shift visual
attention toward assistant-provided information and verification behavior, consistent with
the intended manipulation?
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H4a (Attention allocation). Compared to B0, B1 will increase attention to assistant information
(greater dwell/gaze share in the assistant/chat region).

H4b (Verification switching). Compared to B0, B1 will increase verification-related switching
between assistant information and decision controls.

H4c (Al-only verification latency). In act-on-behalf tasks (A1), B1 will reduce action verification
latency (faster gaze shift to updated cart/controls after an assistant action).

3. Research Methodology
3.1. Experimental Design

A lab-based, randomized experiment utilizing a mixed 2 x 2 design was conducted for
this purpose [48,49]. The within-subject factor is Action Autonomy, which has two levels:
recommend-only (the assistant gives suggestions and the participant performs all the ac-
tions) and act-on-behalf (the assistant does a set of shopping actions in the interface, and the
participant can undo or edit them) [50-52]. The between-subject factor is Transparency Cue
Set. There are two levels: minimal (short action statements without explanation or preview)
and preview + rationale (short “what/why” transparency, including a short reason and
an action preview). Participants perform three standardized shopping tasks within a con-
trolled e-commerce prototype, which includes product listing /detail pages, cart, coupon
and shipping modules, and a final “checkout review” screen without actual payment.
They interact with a chat-only assistant integrated into the interface during this process.
The autonomy order is counterbalanced (recommend-only — act-on-behalf vs. act-on-
behalf —+ recommend-only), and the assignment of tasks to autonomy is rotated so
that each task appears under both autonomy modes in the sample, educing task-
difficulty confounding.

In the recommend-only condition, the assistant suggests a product (and, if necessary,
coupon/shipping choices) and provides brief instructions. The participant performs the cor-
responding clicks. In the act-on-behalf condition, the assistant executes key actions (such
as adding items to the cart, applying a coupon if applicable, choosing shipping, and mov-
ing on to the review) that are clearly displayed in the interface. Participants are able to
modify or undo their choices. Transparency is implemented via standardized message tem-
plates. In the minimal condition, the assistant gives recommendations and actions with-
out any explanation. In the preview + rationale condition, the assistant additionally pro-
vides a short explanation of the action chain and an in-depth description of the constraint
(e.g., price/rating/delivery). Table 1 demonstrates the 2 X 2 manipulations, and Figures 1 and 2
illustrate the difference in transparency (B0 vs. B1) when the recommend-only operation (A0) is
applied, where the cart remains empty until the participant executes the selection.

Table 1. Experimental conditions in the 2 x 2 Autonomy x Transparency design (operationalization
of manipulations).

Autonomy Mode (Within-Subject) B0 Minimal (No Preview/Rationale)

B1 Preview + Rationale (Brief
“What/Why” + Action Preview)

A0 Recommend-only (assistant suggests; User action: Participant clicks

user executes)

Chat content: Recommendation + brief
constraint-based rationale + preview of
intended action sequence.

User action: Participant clicks
Add-to-cart/coupon/shipping.
Interface cue: Cart/order module
remains unchanged until user action.

Chat content: Product recommendation
(+optional coupon/shipping suggestion).

Add-to-cart/coupon/shipping.
Interface cue: Cart/order module
remains unchanged until user action.
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Table 1. Cont.

Autonomy Mode (Within-Subject)

B0 Minimal (No Preview/Rationale)

Chat content: Assistant executes

B1 Preview + Rationale (Brief
“What/Why” + Action Preview)

predefined actions (add-to-cart; apply
coupon if applicable; select shipping;
proceed to review) and
confirms completion.
Interface cue: Cart/order module
updates automatically; user can
undo/edit.

A1 Act-on-behalf (assistant executes;
user can undo/edit)

Chat content: Same executed
actions + brief rationale + action preview
(constraint checks + planned
action chain).

Interface cue: Cart/order module
updates automatically; user can
undo/edit.

Note. Transparency is manipulated between participants (Prototype A = B0; Prototype B = B1). Autonomy varies
within participants (A0 vs. A1), counterbalanced in order and rotated across tasks

Available Accessories

t the task criteria

= Filtered

|

ProCharge 20W QuickLink Cable NanoHub USB-C PowerCore 18W
€18.50 €12.99 €19.99 €15.00
0z * 4.2/5 O3 ©10a + ©2 Days

ADD TO CART ADD TO CART ADD TO CART

LinkFast Adaptor

DuraCord 2m Travel Plug Duo SmartHub Mini
€9.99 €14.50 €22.00 €17.00
* 415 - @4 Da - @2 Day © 3 Days ©1Day
ADD TO CART ADD TO CART ADD TO CART ADD TO CART

'™ Order Review

Chatre.

OITEMS

e Al Assistant

MODE: RECOMMEND-ONLY

@ SYSTEM STATUS

SESSION STARTED

| recommend the ProCharge 20W.

istant - Now

stricted in ‘Recommend' mode.

Figure 1. Prototype A (B0 Minimal) recommendation state task 1.
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Task 1: Buy an accessory under €20, rating = 4.3, delivery <3 days. (No coupon)

+, AIRECOMMENDED

ProCharge 20W
€18.99 -

QuickCharge Hub
€24.9914.8%

B Shopping Assistant

| recommend the ProCharge 20W because it perfectly

:, meets your constraints (price, rating, and delivery speed)
and represents the best overall match in the current
inventory.

LOGIC VERIFICATION ]
UltraLink USB-C MagSafe Adapter Silicon Case
€12.501 4.4% €19.00 1 4.3% €15 1 414 o
elivery: 3 days Delivery: 1 day Dellvery: 5days €18.99 <« €20.00
Q (6543
® ® o 2Days < 3Days
e ®

PROPOSED ACTION PIPELINE

Addtocart - Selectshipping - Proceed

Braided Cable Screen Protector Earbud Tips =
€9.9914.2% €75014.5% €5.001 4.0% Execute Recommendation 4

2days

Order review module is empty

Your cart is currently empty. Select a product to

begin the checkout sequ

C Refresh Grid

Need Help? Contact Lab Supervisor

Figure 2. Prototype B (Bl Preview + rationale) recommendation state task 1.

3.2. Participants

For a controlled lab session, we recruited N = 80 adults. Social media and university
online calls and postings were used to recruit participants from the general adult popula-
tion, mainly those who were community members or affiliated with the university. English
was used to administer the study. Age > 18, fluency in English, and prior online shopping
experience were prerequisites for eligibility (assessed by a quick pre-study questionnaire).
Following the application of predetermined eye-tracking quality and manipulation-check
criteria, N = 72 usable participants (roughly 35 from each transparency group) made up the
final analytical sample. The age range of the recruited sample (N = 80) was 18-45 years
old (M =29.38, SD = 7.13). Gender was reported by one participant as non-binary (n = 2),
female (n = 48), and male (n = 29). High school (n = 19), bachelor’s (n = 36), master’s
(n =17), doctorate (n = 6), and other (n = 2) were the educational levels. Basic demographic
in-formation and past interactions with Al assistants were collected to outline the sample.
The frequency of regular online shopping was reported by the participants (M = 3.14, me-
dian = 3). Additionally, prior experience with Al tools was prevalent (M = 3.13, median = 3).
In particular, 23 participants (29.1%) stated that they had “Never” used Al for shopping,
while the remaining participants (Occasionally = 19; Once = 13; Monthly = 8; Weekly = 11;
Daily = 5) said they had at least some prior exposure.
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3.3. Experimental Materials, Apparatus and Procedure

We utilized a Gazepoint GP3 remote eye tracker (Gazepoint Research Inc., Vancouver
(British Columbia), Canada) to record eye movements [53]. This research-grade USB
video eye tracker works at 60 Hz. It maintains an accuracy ranging from 0.5-1.0° of
visual angle, with head motion tolerance of 25 cm (horizontal) x 11 cm (vertical) and
+15 cm in depth [54,55]. The experiment was conducted on a desktop computer with
a 24-inch screen. Using the Gazepoint software (Version 7.2.0), we were able to collect
eye-tracking data and analyze it based on areas of interest (AOI). At the start of the
session, a 9-point calibration was performed and repeated once if calibration quality was
unsatisfactory [54,55]. Participants were comfortably seated, allowing for unrestricted head
movement within the device’s tracking range. An I-VT approach (velocity threshold 30°/s,
minimum fixation duration 80 ms) is used to retrieve fixations [56]. AOIs are consistently
defined across tasks (see Appendix A, Table Al).

The stimuli consisted of interactive interface screens in a controlled e-commerce proto-
type that were displayed in a normal browser environment. Each participant performed
three shopping tasks, each lasting 2-4 min. The tasks included product browsing/selection,
reviewing an order (cart), selecting the shipping option (Tasks 1-2), and applying a coupon
if applicable (Task 2 only). The last screen was a “checkout review” screen without real
payment. The timing of each task was based on events. Each task started with a standard
task_start event and ended with a task_complete event on the review screen. Partici-
pants encountered a short, blank transition screen (1-2 s) between tasks to standardize
re-orientation before the subsequent task.

After submitting informed consent, participants filled out a short baseline question-
naire that inquired about their demographics, online shopping frequency, prior Al-assistant
use, and baseline scales. Followed by calibration and a short training step. The next step
was to perform the three tasks while engaging to the chat-only assistant that was built into
the interface. In the recommend-only autonomy mode, the assistant provided product
recommendations (and, if applicable, coupon and shipping suggestions) and short instruc-
tions. Participants completed all UI actions through clicking. In the act-on-behalf mode,
the assistant carried out a set of key actions that were already planned out (such as adding
to the cart, applying a coupon when appropriate, choosing shipping, and going to the
review) that were clearly shown in the interface. Participants could undo or change their
choices, which assisted with override measurement. At the event level, all interactions were
recorded, including timestamps and action types. After each task, participants filled out
short surveys about their trust, perceived control, how anxious or uneasy they felt about
delegating, and how transparent they thought the process was. The session concluded with
a post-study questionnaire (comprising manipulation checks and willingness-to-delegate
items) and a brief debriefing. Each participant’s session lasted about 10 to 12 min.

3.4. Measurement Scales and Areas of Interest

Three types of measures were employed: baseline self-report, objective process data
(eye tracking and behavioral logs), and self-report after the task or experiment. Self-
report measures were obtained at baseline, subsequent to each task, and at the conclusion
of the session utilizing 5-point Likert scales (1 = strongly disagree, 5 = strongly agree).
The baseline measures assessed trust propensity, need for control, privacy/data concern,
and shopping self-efficacy (see Appendix A, Table Al). After the task, we evaluated
state trust (ST), perceived control (PC), delegation anxiety/unease (DA), and perceived
transparency (PT). At the same time, eye-tracking recorded how people allocated their
attention and verified their behavior across predefined AOIs (Chat, Product information,
Decision controls, Navigation/filters). The prototype also recorded the duration of a task
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along with how often people used the override feature. End-of-study measures recorded
overall trust/acceptance and willingness to delegate, in addition to manipulation checks.
Data quality screening adhered to established standards for eye-tracking validity and
compliance with manipulation checks. To support replicability, Appendix A reports the
exact item set per construct; internal consistency reliability (Cronbach’s x) was evaluated
for each multi-item scale, and all reported scales showed acceptable reliability for research
use («x > 0.70), with values reported in the Results section.

The e-commerce prototype retained track of event-level interaction logs that had
timestamps and action types. The primary behavioral outcomes were task completion
time (time_sec, from task_start to task_complete) and override behavior, assessed through
reversals of choices made by the assistant. Override events included taking away or
changing the application of a coupon, undoing adding to the cart, changing shipping
after making a choice, and removing or replacing the product that the assistant suggested.
These were aggregated per task as override_count and any_override (0/1). Compliance
was optionally coded as whether the participant’s final decisions matched the assistant’s
recommendation for all relevant parts (always for the product and when appropriate for the
coupon/shipping). All behavioral events were recorded at the event level with timestamps
and then aggregated to the task level to align with the mixed-effects modeling structure
(up to three observations per participant).

AOIs were defined as a priori to capture four functional regions of the interface:
Chat, Product information, Decision controls (add-to-cart/coupon/shipping/proceed), and
Navigation/filters. Across participants and tasks, AOIs remained the same. The borders
included a small pixel margin (5-10 px) to cut down on misassignment due to small gaze
errors. We employed an I-VT approach with a speed limit of 30° /s and a minimum fixation
time of 80 ms to find fixations [57,58]. The main results of the eye-tracking study were
time-to-first-fixation (TTFF), dwell time, fixation count, and AOI transitions (for example,
Chat <+ Controls). There were also derived indices reflecting reliance on the assistant (for
example, chat dwell share) and control-checking.

We consider Chat <+ Controls transitions and the Al-only action verification latency
as verification-oriented attention because they operationalize targeted information sam-
pling between (i) assistant-provided guidance (recommendation/execution messages) and
(ii) outcome-relevant decision state and controls (cart contents, coupon/shipping selec-
tion, proceed /undo). In traditional monitoring and visual inspection frameworks, such
systematic transitions between an information source and the locus of action/outcome are
typically regarded as checking or sampling behavior rather than undirected exploration, es-
pecially when Areas of Interest (AOISs) are predetermined by functional role and evaluated
in relation to task structure and action events [39,40]. In this manner, transitions measure
how often participants check “assistant information” and “decision controls” back and
forth, and action verification latency measures how quickly they visually confirm the new
state after an assistant action in act-on-behalf tasks.

The percentage of valid gaze samples (valid_gaze_pct) was used to check the validity
of eye-tracking for each task. Tasks with less than 70% valid gaze were marked. Participants
were included for analysis if a minimum of 2 out of 3 tasks satisfied the validity criterion
and successfully passed manipulation checks. For self-report quality, item nonresponse was
negligible; scale scores were computed when at least 75% of items per scale were present
(otherwise set to missing), and the mixed-effects framework handled missing outcomes at
the task level via maximum likelihood estimation.
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4. Data Analysis and Results

The data analysis was conducted in Google Colab, using the standard Colab runtime
(Python 3.12.12; R 4.5.2) [59]. Analyses were implemented primarily in Python (pandas,
numpy, scipy, statsmodels), with plotting in matplotlib. For mixed-effects models and post
hoc/simple-effects comparisons, we additionally used R packages commonly employed
for these estimators (Ime4/ImerTest, emmeans; and for count/ GLMM sensitivity models
where needed, glmmTMB).

We applied mixed-effects models at the task level (with up to three observations
per participant) to test all of the hypotheses [60-62]. To account for repeated measures,
we used a random intercept for each participant. The fixed effects comprised autonomy
(recommend-only versus act-on-behalf), transparency (minimal versus preview plus ratio-
nale), their interaction, and controls for task and counterbalanced autonomy order [61,62].
We utilized linear mixed models to look at self-reported outcomes such as state trust,
perceived control, delegation unease, and perceived transparency [62,63]. We additionally
employed a linear mixed model to look at completion time, which we log-transformed if
it was skewed [58,64,65]. The analysis of override behavior was conducted chiefly using
a mixed-effects logistic model (any override vs. none), supplemented by a count model
(Poisson) when override counts provided additional insights [57,66-68]. The structure
of the eye-tracking outcomes was the same: gaze share to the assistant/chat region was
used to test attention allocation (with chat dwell as a secondary measure); verification
switching (chat <+ controls transitions) was tested using a mixed-effects count model; and
optional verification latency was tested only within act-on-behalf tasks using a linear mixed
model [67,69,70]. The primary confirmatory emphasis was the Autonomy x Transparency
interaction; when significant, it was analyzed using estimated marginal means/simple
effects (transparency effects within each autonomy mode) [60,61]. Minimal diagnostics in-
cluded skewness and residual checks for time and dwell/latency, overdispersion for counts,
and clear reporting of exclusions based on predefined eye-tracking validity (valid gaze
>70% per task; inclusion required >2 valid tasks) and manipulation-check compliance,
with effect estimates presented alongside 95% confidence intervals and p-values [57,58,64].

4.1. Sample, Exclusions, and Descriptives

The final analytic sample consisted of 72 participants after applying the preregistered
inclusion criteria, which mandated eye-tracking validity of at least 70% per task, a minimum
of two-thirds of tasks being valid for each participant, and adherence to manipulation-check
protocols. In total, eight participants were excluded: four due to the eye-tracking inclusion
criterion and four due to failure in the manipulation check.

Table 2 shows descriptive statistics for Transparency x Autonomy. Perceived trans-
parency was descriptively higher in the preview + rationale condition (B1) than in the
minimal transparency condition (B0) across both autonomy modes. Trust and perceived
control were lowest in the act-on-behalf with minimal transparency (A1 + B0) condition and
highest in the act-on-behalf with preview + rationale (Al + B1) condition. In contrast, dele-
gation unease was higher in the Al condition than in the A0 condition, and lower in the Bl
condition than in the BO condition within each autonomy mode. Behaviorally, completion
times were shorter under act-on-behalf autonomy (A1; ~150 s) than under recommend-only
autonomy (AQ; ~177-180 s). Overrides were more frequent under Al than A0, with small
descriptive reductions under Bl relative to BO. For the Al-only action verification latency
metric, descriptives suggested shorter latency under Bl than BO (Table 3).
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Table 2. Descriptive statistics by Transparency x Autonomy:.

Perceived . verride Any o at Gaze wel a Chat-
Transparency Autonomy Trust Control Unease g;arre\;-c y Time (s) 8ountd 8;/ernde % gll:alt—ec Ens) 11 Chat g‘(:,rlltt:ﬁless
B0 minimal %%;nunend- 397 (0.50) 459 (0.64) 3.72 (0.49) 418 (0.54) (12725’2[% 041 (0.63) 33.3% (18) 0.278 (0.047) (1259%?3 7.09 2.77)
BOminimal oy aSEON 361 (047) 4,03 (0.58) 444 (0.59) 429 (0.72) (135202114) 0.89 (1.02) 57.4%(31)  0.282(0.057) (1472'3% 1311 (3.18)
fiaﬁfszflzv gén[c)l(;mmend- 452 (0.46) 4.68 (0.60) 3.24 (0.56) 5.19 (0.58) (1279?@ 0.35 (0.56) 31.5% (17) 0.333 (0.050) (1%% 633 (3.14)
Blpreview  plastons 512051 483052  388(063)  516(05]) oy 074(076)  556%(G0)  0382(0056)  (3010) 9.24 (3.49)
Note. Values are M (SD) at the task level. “Any override” is the percentage of tasks with >1 override (task count
in parentheses). “Chat gaze share” is the proportion of valid gaze time allocated to the Chat AOI “Chat-Controls
switches” indicates the number of transitions between the Chat and Controls AOIs per task.
Table 3. Al-only verification latency descriptive.
. . Action Verification
Transparency n (Tasks) n (Participants) Latency (ms)
B0 minimal 54 36 850.0 (169.8)
B1 preview + rationale 54 36 522.6 (157.8)
4.2. RQ1-Autonomy Effects (Hla—H1d)
Mixed-effects models with random intercepts for participant (Table 4), indicated that
act-on-behalf autonomy (A1) was associated with lower trust (3 = —0.345, 95% CI [—0.505,
—0.185], p < 0.001) and lower perceived control (3 = —0.614, 95% CI [—0.829, —0.400],
p <0.001), but higher delegation unease (3 = +0.753, 95% CI [+0.543, +0.963], p < 0.001).
For behavioral outcomes, Al tasks completed faster (3 = —25.832 s, 95% CI [-30.541,
—21.123], p < 0.001) and showed greater override likelihood (OR = 3.034, 95% CI [1.338,
6.875], p = 0.0079). Transparency (preview + rationale; B1) was associated with increased
trust (3 = +0.552, 95% CI [+0.354, +0.751], p < 0.001) and decreased unease (3 = —0.476, 95%
CI[-0.697, —0.256], p < 0.001). The Autonomy x Transparency interaction was statistically
reliable for trust (f = +0.960, p < 0.001) and control (3 = +0.719, p < 0.001). Planned
simple-effects analyses showed that Bl increased trust in both autonomy modes, with a
larger increase under act-on-behalf (Al: A = +1.513, p < 0.0001; AO: A = +0.552, p < 0.0001).
For perceived control, Bl improved control only under act-on-behalf (Al: A = +0.805,
p < 0.0001), with no reliable effect under recommend-only (A0: A = +0.085, p = 0.454)
(Table 5).
The RQ1 models also include transparency and the Autonomy x Transparency term.
We report transparency main effects next (RQ2) and then interpret interactions (RQ3)
as preregistered.
Table 4. Mixed-effects model estimates for self-report and behavioral outcomes (Autonomy, Trans-
parency, and Autonomy x Transparency effects).
DV Term B 95% CI p-Value
Trust (ST) Autonomy —0.345 [—0.505, —0.185] <0.001
Trust (ST) Transparency +0.552 [+0.354, +0.751] <0.001
Trust (ST) Autonomy x Transparency +0.960 [+0.738, +1.183] <0.001
Control (PC) Autonomy —0.614 [—0.829, —0.400] <0.001
Control (PC) Transparency +0.085 [—0.139, +0.310] 0.454
Control (PC) Autonomy x Transparency +0.719 [+0.423, +1.015] <0.001
Unease (DA) Autonomy +0.753 [+0.543, +0.963] <0.001
Unease (DA) Transparency —0.476 [—0.697, —0.256] <0.001
Unease (DA) Autonomy x Transparency —0.090 [—0.381, +0.200] 0.540
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Table 4. Cont.

DV Term B 95% CI p-Value
Time (s) Autonomy —25.832 [—30.541, —21.123] <0.001
Time (s) Transparency +3.258 [—2.733, +9.250] 0.284
Time (s) Autonomy x Transparency —3.598 [—10.172, +2.977] 0.282

Logistic GLMM
DV Term OR 95% CI p
Any override Autonomy 3.034 [1.338, 6.875] 0.0079
Any override Transparency 0.918 [0.408, 2.066] 0.836
Any override Autonomy x Transparency 1.010 [0.332,3.073] 0.986

Table 5. Planned simple-effects tests: Transparency (B1 — B0) within each Autonomy mode.

DV Autonomy A (B1 — B0) SE 95% CI p-Value
Trust (ST) AQ recommend-only 0.552 0.100 [0.354, 0.751] <0.0001
Trust (ST) Al act-on-behalf 1.513 0.100 [1.314,1.711] <0.0001
Control (PC) AQ recommend-only 0.085 0.114 [—0.139, 0.310] 0.454
Control (PC) A1l act-on-behalf 0.805 0.114 [0.580, 1.030] <0.0001
Note. Simple effects estimated via emmeans, averaged over task_id and order_autonomy; 95% confidence
intervals shown.
4.3. RQ2-Transparency Effects
4.3.1. Manipulation Check: Transparency (H2a)

Transparency was successfully manipulated. In a mixed-effects model controlling
for autonomy, task, and autonomy order, preview + rationale transparency (B1) increased
perceived transparency (PT) relative to minimal transparency (B0), = +1.019, 95% CI
[0.796, 1.241], p < 0.001. A sensitivity check using participant-level mean PT yielded the
same conclusion (BO M = 4.231 vs. B1 M = 5.176; Welch t = 12.098, p < 0.001).

4.3.2. Transparency Effects (H2b-H2c)

In the primary task-level models (Table 6), preview + rationale transparency (B1) was
associated with higher trust (ST; = +0.552, 95% CI [0.354, 0.751], p < 0.001) and lower
unease (DA; 3 = —0.476, 95% CI[—0.697, —0.256], p < 0.001). Consistent with the presence
of moderation by autonomy (reported below), the overall main effect of transparency
on perceived control (PC) was not statistically reliable (3 = +0.085, p = 0.454). In the
logistic mixed model, transparency did not significantly predict the likelihood of override
(OR =0.918, p = 0.836). Additionally, there was no consistent transparency main effect in
the optional secondary time model (3 = +3.258 s, p = 0.284).

We next evaluate whether transparency moderated autonomy effects, which is the
confirmatory focus of RQ3.

Table 6. RQ2 key tests (Transparency main effect).
DV Key Term B 95% CI p-Value Decision
Perceived
transparency (PT) Transparency +1.019 [0.796,1.241] <0.001 Supported
Trust (ST) Transparency +0.552 [0.354, 0.751] <0.001 Supported
Control (PC) Transparency +0.085 [-0.139, 0.310] 0.454 Not supported

(main effect)
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Table 6. Cont.

DV Key Term B 95% CI p-Value Decision
Unease (DA) Transparency —0.476 [-0.697, —0.256] <0.001 Supported
Time (s) (secondary) Transparency +3.258 [—2.733,9.250] 0.284 Not supported
Logistic GLMM
DV Key term OR 95% CI p-value Decision
Any override Transparency 0.918 [0.408, 2.066] 0.836 Not supported

Note: Bold indicates primary/confirmatory tests; all other entries are secondary/exploratory and formatting is for
readability only (it does not change statistical interpretation).

4.4. RQ3: Autonomy x Transparency Interaction (H3)

The Autonomy X Transparency interaction was statistically reliable for trust and
perceived control, indicating that the impact of autonomy depended on whether trans-
parency was minimal (B0) or preview + rationale (B1) (Table 7). The interaction for trust
(ST) was significant and positive (3 = +0.960, 95% CI [0.738, 1.183], p < 0.001). Transparency
increased trust in both autonomy modes, according to planned simple-effects analyses, but
the increase was significantly greater under act-on-behalf autonomy (Al: A = +1.513, 95%
CI[1.314,1.711], p < 0.0001) than under recommend-only (AO: A = +0.552, 95% CI [0.354,
0.751], p < 0.0001). The interaction was also positive for perceived control (PC) ( = +0.719,
95% CI1[0.423, 1.015], p < 0.001). Simple effects indicated no reliable transparency effect
under recommend-only autonomy (AO: A = +0.085, p = 0.454), but a strong improvement in
control under act-on-behalf (Al: A = +0.805, 95% CI [0.580, 1.030], p < 0.0001) (Table 8). On
the other hand, neither the override likelihood (p =.986) nor the delegation unease (DA;
p = 0.540) interaction were statistically reliable; the optional time model also revealed no
interaction (p = 0.282).

Table 7. Interaction effects (Autonomy x Transparency) across outcomes.

Interaction Term

DV Model (3/OR) 95% CI P H3 Supported?
Trust (ST) LMM B =+0.960 [+0.738, +1.183] <0.001 Yes
Control (PC) LMM B =+0.719 [+0.423, +1.015] <0.001 Yes
Unease (DA) LMM B =—0.090 [—0.381, +0.200] 0.540 No
Any override Logistic GLMM OR =1.010 [0.332, 3.073] 0.986 No
Time (s) (secondary) LMM p =-—3.598 [—10.172, +2.977] 0.282 No (secondary)

Table 8. Simple effects (B1 — BO) within each Autonomy mode (EMMs).

DV Autonomy A (B1 — B0) SE 95% CI p-Value
Trust (ST) AQ recommend-only 0.552 0.100 [0.354, 0.751] <0.0001
Trust (ST) Al act-on-behalf 1.513 0.100 [1.314,1.711] <0.0001

Control (PC) AQ recommend-only 0.085 0.114 [—0.139, 0.310] 0.454
Control (PC) Al act-on-behalf 0.805 0.114 [0.580, 1.030] <0.0001

The interaction plots demonstrate how transparency significantly impacts the influ-
ence of autonomy on users’ assessments. Under minimal transparency (BO0), shifting from
recommend-only (A0) to act-on-behalf (A1) is associated with lower trust and lower per-
ceived control. These autonomy-related penalties are lessened under preview + rationale
transparency (B1); the pattern is particularly noticeable for trust, suggesting that increased
transparency can offset (and descriptively reverse) the trust cost of increased autonomy.
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The annotated interaction p-values confirm that these moderation patterns are statistically
reliable for both outcomes in Figure 3.

Cantrol (PC) Trust (ST)

Estimated marginal mean (95% CI)

1.00 i
3.5
A0 reconuTsend-onhy AL act-on-behai AD Tecommen-Dry Al act-on-behalf
Autonomy condition
Transparency condition - B0 mimimal -8 Bl previewrationaie

Figure 3. Estimated marginal means (95% CI) for trust (ST) and perceived control (PC) by autonomy
and transparency.

4.5. RQ4: Eye-Tracking Outcomes
4.5.1. Attention Allocation to the Chat Interface (H4a)

Transparency reliably increased attention to the chat interface (Figure 4). Preview + rationale
transparency (B1) predicted higher gaze share to chat in the primary model (3 = +0.0545,
95% CI [0.0343, 0.0748], p < 0.001). B1 predicted a longer chat dwell time in the secondary
model (B = +4669 ms, 95% CI [3356, 5983], p < 0.001). The Autonomy X Transparency
interaction was statistically reliable in both situations, suggesting that under act-on-behalf
autonomy, transparency more strongly shifted attention toward the chat interface (A1). The
model-based estimated marginal means (£95% CI) for gaze share and chat dwell time (ms)
across the 2 x 2 Autonomy x Transparency design are displayed as points. The estimates
are determined by task-level mixed-effects models with participant random intercepts that
account for task and autonomy order.

To contextualize this attention shift, a descriptive task-level scatter (Figure 5) shows
that the link between chat attention and trust changes depending on the situation. Under
act-on-behalf autonomy (A1), a higher gaze share to chat correlates positively with trust
in the context of preview + rationale transparency (B1); conversely, under minimal trans-
parency (BO0), this correlation trends negatively. Under recommend-only autonomy (AO),
associations are relatively flat. This descriptive pattern enhances the model-based findings
by demonstrating how transparency can transform the interpretation of chat-oriented
attention (reassurance versus vigilance) in the context of agentic assistance.
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Figure 4. Visual attention to the chat interface by autonomy and transparency.
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Figure 5. Task-level association between chat attention and trust by autonomy and transparency.

Task observations are represented by points, and linear trends with 95% confidence
bands are displayed by lines. The relationship between gaze share to the chat and trust
under act-on-behalf autonomy (A1l) varies depending on the transparency condition:
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preview + rationale transparency (B1) exhibits a positive association, while minimal trans-
parency (B0) exhibits a negative or weak association. Under recommend-only autonomy
(A0), associations are comparatively flat. This figure is descriptive and complements
the mixed-effects results by illustrating how transparency may alter the interpretation of
chat-focused attention during agentic assistance.

4.5.2. Verification Switching Between Chat and Controls (H4b) and Verification Latency (H4c)

The preregistered transparency main effect was not statistically significant in the
Poisson mixed model (IRR = 0.893, 95% CI [0.768, 1.040], p = 0.143) for verification switching
(chat <+ controls transitions); therefore, H4b (transparency main effect) was not confirmed.
The model output also shows a statistically significant Autonomy x Transparency term
for switching (IRR = 0.788, 95% CI [0.654, 0.950], p = 0.0126). This does not support H4b,
which was about the main effect of transparency. However, it is a meaningful interaction
pattern that should be highlighted: transparency does not lead to more switching; in fact, it
is linked to less switching under Al, which is consistent with “streamlined verification”
rather than more back-and-forth (Table 9).

Table 9. Eye-tracking outcomes (key fixed effects).

DV Term Effect (Scale) 95% CI P Decision?
Value
H4a (primary): gaze_share_chat autonomy 3 =+0.0092 [—0.0099, +0.0284] 0.3417 -
cond_transparency 3 = +0.0545 [+0.0343, +0.0748] <0.001 Yes
autonomy X cond_transparency B =+0.0458 [+0.0194, +0.0722] 0.0008
H4a (secondary): dwell_chat_ms autonomy B =+24719 ms [+1121.0, +3822.9] 0.0004
cond_transparency B = +4669.4 ms [+3355.5, +5983.3] <0.001 Yes
autonomy X cond_transparency 3 =+2810.9 ms [+958.1, +4663.6] 0.0031
H4b: switch_chat_controls (count) autonomy IRR =1.90 [1.67,2.16] <0.001
cond_transparency IRR = 0.893 [0.768, 1.040] 0.143 No
autonomy X cond_transparency IRR =0.788 [0.654, 0.950] 0.0126
Hic (Al-only): cond_transparency B =—331ms [—396, —266] <0.001 Yes

action_verify_latency_ms

Notes. All models are task-level with participant random intercepts. Controls include task_id and order_autonomy
for H4a/H4b; for H4c (Al-only) task_id was included and order_autonomy was dropped due to rank deficiency.
H4b uses a Poisson GLMM with IRRs (overdispersion ratio ~ 1.09).

In the Al-only latency analysis, preview and rationale transparency were positively
associated with expedited action verification (3 = —331 ms, 95% CI [-396, —266], p < 0.001),
corroborating H4c. In this subset, the autonomy-order covariate could not be estimated
because of rank deficiency, so it was omitted from the fitted model.

4.6. Consolidated Model Summary

To provide a compact overview across outcomes and research questions, Table 10
summarizes the primary fixed effects from the preregistered task-level mixed-effects mod-
els using a consistent reporting format (3 for LMMs, OR for logistic GLMM, IRR for
count GLMM).

Table 10. Main mixed-effects models across outcomes (RQ1-RQ4).

DV (Scale)

Autonomy (A1 vs. A0) Transparency (B1 vs. B0) Autonomy x Transparency

Self-report

Trust (ST)

= —0.345[—-0.505, —0.185], = B =+0.552 [+0.354, +0.751], B =+0.960 [+0.738, +1.183],
p <0.001 p <0.001 p <0.001

https:/ /doi.org/10.3390/mti10030022



Multimodal Technol. Interact. 2026, 10, 22

19 of 28

Table 10. Cont.

DV (Scale) Autonomy (A1 vs. A0) Transparency (B1 vs. B0) Autonomy x Transparency
B =—0.614 [-0.829, —0.400], 3 =+0.085[—0.139, +0.310], B =+0.719 [+0.423, +1.015],
Control (PC) p <0.001 p =0.454 p <0.001
B = +0.753 [+0.543, +0.963], B =—0.476 [-0.697, —0.256], B = —0.090 [—0.381, +0.200],
Unease (DA) p <0.001 p <0.001 p =0.540

Perceived transparency (PT)
(manipulation check)

B =+0.102 [—0.128, +0.331],
p=0.383

B = +1.019 [+0.796, +1.241],
p <0.001

B = —0.148 [—0.463, +0.167],
p =0.355

Behavioral logs

Time (s)

Any override (binary)

B = —25.832 [—30.541,
—21.123], p < 0.001

OR = 3.034 [1.338, 6.875],
p =0.0079

B = +3.258 [—2.733, +9.250],
p=0.284

OR = 0.918 [0.408, 2.066],
p=0836

B = —3.598 [~10.172, +2.977],
p=0282

OR = 1.010 [0.332, 3.073],
p=0.986

Eye-tracking

Gaze share to chat

Chat dwell (ms)

Chat«Controls

switches (count)

Action verification latency
(ms) (Al-only)

3 = +0.0092 [—0.0099,

3 = +0.0545 [+0.0343, +0.0748],

3 = +0.0458 [+0.0194, +0.0722],

+0.0284], p = 0.342 p <0.001 p = 0.0008
B =+2471.9 [+1121.0, +3822.9], B =+4669.4 [+3355.5, +5983.3], P = +2810.9 [+958.1, +4663.6],
p = 0.0004 p <0.001 p = 0.0031
IRR = 1.90 [1.67, 2.16], IRR = 0.893 [0.768, 1.040], IRR = 0.788 [0.654, 0.950],
p < 0.001 p=0.143 p=0.0126
B = —331[—396, —266],
o p <0.001 o

Notes. All models are task-level with participant random intercepts and include task_id and order_autonomy as
controls (except Al-only latency, where order_autonomy was dropped due to rank deficiency). Count model uses
Poisson with IRRs. Hypothesis support summary: Hla-H1d supported; H2a supported; H2b partially supported
(trust, unease; not control); H2c¢ not supported (overrides); H3 supported for trust and control; H3c (overrides)
and unease interaction not supported; H4a supported; H4b not supported; H4c supported. Bold text denotes DV
block headers (measurement domains) for readability only (Self-report, Behavioral logs, Eye-tracking).

5. Discussion

This study examined the influence of delegation-oriented autonomy and interface-
native transparency cues on user evaluations, behavioral oversight, and visual attention
within a commerce-like workflow. The autonomy manipulation yielded the anticipated
trade-off pattern: act-on-behalf autonomy (A1) diminished state trust and perceived con-
trol while amplifying delegation unease, concurrently decreasing completion time and
elevating the probability of overrides, thereby corroborating Hla-H1d. The transparency
manipulation was successful (H2a): preview + rationale (B1) robustly increased perceived
transparency. Aside from the manipulation check, Bl enhanced trust and diminished
unease (corroborating H2b for trust and unease); however, it did not demonstrate a consis-
tent main effect on perceived control nor did it decrease the likelihood of override (H2c
not supported). Consistent with this, the moderation hypothesis for corrective interven-
tion (H3c; reduced overrides under act-on-behalf with preview + rationale) was also not
supported, indicating that transparency improved evaluations and verification dynamics
without reliably eliminating corrective behavior. According to the foundational moderation
logic, transparency was of paramount significance when the system could act: Interactions
between autonomy and transparency were dependable for trust and perceived control.
Planned simple effects indicated that B1 enhanced trust in both autonomy modes, with
a significantly greater effect observed under Al; regarding perceived control, Bl only
enhanced control under Al. Thus, H3 was supported for trust and control, but not for
unease, time, or override likelihood. Process measures provided evidence of a converging
mechanism. Transparency made people pay more attention to the assistant interface. B1
increased gaze share and dwell time in the chat AOI, and both attention measures showed
reliable interactions, which suggests that A1 prompted a larger shift in attention (support-
ing H4a). But verification switching failed to match with transparency (H4b not supported),
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and the Al-only latency result showed that verification was considerably faster under Bl
(supporting H4c).

5.1. Interpretation: Autonomy Creates Efficiency but Control/Trust Costs (And When)

The results fall in line with delegation-oriented supervisory control accounts, which
claim that autonomy does not merely involve “more automation,” but a change autho-
rization and responsibility that reconfigures monitoring demands [4,32]. In our case,
transitioning from recommend-only to act-on-behalf heightened perceived accountability
while making them feel less able to steer. This imposed a predictable psychological cost:
less trust and control and more unease. Crucially, these costs were associated with both
increased corrective intervention (higher override likelihood) and objective efficiency gains
(faster completion), highlighting the fact that convenience does not equate to calibrated
reliance. This substantiates the overarching critique of trust in automation, asserting that
self-reported trust is insufficient without corresponding behavioral indicators of reliance
and oversight [6,7]. The override pattern indicates a type of “conditional reliance”: users
acknowledge the advantages of expedited execution while remaining willing to rectify
actions—behavior aligned with oversight-focused narratives that prioritize error detection
and response bias over mere trust [8,19,42,43].

The moderation results identify the circumstances in which autonomy has the highest
costs: condition A1, which is defined by low levels of transparency, demonstrated the
largest deficiencies in trust and control. This situation pertains to the idea of a “gov-ernance
gap” that has been discussed for socio-technical systems: execution without sufficient
interface support for monitoring and change, where users may experience a discrepancy
between the system’s delegated execution authority (i.e., its ability to independently execute
shopping actions that alter the interface state and results, such as updating the cart, applying
coupons, or selecting shipping) and understanding potential [3,15]. Conditions Al and
preview + rationale, on the other hand, produced the highest levels of control and trust,
indicating that delegation costs are not a function of execution autonomy but rather of
whether the interface provides users with timely and task-relevant cues to comprehend
and track execution.

5.2. Transparency as Mitigation: Toward “Minimal Effective Transparency”

The pattern of results aligns with a mechanism-based perspective on transparency,
according to which its usefulness is determined by whether it offers information that
can be utilized at the moment autonomy transfers responsibility. Although its main
purpose was to moderate autonomy effects—significantly strengthening trust under Al and
selectively restoring perceived control where it was most threatened—preview + rationale
also significantly improved perceived transparency, overall trust, and unease. According to
research, transparency should not only be a surface-level explanation but also be actionable
and consistent with user decision-making criteria [27,39,42]. It additionally aligns with
accounts of “justified trust” [34], where transparency helps calibrate by updating beliefs
about what the system is doing and what oversight is required, and with recommendations
that minimal, action-linked transparency is preferable than complex explanation interfaces
in high-stakes scenarios [30].

Eye-tracking bolsters this interpretation while enhancing the mechanism. Trans-
parency reliably shifted visual attention toward the assistant interface (greater chat gaze
share and dwell), especially under A1, indicating that users engaged more with assistant-
provided information when it mattered most. However, transparency did not enhance
the switching between chat and controls, corroborating previous research indicating
that transparency can alter attention without necessarily augmenting overt checking
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behavior [8,9,13,41]. Simultaneously, Al-only verification latency experienced a signif-
icant reduction under B1, indicating a more intricate “efficiency” mechanism: preview
and rationale may facilitate verification (accelerating the confirmation of outcome states)
instead of enhancing back-and-forth monitoring. This helps balance conflicting opinions in
the literature: while more attention isn’t always preferable [44], targeted transparency may
still enhance the way attention is utilized, encouraging timely, less complicated oversight
as opposed to excessive scrutiny.

A noteworthy pattern is that the Autonomy x Transparency interaction consistently
influenced trust and perceived control, but not delegation unease. This indicates that
pre-view and rationale transparency predominantly enhance cognitive assessments, com-
prehending the system’s actions, the reasons behind them, and the methods for verification,
which directly bolsters evaluations of predictability, controllability, and reliability. This
includes knowing what the system will do, why it did it, and how to check it. On the other
hand, uneasiness (like feeling vulnerable, losing initiative, or “being acted for”) is probably
a more intense reaction to delegated agency and responsibility and may be less responsive
to short, interface-level informational cues. In this case, users may not like delegation itself,
but they may also “understand and verify” what the agent does (higher trust/control).
Beyond transparency, other de-design levers may be needed in addition to transparency.
These could be more robust consent and authorization rituals, default-off action execution,
actions that are automatically turned off, the ability to change autonomy limits, or repeated
exposure that gradually increases affective comfort.

The main effect prediction for transparency regarding overrides (H2c) and the corre-
sponding moderation prediction for act-on-behalf autonomy (H3c) were not supported.
This non-finding is theoretically significant as overrides represent an unclear behavioral
outcome. They could entail error correction and distrust, or they could translate to cus-
tomizing based on preferences, assertive user agency, or “healthy supervision”, where users
embrace delegation but still have the option to alter the results. In our tasks, preview and
rationale transparency seem to have made oversight easier (faster Al verification latency)
and made trust/control appraisals better, but they didn’t make people less likely to change
their minds. This pattern corresponds with the concept that minimal effective transparency
functions chiefly as a tool for comprehension and validation, rather than as an obstacle
to intervention. Future research should delineate override categories (preventive versus
corrective; preference-based versus error-based) and assess whether transparency alleviates
negative outcomes (e.g., commission errors, delayed intervention) despite the unchanged
frequency of overrides.

6. Practical Implications for Stakeholders and Design of Agentic Interfaces

The results provide stakeholders with helpful guidance on how to use agentic shop-
ping assistants in ways that promote appropriate reliance. These implications are most
pertinent to low-to-moderate stakes consumer commerce workflows characterized by im-
mediately observable outcomes and reversible actions (e.g., cart contents, coupon/shipping
selections). We do not assert that the same criterion of “sufficiency” applies to high-stakes
or irreversible decisions, which may necessitate additional safeguards such as enhanced
confirmations, audit trails, or increased friction for commitment.

The primary takeaway for business managers and product owners is that switching
from recommend-only to act-on-behalf autonomy can lead to major efficiency gains. How-
ever, it may also contribute to trust and perceived control costs unless the interface offers
action-linked transparency. An effective layout pattern is to display a short action preview
and a brief explanation right before the system is about to execute (and right after it does it
as a confirmation), especially for actions that have significant consequences (such as adding
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to cart, applying coupons, or changing quantities). This “preview + rationale” cue set
appears to be most useful when autonomy is high, because it reduces the Al trust/control
penalties without needing prolonged explanation interfaces [25,39,40].

Design teams should use low-friction intervention points instead of forcing constant
monitoring to maintain users in control. Some concrete options are: (a) a single-click
“Undo/Revert” button for actions that have already been taken, (b) a persistent, lightweight
“Review changes” panel that shows what changed and why, and (c) clear, stable control
affordances for overriding (so that fixing the agent doesn’t feel like fighting the interface).
Eye-tracking results give more information about where to put verification-relevant infor-
mation: transparency made people pay more attention to the chat/assistant region and sped
up verification, showing that users naturally observe cues provided by the assistant [28,29].
Therefore, previews and rationales should be visually proximal to the conversational turn
that triggers the action and use consistent formatting to support fast parsing.

The results indicate to policymakers and educators that transparency requirements
should focus on actionability (what will happen, why, and how to reverse it) as opposed to
requiring the most detailed explanations. Here, “educators” refers to Al/digital literacy
and user-training stakeholders (e.g., consumer digital-literacy instructors, organizational
trainers, and platform onboarding teams) who develop guidance and training materials
that teach users how to supervise, verify, and override agentic assistants. Training materials
and UX standards can help develop “minimal effective transparency” checklists that focus
on execution events, reversibility, and clear user authority boundaries. The following could
assist in making agentic commerce workflows more convenient and accountable at the
same time.

7. Conclusions, Limitations, and Future Research

This study investigated the influence of execution autonomy (recommend-only versus
act-on-behalf) and a minimal, interface-native transparency cue set (preview + rationale
versus minimal) on user evaluations, oversight behavior, and visual attention within an
agentic shopping workflow. In general, act-on-behalf autonomy created a clear trade-off
between efficiency and oversight: tasks were done faster, but participants reported lower
trust and perceived control and higher unease, and they were more likely to override the
assistant’s actions. The preview + rationale cue set effectively enhanced perceived trans-
parency and elevated critical user assessments, with its most significant impact observed
under heightened autonomy: transparency mitigated (and descriptively reversed) the trust
and control penalties linked to act-on-behalf execution. Eye-tracking metrics yielded cor-
roborative process evidence that transparency redistributes attention to assistant-supplied
information and diminishes action verification latency, suggesting that minimal effective
transparency can facilitate swifter, more informed oversight, even in the absence of a
decrease in corrective behavior.

Several limitations temper generalization and suggest directions for future work.
First, the experiment utilized a controlled laboratory prototype devoid of actual payment
repercussions and featured a limited set of standardized tasks. Consequently, the stakes,
opportunity costs, and social /accountability pressures that affect delegation and oversight
in the field may be inadequately represented, and long-term learning dynamics may remain
unexamined [2,7]. To prevent overgeneralization, our conclusions are most robust for short,
low-stakes consumer shopping interactions where outcomes are promptly observable and
actions are reversible. Higher-stakes domains (e.g., financial transactions, health, legal
or safety-critical set-tings) involve different accountability structures, error costs, and
tolerance for automation, and may require stronger controls (e.g., explicit confirmations,
friction for irreversible actions, audit trails, or mandated human review). Likewise, longer-
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term use can alter the relationship between autonomy and transparency through learning,
habituation, or complacency. Transparency that is helpful at first may be ignored over
time, and failures may only lead to recalibration after repeated exposure. We therefore
define the present results as evidence pertaining to interface-level mechanisms (action-
linked preview + rationale and event-based verification support) rather than as conclusive
directives for all agentic systems.

Replications need to assess scenarios with more repercussions (e.g., actual budgets,
postponed outcomes, or return policies) and extended sessions to determine if transparency
facilitates consistent calibration as users accumulate experience. Second, while the study
integrated self-reporting, behavioral logs, and eye tracking, the operationalizations of
the process remain inherently incomplete [6,7]. Verification was predominantly recorded
via transitions between chat and controls; however, users can verify within a singular
Area of Interest (e.g., prolonged examination of the cart/controls without transitioning)
or through micro-patterns of fixations that more effectively differentiate reassurance from
vigilance [6,11]. Future research could enhance verification measurement by integrating
AOI dwell sequences, fixation-based scan path features, and event-synchronized measures
(e.g., gaze in the seconds immediately following an agent action), in conjunction with
explicit indicators of “review” behavior within the interface [8,39,42]. Third, the Al-
only verification latency model necessitated the exclusion of an order term due to rank
deficiency. This does not change the fact that the transparency effect on latency was
observed; nevertheless, it indicates that future designs need to ensure adequate variation
and balance for subset analyses, or pre-register simpler models for conditional outcomes.

Lastly, transparency did not reliably reduce overrides, which means that better evalua-
tions and faster verification don’t always mean fewer corrective actions. Instead of viewing
this as a design failure, subsequent research should categorize types of overrides (preven-
tive vs. corrective; preference-driven vs. error-driven) and evaluate whether transparency
mitigates adverse outcomes such as commission errors, unwarranted reliance, or delayed
intervention. Promising extensions include manipulating reliability and introducing failure
episodes to examine recalibration over time [1,40], and systematically comparing explana-
tion formats (feature-based vs. example-based) and user capability moderators to separate
comprehension from heuristic “placebo” effects [1,25,47]. Together, these directions can re-
fine actionable guidance on minimal effective transparency for interfaces where Al systems
execute actions on users’ behalf.
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Appendix A

Table A1l. Measurement Codebook.

ID Variable Type Timepoint Items/Operational Definition Cronbach’s «
D1 Participant ID Identifier Pre Anonymous participant code N/A
Transparency Experimental factor ) BO = Minimal;
D2 condition (between) Pre (assignment) B1 = Preview + rationale N/A
Counterbalance ) Recommend — Act vs. Act
D3 Autonomy order factor Pre (assignment) s Recommend N/A
Autonomy mode Experimental factor . A0 = Recommend-only;
D4 (per task) (within) During (each task) Al = Act-on-behalf N/A
D5 Task ID Task marker During Task 1/Task 2/Task 3 N/A
TP1 rely on automated
systems; TP2 trust new tech
PRE1 Trust Propensity (TP) Baseline scale Pre until reason not to; TP3 x =078
cautious about trusting
automation (R)
NEC1 prefer final decision
myself; NFC2 uncomfortable
PRE2 Need éngg)o mirol Baseline scale Pre when system takes initiative; o =0.81
NFC3 stay in control
each step
PDC1 worry how data is
used; PDC2 comfortable
Privacy/Data . sharing preferences (R); PDC3 _
PRE3 Concern (PDC) Baseline scale Pre avoid tools that track o =084
behavior; PDC4 use only if
data collection is clear
SSE1 find best option
Shoppin without help; SSE2
PRE4 Self-I fﬁgi %SSE) Baseline scale Pre confident managing a=0.80
y coupon/cart/shipping; SSE3
complete purchases efficiently
Eye-tracking . Time from task start — first
ET1 TTFF to Chat (primary) During (each task) fixation in Chat AOI N/A
Eye-tracking . Time from task start — first
ET2 TTFF to Controls (primary) During (each task) fixation in Controls AOI N/A
ET3 Dwell time: Chat E(Y;rgi;l:;)‘g During (each task) Total ﬁ"éﬁgi‘ Adg;atm“ mn N/A
Dwell time: Eye-tracking . Total fixation duration in
ET4 Product info (primary) During (each task) Product AOI N/A
ET5 Dwell time: Controls E{;}E;l:;)\g During (each task) Total féﬁiiﬁ;gxrgiwn m N/A
Switches: Eve-trackin Number of transitions
ET6 ) yet & During (each task) between Chat AOI and N/A
Chat«Controls (primary) Controls AOI
P . Assistant action timestamp —
ET7 Verlftf:;lgﬁlla)t ency E{e;}cﬁ;l:lr)\g During (A1 tasks) first fixation in updated N/A
Y p y cart/controls AOI
BL1 Task completion time BehaYloral log During (each task) Task start = task N/A
(primary) complete event
Count of reversals
BL7 Override count BehaYloral log During (each task) (remove/replace itemn; u.ndo N/A
(primary) cart add; change shipping;
remove/change coupon)
BL8 Any override Behax.noral log During (each task) Whether 21 override N/A
(primary) occurred
ST1 trusted choices; ST2
reliable; ST3 rely for similar
POST1 State Trust (ST) Post-task scale Post-task (each task) «=0.86

tasks; ST4 needed to
double-check (R)
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Table A1. Cont.

ID

Variable

Type

Timepoint

Items/Operational Definition

Cronbach’s «

POST2

Perceived Control
ro)

Post-task scale

Post-task (each task)

PC1 felt in control; PC2
outcome reflected intentions;
PC3 assistant reduced my
control (R)

«=0.83

POST3

Delegation Unease
(DA)

Post-task scale

Post-task (each task)

DA1 uneasy; DA2 worried it
might do something
unwanted; DA3 comfortable
delegating (R)

o« =0.88

POST4

Perceived
Transparency (PT)

Manipulation check

Post-task (each task)

PT1 understood what it
did/would do; PT2
understood why

x=0.76

END3

Overall
Trust/ Acceptance
(OT)

End scale

End

OT1 overall trust; OT2 would
use; OT3 would recommend;
OT4 would avoid
act-on-behalf assistant (R)

«=0.87

END4

Willingness to

End scale

End

WTD1 low-risk; WTD2
medium-risk; WTD3

o =0.82

Delegate (WTD) high-risk actions

Note. Key constructs and primary outcomes only. Likert items use 5-point scales (1 = strongly disagree, 5 =
strongly agree) unless noted. Reverse-coded items marked (R) and recoded prior to averaging. Eye-tracking
outcomes are computed per task using the AOIs defined in the main text. Cronbach’s o values shown are reported
for multi-item self-report scales. “N/A” denotes not applicable (Cronbach’s « is only reported for multi-item
psychometric scales; it does not apply to identifiers, experimental factors/conditions, task markers, or single-item
and behavioral/eye-tracking measures).
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