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Résumé

Dans les organisations, les systemes d’intelligence artificielle (IA) sont de plus en plus
utilisés pour soutenir la prise de décision. Cependant, de nombreuses organisations
rencontrent des difficultés a améliorer durablement la qualité des décisions et la
performance. Ces difficultés ne s’expliquent pas uniquement par les limites techniques
de I'TA, mais aussi par la maniere dont les interactions entre les utilisateurs et I'IA,
ainsi que 'interprétation et la gestion des recommandations de I'[A, évoluent au fil du
temps. Les recherches existantes sur I’interaction humain-IA offrent toutefois des résultats
empiriques contrastés, notamment quant au role de la conception des interfaces dans la
compréhension, la confiance, I’attention et la performance des utilisateurs.

Cette these vise a comprendre comment les choix de conception des interfaces dans les
systemes décisionnels organisationnels soutenus par I’IA influencent la compréhension
des utilisateurs, le calibrage de leur confiance, I’ attention et la performance décisionnelle.
Elle adopte une approche multiméthode ainsi qu’une perspective bidirectionnelle a propos
de I’interaction humain-IA, en distinguant les mécanismes par lesquels les systemes d’IA
fournissent de I’information aux utilisateurs de ceux par lesquels les utilisateurs peuvent
influencer ou ajuster le fonctionnement de I'IA.

La these est composée de trois essais empiriques. Le premier essai repose sur
des entretiens semi-dirigés menés aupres de professionnels du domaine de la chaine
d’approvisionnement et de la logistique et examine comment les utilisateurs évaluent
et gerent les recommandations de I’IA en pratique. En s’appuyant sur la théorie de

la conscience de la situation (Situation Awareness Theory), cet essai introduit une



perspective de méta-prise de décision pour décrire 1’évolution du recours a I’'IA dans les
contextes organisationnels. Le deuxiéme essai examine de maniere expérimentale 1’effet
de la transparence et de I’explicabilité, dans le contexte d’un assistant d’IA générative,
sur la compréhension, la confiance, le traitement de I'information et la performance
au fil d’interactions répétées. Le troisicme essai €tudie le contrdle utilisateur comme
mécanisme de conception permettant de soutenir I’engagement attentionnel et la détection
des erreurs lorsque les recommandations de I’IA sont peu fiables, en mobilisant des
mesures comportementales, auto-rapportées et neurophysiologiques.

Dans I’ensemble, cette these contribue a une meilleure compréhension de la concep-
tion des interactions humain-IA dans les tiches de prise de décision organisationnelle,
en identifiant les facteurs de conception pertinents, puis en définissant, opérationnalisant
et testant les effets de la transparence de I'lA, de I’explicabilité de I'IA et du contrdle

utilisateur sur la confiance, I’attention et la performance décisionnelle des utilisateurs.

Mots-clés

Interaction humain-IA, systemes d’aide a la décision, conception des interfaces,
transparence, explicabilité, contrdle utilisateur, conscience situationnelle, recours a I'1A,

attention, NeurolS

Méthodes de recherche

Recherche qualitative, expérimentations en laboratoire, oculométrie, mesures neurophy-

siologiques
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Abstract

Artificial intelligence (AI) systems are increasingly used to support organizational
decision-making, yet organizations frequently report difficulties in achieving sustained
improvements in decision quality and performance. Prior research suggests that these
difficulties are not solely attributable to limitations in Al accuracy, but also to how
users interact with, interpret, and manage Al recommendations over time. However,
existing work on human-Al interaction provides mixed and sometimes inconsistent
empirical evidence regarding how interface design influences user understanding,
reliance, attention, and performance.

This dissertation examines how interface-level design choices in Al-supported
organizational decision systems shape users’ understanding, confidence calibration,
attention, and decision performance. The research adopts a multi-method approach and
a bidirectional perspective on human-Al interaction, distinguishing between mechanisms
through which Al systems communicate information to users and mechanisms through
which users can influence or intervene in Al behavior.

The dissertation comprises three empirical essays. The first essay uses semi-structured
interviews with professionals in supply chain and logistics contexts to examine how users
assess, accept, reject, or override Al recommendations in practice. Drawing on Situation
Awareness Theory, the study introduces a meta-decision-making perspective to describe
how reliance on Al is continuously evaluated and revised in organizational settings.
The second essay experimentally investigates how transparency and explainability,

operationalized within a generative Al assistant context, influence users’ understanding,



confidence, information processing, and performance across repeated interactions. The
third essay examines user control as a design mechanism for supporting attentional
engagement and error detection when Al systems produce unreliable recommendations,
using behavioral, self-reported, and neurophysiological measures.

Overall, this dissertation contributes to the design of human-Al interactions in
organizational decision-making tasks by identifying relevant design factors and then
defining, operationalizing, and testing the impact of Al transparency, Al explainability,
and user control in influencing users’ understanding, confidence, information processing,

and decision performance.

Keywords
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Introduction

In the last decade, organizational information systems (IS) have advanced alongside
technological progress, enabling the collection and analysis of more data points across all
business processes. With increased data visibility and availability, artificial intelligence
(AI*) methods have become a central topic in enhancing organizational decision-making
performance (Sebastian and Draper, 2024; Sharma et al., 2022). This increased attention
on Al in organizational decision-making is not unwarranted, as these systems can support
and replicate certain aspects of human intelligence by identifying patterns, interpreting
information, and, in the case of generative Al (GenAl) models, creating new data points
(Brynjolfsson et al., 2025; Faraj et al., 2018; Noy and Zhang, 2023). Consequently, the
integration of Al across industries has been accelerating, with 42% of IT professionals
reporting that their organizations are active users of Al technologies, while an additional
40% are in the exploration phase (Di Battista et al., 2023; IBM Newsroom, 2024).

Al technologies are now embedded across a wide range of organizational processes,
extending far beyond the automation of routine and automated tasks into domains where
decisions carry operational, financial, or societal consequences. In finance, Al supports
credit risk assessment, fraud detection, and compliance monitoring (Zetzsche et al., 2020).
In healthcare, it assists clinicians with diagnostic imaging, triage, and treatment planning
(Erickson et al., 2017). In operations and logistics, Al optimizes routing, inventory

management, and demand forecasting (Agrawal et al., 2024; Cain, 2022; Dubey et al.,

4This document employs the term "AI" to encompass a broad range of automation and autonomy
capabilities, irrespective of the underlying technology, which could include learning agents like machine
learning, deep learning, or artificial intelligence, as well as more static reasoning systems.



2020). Similarly, in human resources and talent management, Al screens candidates
and identifies retention risks. Across these diverse contexts, Al systems increasingly
participate in decision-making processes, while the accountability of outcomes in current
implementations remains with humans (Kempton et al., 2023). This accountability aspect
further reinforces the need for users to understand, monitor, and evaluate algorithmic
outputs.

Despite the widespread adoption of Al technologies, evidence shows that organiza-
tions often struggle to extract the expected productivity improvements or decision-quality
gains from these implementations. Cross-industry studies report that Al deployments
frequently underperform relative to executive expectations, with many firms observing
limited impact on core decision processes (Dwivedi et al., 2021; Endsley, 2023; Simkute
et al., 2024). Large-scale surveys similarly document recurring challenges in realizing
value from Al investments, even in data-rich functions such as forecasting, risk assess-
ment, and operational planning, where algorithmic support should, in principle, deliver
measurable improvements (Mediavilla et al., 2022; Nair and Saenz, 2024; Sharma et al.,
2022). These patterns indicate a gap between the technical capabilities of Al systems and
the actual benefits organizations obtain from their integration.

The difficulty of realizing AI’s promised benefits is not specific to a single
domain. In healthcare, diagnostic support systems require clinicians to verify algorithmic
recommendations and investigate model errors, increasing workload rather than reducing
it (Erickson et al., 2017). In human resources, biases in recruitment and screening
algorithms necessitate human correction and ongoing oversight to prevent discriminatory
outcomes (Vinopal, 2022). In supply chain and operations, planners often perceive a
need to override or manually adjust Al-generated recommendations (Baryannis et al.,
2019; Mediavilla et al., 2022; Nair and Saenz, 2024). Financial services face similar
challenges, as regulatory requirements demand that Al-based risk or credit-scoring
outputs be explainable and auditable, making human review a mandatory part of the
workflow (Zetzsche et al., 2020). In summary, Al-supported organizational decision-

making often requires continued human vigilance and intervention.
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Supervisory roles in such human-Al interaction configurations place substantial
cognitive demands on operators, particularly when their primary responsibility is to
monitor system behavior and intervene only when necessary. Decades of research
show that passive monitoring is among the most difficult forms of human work as
vigilance deteriorates rapidly over time, infrequent events impair an operator’s ability
to detect anomalies, and reduced interaction with the underlying task diminishes the
mental models needed to recognize subtle cues of system malfunction (Endsley et al.,
2003; Miller and Parasuraman, 2003; Parasuraman et al., 1996). When individuals are
required to oversee systems that generally function well but occasionally fail in rare
or ambiguous ways, maintaining sustained attention and situation awareness becomes
increasingly challenging (De Boer and Dekker, 2017). These cognitive limitations affect
how well operators perceive relevant information, interpret system states, and predict
future changes (Endsley, 1995). As a result, the effectiveness of supervisory control
depends not only on system accuracy but on the degree to which users can remain
engaged, attentive, and informed while performing inherently low-engagement, high-
responsibility monitoring tasks.

The recurring difficulties observed across Al deployments mirror the classic ironies
of automation: as more tasks become automated, the residual work left for humans
becomes harder, less visible, less frequently practiced, and substantially more cognitively
demanding (Bainbridge, 1983). When routine components of a task are delegated to an
automated system, operators lose the ongoing interaction that once maintained their skills,
leading to progressive deskilling and a diminished capacity to detect anomalies when they
do arise (Endsley et al., 2003). Combined with the reduced engagement and vigilance
issues, automation setups are argued to lead to configurations that are more complicated
than manual task configurations (Bainbridge, 1983). These patterns from automation
research remain relevant to modern Al implementations, forming a lens for understanding
why technical improvements alone cannot prevent system-level breakdowns.

The patterns from automation research remain relevant in modern Al implementa-

tions, and they even further intensify these ironies because their core technical charac-



teristics introduce additional forms of complexities. Unlike traditional automation or
IS, users cannot easily perceive what features an Al system attends to, how it weighs
inputs, or why it arrives at particular recommendations (Czako et al., 2021; Hassenzahl
and Tractinsky, 2006; Sharan and Romano, 2020). In addition, Al systems are adaptive.
These systems constantly update their internal representations as environments shift (Pan,
2016). Al systems’ propensity to update their reasoning process over time means that they
lack functional consistency, i.e., their use may not lead to consistent outcomes (Schuetz
and Venkatesh, 2020), making it difficult for operators to form stable mental models.
Lastly, their probabilistic foundations generate outputs that vary across similar inputs,
complicating predictability and challenging users’ ability to anticipate system behavior.
As aresult, operators must continuously evaluate and correct Al behavior while maintain-
ing awareness of the primary task. These conditions lead to fragile and interaction-heavy
systems that require users to maintain engagement, interpret outputs, perform verification
steps, supply additional inputs, or manage iterative exchanges that fragment attention
and increase workload (Jiang et al., 2022; Prather et al., 2023; Simkute et al., 2024;
Tankelevitch et al., 2024).

Al systems become actionable through the interfaces that mediate them, meaning that
the user interface is the primary channel through which humans perceive, interpret, and
act upon algorithmic outputs. As these systems increase in opacity, adaptiveness, and
computational complexity, the user interface becomes the central determinant of whether
users can maintain situation awareness, understand system behavior, and appropriately
calibrate their confidence in Al recommendations (Endsley et al., 2003). In summary, as
all cognitive interaction with Al is mediated through this layer, interface design critically
determines whether an Al system reduces or increases cognitive load, clarifies or obscures
system behavior, and enables or hinders effective human-Al interaction (Harbarth et al.,
2025; Khosrowabadi et al., 2022; Shneiderman, 2020; Wang et al., 2021).

Taken together, these concerns suggest that realizing the benefits of Al requires
not only technical advances but also a clearer understanding of how interface design

shapes users’ cognitive states and decision behaviors. Prior work shows that constructs

4



concerning human-Al interactions are defined inconsistently across disciplines, and
empirical findings on reliance remain mixed, with studies documenting both underuse
(Allen and Choudhury, 2022; Dietvorst et al., 2015) and overreliance (Anaraky et al.,
2020; Merritt et al., 2019). These discrepancies indicate that the effects of design choices
on users’ attention, trust calibration, and situation awareness remain poorly understood.
As organizations continue to report persistent gaps between anticipated and realized value
from Al investments, there is a clear need for a research program that systematically
examines how interface-level design choices shape cognition and performance in Al-
assisted decision-making. Guided by this motivation, this dissertation addresses the
following overarching research question:

How do interface-level design choices in Al-supported organizational decision
systems shape users’ attention, understanding, confidence calibration, and decision
performance?

To answer this question, the dissertation follows a multi-method research program
comprising three complementary empirical essays, which together examine human-Al
interaction in organizational decision-making environments. The first essay explores
how professionals experience and manage reliance on Al systems in real organizational
settings. The second essay investigates how transparency and explainability influence
users’ understanding, confidence, and information processing efficiency when interacting
with generative Al assistants. The third essay examines user control as a mechanism for
sustaining effective decision-making when Al systems are prone to produce erroneous or
unreliable recommendations. Together, these studies contribute to the understanding of
how interface design shapes human cognition and performance in Al-supported decision-
making contexts.

The first essay utilizes qualitative methods to explore how professionals experience
Al-supported decision-making in practice. It investigates the factors that shape
professionals’ decisions to rely on or ignore Al systems in organizational contexts,
with particular attention to how users form and maintain an understanding of Al

recommendations over time. Grounded in the Situation Awareness Theory (Endsley,



1995), this study provides a framework and identifies factors that influence user
confidence in Al

The second essay focuses on two interface-level design constructs, transparency
and explainability, and examines how they influence users’ understanding, confidence
calibration, and information processing efficiency when interacting with a generative
Al assistant. Using a controlled, repeated-task experimental design, this study provides
precise conceptual definitions and operationalizations of transparency and explainability
in a generative Al assistant context. By utilizing behavioral, self-reported, and attentional
measures, the essay evaluates how these design features shape user attention, cognition,
and decision performance over time.

The third essay extends this investigation to situations in which Al systems are prone
to produce erroneous or unreliable recommendations. It examines user control as a design
mechanism for mitigating out-of-the-loop failures and sustaining effective decision-
making under imperfect Al performance. Specifically, it investigates how allowing
users to configure Al system parameters influences confidence calibration, attentional
responses, and users’ ability to detect and handle Al errors across repeated interactions.
This essay uses behavioral, self-reported, and neurophysiological indicators to capture
how user attention, cognition, and reliance evolve under varying levels of Al accuracy.

To situate and justify this research program, the following subsection reviews prior
work on human-centered Al design in organizational decision contexts. This review
aims to identify research gaps by mapping interface-level human-centered Al design
challenges, proposed solutions to these challenges, and the empirical evidence supporting

these solutions.

Scoping Review on Previous Work

The previous section illustrated that organizational struggles to realize the benefits of
Al stem not only from technical limitations but also from the cognitive demands that

current system designs impose on human operators. Building on these concerns, the



importance of user interface design in supporting effective human—Al interaction has been
increasingly emphasized across information systems, human—computer interaction, and
related fields (Harbarth et al., 2025; Shneiderman, 2020; Wang et al., 2021). Yet, because
the study of human-centered Al in organizational decision-making is comparatively
recent, relevant research has begun to emerge across a wide range of disciplines, from
engineering to the humanities. Such breadth makes it difficult to obtain a consolidated
view of how human-centered Al design is currently investigated, what problems have
been identified, and which solutions have been proposed. These characteristics align with
the conditions under which a scoping review is appropriate, e.g., when a topic is new,
conceptually broad, and distributed across multiple research communities (Arksey and
O’Malley, 2005).

In line with the field’s current state, this study adopted the scoping review
methodology outlined by Arksey and O’Malley (2005) to systematically map and
analyze the existing literature on Al-based decision-making tools implemented in
workplace environments. In refining our methodology, we also followed additional
recommendations pertaining to the scoping reviews and followed the PRISMA checklist

for scoping reviews (Daudt et al., 2013; Levac et al., 2010; Tricco et al., 2018).

Identification of Relevant Studies

In this scoping review, we selected three databases for literature sourcing: Scopus,
Web of Science, and the ACM Digital Library. The choice of these databases was
informed by consultations with a librarian and an assessment of their relevance and
comprehensiveness to our research focus. Scopus and Web of Science were chosen for
their broad and multidisciplinary coverage of academic fields, while the ACM Digital
Library was selected for its focus on high-quality journal publications in information
technology.

Our keyword strategy encompassed four main categories: decision-making, Al, user

interface (UI) design implications, and keywords associated with human-centered design



of Al The research team adopted an iterative approach to refine the keyword selection,
aiming to balance comprehensive coverage against the potential for irrelevant results. The
initial keyword set, focused on decision-making, Al, and U, was established through a

team consensus. This was followed by an iterative process of refinement:

Screening 30 randomly selected papers from the initial query results for relevance

to our research questions.

» Extracting synonyms of query keywords from relevant papers’ abstracts.

Performing a backward search to gather additional references and keywords.

Ending an iteration when no new synonyms emerged, followed by constructing a

new query with the updated keywords.

This process underwent four iterations. However, due to the lack of standardization
in naming Al techniques and algorithms, which led to significant noise in the query
results, we conducted two additional iterations and held a consultative meeting with a
researcher specializing in the field of responsible Al. The initial search was submitted to
the databases on March 24, 2022, and preliminary results were charted and presented at
a conference. Following the conference presentation, the search results and data analyses
were expanded and updated to include recent publications, both on December 28, 2023;
and March 3, 2025. This process identified 5,609 primary studies on Scopus, 1,226 on
Web of Science, and 235 on the ACM Digital Library as of March 3, 2025. A list of
search keywords is shown in Table 1, and a PRISMA flow chart indicating the screening

process is shown in Figure 1.



Table 1: Keywords used in search queries. Search results must include at least one row from each column of this table. * indicates
a wildcard character that represents any number of characters.

Decision-Making

Al

Design Implications

Human-Centeredness

decision science
decision-making
decision making
knowledge work
strategic thinking
expert decisions
decision support
decisional guidance
decision aids

expert system
advanced user support
expert judgment

dss

business decision systems
workplace decisions
support system

artificial intelligence

deep learning

machine learning

natural language processing
recommendation agents
robo-advisory

ai

algorithmic and human-based intelligence
artificial general intelligence
conversational agents
intelligent assistants
intelligent systems

ml systems

neural network

nlp

xai

recommender system

design cues

design evaluation

design guidelines

design heuristics

design practices

design principles

design science
ecological interface

hci

human computer interaction
human-ai interaction
interaction design
interface characteristic*
interface design
interface evaluation

man machine interaction
message design

screen design

social interface

user experience evaluation
user interaction

user interface

design patterns
human-agent interaction
information ergonomics
information visualization
user experience
user-computer interface
anthropomorphism
human-centered design
human-centred design
user-centered design
user-centred design
design implications

fair

ethical

moral

reliab*

safe*

responsib*
explainable

XAI
understandability
interpretab*®

trust™®

privacy

efficacy

transparen™

secur®

user-cent*
human-cent*
people-cent*
human-agent teaming
human-in-the-loop
human in the loop
interaction human-ml
interaction with ai
interactive machine learning
interpret*
interpretable machine learning
human expertise
accessibility

context aware

human factors

black box

human involvement
user-in-the-loop
appropriate reliance
user involvement
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Figure 1: PRISMA flow diagram of the primary study identification and screening process.
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Scoping Review Results

The review identified 130 studies examining interface-level mechanisms intended to
support users’ ability to understand, monitor, and regulate Al recommendations.
Reflecting the developing nature of the field, this body of work is highly dispersed,
with primary sources originating from information systems, computer science, human-
computer interaction, ergonomics, and human factors. The methodological approaches
used across these studies are similarly diverse, encompassing lab experiments, design
science research, system design studies, and conceptual work. Table 2 presents a selection
of the identified primary sources, from which we extracted (1) the domain in which Al
support was applied, (2) the human-centered Al problem discussed, (3) the proposed
solution, and (4) the empirical evidence, when available.

The identified primary sources address HCAI issues across a wide range of
domains, including data analytics, healthcare, logistics and supply chain management,
manufacturing, and other forms of knowledge work. This breadth aligns with industry
reports indicating widespread interest in adopting Al to improve efficiency (Di Battista
et al., 2023; IBM Newsroom, 2024). Moreover, the diversity of identified problems
highlights differences in how decision-makers interact with Al systems across domains.

The majority of the primary sources focus on the lack of interpretability in Al
systems (Bove et al., 2022; Madsen et al., 2025; Rebholz et al., 2024; Tsai et al., 2025).
Another significant problem examined in these studies is the challenge of calibrating
user confidence in the system (Chen et al., 2024; Karahasanovic et al., 2021; Mishler
et al., 2025). In addition, studies both reported cases in which users exhibit a lack of
confidence in Al (Bigras et al., 2018; Liu, 2021; Panigutti et al., 2023), as well as users’
tendency to be excessively confident in Al’s abilities (Brauner and Ziefle, 2019; Cecil
et al., 2024; Dikmen and Burns, 2022). The out-of-the-loop problem (Bader and Kaiser,
2019), human cognitive biases (Wang et al., 2019), and the difficulty of integrating users’
tacit knowledge into models (Dellermann et al., 2019; Kim et al., 2024; Mukhopadhyay

et al., 2014) are among the other HCAI problems identified by the primary sources.
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Table 2: An illustrative subset of the reviewed studies, summarizing HCAI problems, proposed solutions, and empirical results.

References Domain Study Type HCAI Problem Solution Empirical Test

(Geuss et al., 2019) Defense Conceptual Dangers of automating life- Ensuring explainability to aug- No empirical test
critical decisions ment human cognition

(Lu, 2024) Human-Al in- Conceptual Deskilling of users Improving user agency and sys- No empirical test

(Micallef et al., 2017)

(Mukhopadhyay et
2014)
(Kim et al., 2024)

(Dellermann et al., 2019)

(Zhou et al., 2017)

al.,

(Robles-Flores and Roussi-

nov, 2012)
(Bansal et al., 2019)

(Ribeiro et al., 2016)

teractions
Human-AlI in-

teractions

Environmental
planning
Healthcare

Knowledge

work

Manufacturing

Knowledge
work
Human-AlI in-
teractions

Data analytics

System design

System design

System design

System design

Lab experiment

System design

Conceptual

System design

Integrating tacit knowledge

Integrating tacit knowledge

Integrating tacit knowledge

Integrating tacit knowledge &
Interpretability of black-box
models

Cognitive load from black-

box systems

Cognitive load from black-
box systems

Lack of functional consis-
tency of Al

Lack of interpretability

tem explainability
Interactive interfaces eliciting

tacit knowledge

Attention-tracking to capture
expertise
Eye-tracking  human-in-the-

loop model

Interactive systems & graphical

explanations

Explanations via data visual-

izations

Natural-language explanations

Ensuring consistent update be-
havior
Local feature-based explana-

tions

Including user knowl-
edge within Al in-
creases performance

No empirical test

Performance improves
when user expertise is
integrated within Al

Qualitative  evidence

supports the solution

Explanations reduce
load, increase
performance

No empirical test

No empirical test

Explanations are use-
ful

Continued on next page
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Authors

Domain

Study Type

HCALI Problem

Solution

Empirical Test

(Morrison et al., 2018)

(Ehsan et al., 2019)

(Nguyen et al., 2019)

(Hoque and Mueller, 2021)

(Rebholz et al., 2024)

(Madsen et al., 2025)

(Tsai et al., 2025)

(Krause et al., 2016)
(Lamy et al., 2019)

(Schaffer et al., 2019)

(Hepenstal et al., 2019)
(Kellner et al., 2021)

Healthcare

Human-AlI in-

teractions
Human-AlI in-
teractions
Data analytics

Law

Logistics

Healthcare

Healthcare
Healthcare

Knowledge
work
Defense

Manufacturing

System design

System design

System design

System design

Lab experiment

Lab experiment

Lab experiment

System design
System design

Lab experiment

Conceptual

Conceptual

Lack of interpretability

Lack of interpretability

Lack of interpretability

Lack of interpretability

Lack of interpretability

Lack of interpretability

Lack of interpretability

Lack of interpretability
Lack of interpretability

Lack of interpretability

Lack of interpretability
Lack of interpretability

Visual data-relationship expla-
nations

Natural-language rationales

Interactive data exploration

Interactive causal-model expla-

nations

Post-hoc rationales & interac-
tivity
Transparency at  situation

awareness levels 1-3

Displaying Al uncertainty

Exploration dashboard
Data exploration & plots

Local reliability explanations
Natural-language explanations

Data exploration & post-hoc

explanations

No empirical test

Detailed
preferred; intelligibil-

rationales

ity matters

No empirical test

Increased understand-
ing; performance un-
changed

Interactivity increases
reliance

Level 3 transparency,
which helps under-
standing predictions,
is preferred
Uncertainty increases
cognitive processing
No empirical test

User test supports use-
fulness

Helps novices; risks
overreliance

No empirical test

No empirical test

Continued on next page
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Authors Domain Study Type HCAI Problem Solution Empirical Test

(van Capelleveen et al., Supply chain System design Lack of interpretability Interactive exploration for un- Empirical results

2021) management derstanding support the usefulness
of interactive
explorations

(Herm et al., 2022) Human-Al'in- Conceptual Lack of interpretability Global, local, and personalized No empirical test

(Bove et al., 2022)

(Bigras et al., 2018)

(Panigutti et al., 2023)

(Dikmen and Burns, 2022)

(Cecil et al., 2024)

(Brauner and Ziefle, 2019)

(Chen et al., 2024)

(Mishler et al., 2025)

(Wang et al., 2019)
(Bader and Kaiser, 2019)

teractions

Data analytics
Supply chain
management
Healthcare
Finance
Human
Resources
Manufacturing
Healthcare
Cybersecurity
Healthcare

Human-AlI in-

teractions

Lab experiment

Lab experiment

System design

Lab experiment

Lab experiment

Lab experiment

Lab experiment

Lab experiment

Conceptual

Case study

Lack of interpretability
Underreliance on Al
Underreliance on Al
Overreliance on Al
Overreliance on Al
Overreliance on Al

Trust miscalibration (underre-
liance or overreliance)

Trust miscalibration (underre-
liance or overreliance)

Human biases

Out-of-the-loop problem

explanations

Interactive data exploration
Rich explanations; easy access
to information

Local explanations
Context-rich explanations
Heatmap or chart explanations
N/A

Global vs local explanations

Local transparency

Explanations to mitigate bias

Simple interactive interfaces

Improves contextual
understanding

Rich explanations im-
prove adoption
Explanations increase
adherence

Improves error detec-
tion

No reduction in over-
reliance

Al errors reduce per-
formance
Explanations improve
trust

No performance im-
pact

No empirical test

No empirical test




The most commonly proposed solution to the HCAI problem of the lack of
interpretability of AI models is providing detailed system explanations in various forms,
including sentences in natural language (Hepenstal et al., 2019; Robles-Flores and
Roussinov, 2012), interfaces allowing interactive explorations (Bove et al., 2022; Hoque
and Mueller, 2021; Kellner et al., 2021; Rebholz et al., 2024; van Capelleveen et al.,
2021), or data visualizations and charts (Cecil et al., 2024; Dellermann et al., 2019).
System explanations are also proposed as a potential solution to the problem of calibrating
user confidence in Al, with suggestions ranging from explanations justifying a specific
decision-making instance or recommendation (Cecil et al., 2024; Mishler et al., 2025;
Panigutti et al., 2023) to explanations describing the overall logic and mechanism of
the AI’s recommendation-generation process (Chen et al., 2024). System explanations
have also been proposed as a method of mitigating cognitive load caused by the
complexities introduced by Al (Robles-Flores and Roussinov, 2012; Zhou et al., 2017).
In addition, interactive user interfaces have been recommended to mitigate the out-of-the-
loop problem that users experience when they must monitor an Al model’s performance
in a decision-making environment (Bader and Kaiser, 2019), or to address the challenges
of integrating experts’ tacit knowledge into Al models (Micallef et al., 2017).

While the proposed set of solutions covers a wide range of HCAI problems, the
emphasis on system explanations and exploration interfaces is evident. However,
when individual primary sources are examined in more detail, inconsistencies and
differences in authors’ conceptualizations of system explanations become apparent. For
instance, the term ‘explainability’ has been used to refer to interactive interfaces for
data exploration (Lamy et al., 2019), historical data visualizations (Zhou et al., 2017),
explanations focusing on the justification of a specific decision-making recommendation
(Mishler et al., 2025; Naiseh et al., 2021a; Ribeiro et al., 2016), a generic construct
operationalized as information richness in the rationale provided by Al alongside its
decision recommendations (Bigras et al., 2018), and as an encompassing term that covers
both global explanations that can be valid across recommendation instances and local

explanations that relate to a specific instance of generated recommendation (Naiseh et al.,
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2021b; Schoonderwoerd et al., 2021). Similar variation exists in the use of the term
‘transparency,” with studies conceptualizing it as explanations of system logic (Madsen
et al., 2025), justifications of a specific decision-making recommendation (Nguyen et al.,
2019), or design factors that make visible the source dataset used by the Al (Hepenstal
et al., 2019; van Capelleveen et al., 2021).

The lack of standardization in conceptualization carries over into how primary studies
operationalize, measure, and test these constructs in behavioral research. The identified
studies yield conflicting results that could, in principle, help uncover the factors and
potential moderator variables that lead to different outcomes across conditions. However,
inconsistencies in conceptualization make it difficult to compare and synthesize findings
across studies reporting behavioral evidence. For instance, the primary sources include
reports of both increased cognitive load resulting from system explanations (Zhou et al.,
2017) and reduced cognitive load resulting from system explanations (Tsai et al., 2025).
Similar conflicting findings appear with respect to the impact of HCAI design factors on
decision performance. Some studies report no significant performance gains from system
transparency (Mishler et al., 2025), whereas others document performance improvements
associated with increased transparency (van Capelleveen et al., 2021). Likewise, while
several studies find no effect of explanations on performance (Cecil et al., 2024; Hoque
and Mueller, 2021; Mishler et al., 2025), others report positive effects (Micallef et al.,
2017; Zhou et al., 2017). Overall, these conflicting results are difficult to synthesize
and to link to boundary conditions, largely because key constructs such as explainability
and transparency are inconsistently conceptualized and frequently left undefined across
studies.

The future research directions identified across the primary sources further underscore
the underlying problem of conceptual definition. Several studies highlight the need
to clarify which types of explanations are effective at different stages of interaction
(Madsen et al., 2025; Tsai et al., 2025). Another recurring theme concerns the out-of-
the-loop problem, with studies calling for research on HCAI design approaches that help

maintain or improve decision performance when Al systems fail (Brauner and Ziefle,
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2019; Panigutti et al., 2023; Rebholz et al., 2024; Xu et al., 2025).

Taken together, the scoping review indicates that research on human-Al interaction
designs in organizational decision-making has grown rapidly over the past years across
multiple domains. Prior work proposes a wide range of interface-level solutions to
support human-Al interaction, with system explanations (e.g., Chen et al. 2024; Johnson
et al. 2023), transparency mechanisms (e.g., Mishler et al. 2025; Vossing et al. 2022),
and interactive interfaces (e.g., Katzburg et al. 2024; Sivaraman et al. 2023) as the
most notable recommendations. However, it remains challenging to synthesize findings
for several reasons. First, core constructs concerning these solutions are defined
inconsistently and operationalized differently. For instance, the term explainability is
used to refer to local explanations (e.g., Gentile et al. 2023), global explanations (e.g.,
Hauptman et al. 2024), both global and local explanations (e.g., Naiseh et al. 2023; Wulff
and Finnestrand 2024), and interactive exploration interfaces (e.g., Sivaraman et al. 2023).
A similar inconsistency persists in the use of the term transparency, which has been used
to refer to both local (e.g., Mishler et al. 2025) and global explanations (e.g., Madsen et al.
2025) in prior studies.

Second, and reflecting these conceptual inconsistencies, there are conflicting findings
regarding the effectiveness of these solutions in improving human-Al interaction. Several
studies report benefits such as increased adherence to AI recommendations (e.g., Laxar
et al. 2023; Silva et al. 2023) and increased confidence in Al recommendations (e.g.,
Sivaraman et al. 2023). However, empirical evidence also suggests that explainability
can reduce confidence (e.g., Hauptman et al. 2024); increase the risk of overreliance
(e.g., Naiseh et al. 2023), or have no significant effect on decision outcomes (e.g., Cecil
et al. 2024; Gorre et al. 2023). Although these discrepancies may stem from contextual
factors, the underlying inconsistencies in conceptualization and operationalization hinder
the synthesis of results. As a result, it remains difficult to identify and distinguish
the cognitive mechanisms through which design choices influence users’ attention,
confidence calibration, and decision performance under different task and domain

characteristics.
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Moreover, while existing research frequently acknowledges challenges such as
miscalibration of confidence in Al (e.g., Chen et al. 2024; Mishler et al. 2025; Silva
et al. 2023; Zerilli et al. 2022) and the out-of-the-loop problem (e.g., Bader and Kaiser
2019; Zhang et al. 2021), comparatively little work has examined how users’ cognitive
engagement and reliance evolve over repeated interactions, in ecologically valid settings
where Al performance is prone to fluctuate.

In response to the identified research gaps, this dissertation contributes to the human-
centered Al literature by examining how interface-level design choices shape users’
cognitive states and decision behaviors in Al-assisted organizational decision-making.
The following section outlines the organization of the dissertation and situates each

empirical essay within this research program.

Organization of the Dissertation

To address the gaps identified in the preceding background section, this thesis sets out
a research program aimed at improving our knowledge of the design principles that
enable effective human-Al interaction in knowledge-intensive organizational decision-
making. The scoping review highlighted that, although interest in human-centered Al
design is growing across disciplines, existing work is dispersed, relies on inconsistent
conceptualizations, and provides limited insight into how users develop understanding,
confidence, and effective means of determining when to adhere to Al recommendations
when interacting with Al systems. Consequently, the three empirical essays in this thesis
pursue complementary objectives: identifying the real-world challenges professionals
face when working with Al, defining and testing core design constructs that shape
user understanding and performance, examining mechanisms that help users maintain
effective decision-making when Al systems produce unreliable recommendations, and
advancing methodological approaches by integrating physiological, behavioral, and self-
reported measurements in ecologically valid repeated-task settings to obtain fine-grained

insight into users’ cognitive processes during interaction with Al systems. Across the
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three essays, Situation Awareness (SA) theory (Endsley, 1995) serves as the guiding
theoretical lens, which provides a process-oriented view of human-Al interaction in which
perception of task-relevant information informs understanding and projection, which
ultimately shape decision-making and subsequent behavioral adaptation through feedback
over repeated interactions.

The first essay adopts an exploratory qualitative approach to examine how profession-
als experience Al-supported decision-making in practice. Drawing on semi-structured
interviews with experts in supply chain and logistics, the study investigates how users
assess, accept, reject, or override Al recommendations in real organizational settings.
Grounded in Situation Awareness theory (Endsley, 1995), the analysis examines how
professionals form, maintain, and revise their understanding of Al behavior over time
while remaining accountable for decision outcomes.

The first essay develops an extended process model of human-Al interaction based on
the Situation Awareness theory. The study explains how professionals form, update, and
act upon situation awareness when interacting with Al systems, thereby clarifying how
reliance and override decisions emerge over time. It introduces meta-decision-making
as a secondary decision process through which users continuously evaluate whether Al
recommendations should be followed, positioning this process as distinct from primary
task execution. Within this process model, individual, task, and system factors operate as
conditions shaping the outcome of meta-decisions. The study further extends the situation
awareness theory by conceptualizing Al systems as entities whose behavior users interpret
and monitor, enabling the application of distributed situation awareness perspectives to
human-AlI interaction.

The second essay focuses on Al-to-human mechanisms by examining how trans-
parency and explainability influence user understanding and decision performance when
interacting with a generative Al (GenAl) assistant. Using a controlled, repeated-task ex-
perimental design, the study provides clear conceptual definitions of transparency and ex-
plainability, distinguishes them, and operationalizes them within a conversational GenAl

interface. It evaluates how these design features affect users’ attention allocation to task-
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relevant elements, perceived understanding, confidence calibration, and performance over
time.

The second essay contributes to research by clarifying the difference between
transparency and explainability and demonstrating how these Al-to-human design
mechanisms influence attention, cognition, and performance. It shows that transparency
plays a more prominent role in early interactions by supporting users’ initial mental
model formation, whereas explainability becomes increasingly important as interaction
continues and users engage in deeper verification of Al outputs. Methodologically, the
essay introduces the use of eye-tracking metrics, specifically saccade counts, as indicators
of users’ verification effort when evaluating Al recommendations. Together, this study
contributes to the understanding of how information communicated from Al systems to
users shapes cognitive effort, confidence calibration, and performance.

The third essay focuses on human-to-Al mechanisms by investigating Al configu-
ration interfaces as a means of sustaining effective decision-making when Al systems
are prone to produce erroneous or unreliable recommendations. The study examines
how allowing users to configure Al system parameters influences attentional processes,
confidence calibration, and users’ ability to detect and manage Al errors across repeated
interactions.

The third essay contributes to the literature on human-Al interaction by identifying
Al configuration as a key mechanism through which users’ attention to and perceptions
of Al are shaped. It demonstrates that providing users with control interfaces enhances
users’ attentional engagement and improves their interaction with Level 1 situation
awareness elements, supporting a more accurate perception of task-relevant information.
By strengthening engagement at the input data level, asking for user configuration before
providing them with Al recommendations enables improved understanding of Al, thereby
shaping their attentional processes that are effective in error detection and intervention
when Al behavior is imperfect. These findings extend prior work on out-of-the-loop
failures by showing how human-to-Al interface mechanisms can support cognition and

performance.
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Together, the three essays examine how human-Al interaction evolves across the
decision cycle: Essay 1 proposes a process model explaining how reliance decisions
emerge during interaction with Al. Essays 2 and 3 then examine specific interface-
level mechanisms operating within this process: Essay 2 investigates how Al-to-human
information provision mechanisms influence perception and comprehension, and Essay
3 examines whether human-to-Al mechanisms can help sustain attention and effective
intervention when Al performance deteriorates. This bidirectional perspective and the

primary contributions of each essay are shown in Figure 2.

Al-to-human interface Human-to-Al interface
mechanisms mechanisms

[dentify the cognitive, system, and contextual factors that shape users’ meta-
decision-making regarding reliance on Al including input data
characteristics, transparency, explainability, interactivity, user control, and
workload.

Define and operationalize Al
transparency and explainability, and
examine how Al-to-human
information provision influences
users’ understanding, confidence
calibration, attention allocation, and

decision performance in generative

Al interactions.

Investigate how user control as a
human-to-Al interface mechanism
shapes attentional processes,
engagement with situation awareness
cues, and users’ ability to detect and
handle Al errors over repeated
interactions.

Figure 2: Dissertation structure
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Chapter 1

The Dynamics of Human-Al
Interactions in Organizational

Decision-Making

Abstract

Information systems (IS) are increasingly being used to support more complex and
knowledge-intensive decision-making tasks. Contemporary systems often rely on
machine learning and artificial intelligence (AI) methods that enable the processing
of large datasets. While these technologies offer substantial potential, their use in

organizational settings raises challenges related to how users understand, evaluate, and

This essay is a version of the following book chapter prior to publication: Oz, B., Karran, A.
J., Beringer, J., Coursaris, C. K., & Léger, P. M. (2025). The Dynamics of Human-Al Interactions
in Organizational Decision-Making. In The Design of Human-Centered Artificial Intelligence for
the Workplace, pp. 29-46. Springer. The final authenticated version is available online at:
https://doi.org/10.1007/978-3-031-83512-4_3

The version embedded in this essay is the author’s manuscript prior to peer review and acceptance
for publication. This version includes expanded details regarding the methodology and results, which were
abbreviated in the version of record to align with the book’s specific context and target audience.
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regulate Al-supported decisions. Drawing on semi-structured interviews, this study
explores how users assess, accept, reject, or override Al recommendations in practice.
The findings indicate that users form and continuously revise interpretations of what
the Al system takes into account, how it represents the decision environment, and what
it anticipates. Perceived misalignment between users’ situation awareness and their
interpretation of the system’s awareness shapes how decision-making tasks are selectively
delegated to, or reclaimed from, the Al. The study proposes an extended process model
on human-AlI decision-making that highlights ongoing evaluation of Al performance and

meta-decision-making as central features of Al use in organizational contexts.

1.1 Introduction

Information systems (IS) play a critical role in enabling employees to make better
decisions in today’s organizational environments. With continuous technological
improvements in data processing capabilities, decision support has evolved from simple
computations to providing recommendations in complex problem-solving scenarios.
Consequently, this shift has transformed IS from simple tools to artificially intelligent
agents that support, and in some cases, work together with, domain experts. This
shift highlights the importance of collaborative decision-making models between humans
and Artificial Intelligence (AI), which are becoming more common in organizational
processes (National Academies of Sciences, Engineering, and Medicine, 2021).

As the extent of decision support from IS extends beyond simple calculations to
autonomous decision-making, the relationship between the user and IS becomes more
complex. Users may either rely excessively on the IS, potentially losing their ability to
understand how future events impact their decision-making environment, or distrust the
IS, thereby not fully benefiting from its capabilities in processing large volumes of data
and deriving relevant insights (Chiang and Yin, 2022). Balancing these two tendencies is
critical for optimal operational outcomes.

Previous research has extensively studied the impact of IS investments on organi-
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zational outcomes (Brynjolfsson, 1993; Sabherwal and Jeyaraj, 2015). Extant theories
and models, particularly the Technology Acceptance Model (TAM) and its extensions,
highlight factors such as perceived usefulness and ease of use as drivers of IS adoption
(Davis, 1989; Venkatesh and Bala, 2008). While TAM has been used extensively to
explain user interactions with traditional IS, the dynamic, responsive, and often creative
nature of Al-powered systems necessitates further research on the topic. Unlike traditional
IS that function within defined parameters, Al systems possess the capability to continu-
ously learn and modify their operational patterns based on new data inputs (Schuetz and
Venkatesh, 2020). While the benefits of using Al in complex decision-making tasks are
clear, this continuously evolving and often opaque nature of Al presents unique challenges
(Endsley, 2023). One such challenge is understanding how users perceive and adapt
to a dynamic Al-driven decision support system and how they make ongoing decisions
regarding task delegation to Al. Therefore, in this chapter, we aim to answer the following
research question:

RQ: How do professionals determine whether to rely on Al in organizational decision-
making processes?

To understand users’ decisions about delegating tasks to Al, Situation Awareness
Theory emerges as a promising lens (Endsley, 1995). Situation awareness (SA) is defined
as "the perception of the elements in the environment within a volume of time and space,
the comprehension of their meaning, and the projection of their status in the near future"
(Endsley, 1995, p. 1). While the SA concept was initially defined to understand and
explain human decision-making with automation tools in aviation, it can be extended to
the context of human-Al interactions (Endsley, 2023).

This chapter presents a study conducted to answer our research question by
considering the perspectives of professionals shared through expert interviews. The rest
of the chapter is organized as follows: first, we provide an overview of the SA concept
and its relevance to human-Al interactions. We then describe our methods for collecting
and analyzing stakeholder interview data within a supply chain management (SCM)

context. Results are discussed in two parts: first, we introduce six contextual factors
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influencing users’ meta-decisions whether to delegate decision-making to Al; then, we
incorporate these factors into the SA model and propose a conceptual extension. The

chapter concludes with key considerations for successful Al implementation projects.

1.2 Background

1.2.1 The Adoption and Use of IS and Al

Information systems have been integral to organizational decision-making environments
for several decades. As the success of an IS depends on its use, the factors leading to
acceptance have been extensively studied in the literature. The Technology Acceptance
Model (TAM) (Davis, 1989) is one of the well-known perspectives, which presents
perceived usefulness and perceived ease of use as predictors of user acceptance. Over the
years, the set of constructs predicting user acceptance has expanded, leading to models
such as TAM2, the Unified Theory of Acceptance and Use of Technology, and TAM3
(Venkatesh and Davis, 2000; Venkatesh et al., 2003; Venkatesh and Bala, 2008).

While these attitude-based theories and other richer theoretical lenses provide valuable
insights regarding the use of traditional IS, they assume that an IS is deterministic
and behaves predictably according to the rules it was designed to follow (Schuetz
and Venkatesh, 2020). AI, however, does not rely on a predetermined set of rules.
Instead, Al-driven systems continuously learn from new observations and adapt their
behavior accordingly (Czako et al., 2021). Therefore, to address the need to better
understand human-Al interaction dynamics in organizational decision-making, we borrow

the concept of situation awareness from the scientific discipline of human factors.

1.2.2 The Situation Awareness Model

Situation awareness (SA) is defined as "the perception of the elements in the environment
within a volume of time and space, the comprehension of their meaning, and the

projection of their status in the near future" (Endsley, 1995, p. 1). This definition of

26



SA is human-centric, focusing only on the human operators. According to this model,

situation awareness is characterized by three levels:

1. Perception of elements in the current situation: This consists of the observations of

data points relevant to decision-making.

2. Comprehension of the current situation: This level is about the use of the SA
elements from the first level to create a meaningful synthesis that represents the

current reality.

3. Projection of future status: This is achieved by integrating SA elements from
the first two levels to provide a foundation for anticipating future changes in the

environment.

Situation awareness is conceptualized as part of a cyclical decision-making loop:
the state of the environment informs SA, which influences decision-making and action
execution, which subsequently influences the decision outcomes that feed back to the
situation awareness (Endsley, 1995, p. 35). Endsley’s model identifies three determinants
that influence this process: individual factors (e.g, the operator’s goals, experience, and
cognitive state), task factors (e.g., contextual complexity, workload, and environmental
constraints), and system factors (e.g., interface design and automation capabilities).
According to the process model illustrated by Endsley, these factors collectively shape
the development of SA, action selection, and decision outcomes in the decision-making
loop.

The SA theory initially aimed to explore the relationship between pilots and
automation systems in aircraft (Endsley, 1995). The high volume of sensory data to
be processed and the time sensitive nature of this context makes it important for pilots
to maintain their SA. Similarly, modern organizational decision-making environments
exhibit similar characteristics. With digital technologies increasingly involved in data
generation and processing, the speed and accuracy expected from organizational decision-

making processes have also risen (Danilova, 2019). Therefore, the conditions in modern
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decision-making environments are parallel to those targeted by the initial SA theory
(Endsley, 2023).

In summary, existing research and literature involving SA suggest that it is a promising
theoretical lens through which to investigate human-Al interactions in complex decision-
making scenarios. In this study, we explore the decision-making process of experts
who have access to Al-driven decision support systems in their daily work. Through
this exploration, we aim to extend our understanding of underlying factors that influence

experts in either relying or ignoring Al systems during decision-making.

1.3 Methods

This study employed a qualitative research design, using semi-structured interviews to
investigate human-Al interactions in an organizational decision-making context. The
research protocol was reviewed and approved by the HEC Montréal Research Ethics

Board (Certificate No. 2021-4436).

1.3.1 Sampling and Participants

A purposeful sampling method was used to recruit participants based on their roles and
experience with an Al-powered SCM software solution (Palinkas et al., 2015; Seidman,
2006). Initial participants were recruited from a registry of the software solution’s
stakeholders, and additional participants were subsequently identified through snowball
sampling.

The final sample (N = 20) comprised three primary stakeholder groups to ensure
systematic coverage from system design to its use in practice. The following stakeholder
groups were recruited in the following order: individuals from AI development teams
(N = 6), consultants specializing in system implementation and end-user assistance
(N = 8), and end-users (N = 6). Interviewing developers and consultants first allowed

the researchers to establish the designers’ view of the system, including what it is
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intended to do, what it can and cannot do, and how its capabilities are configured,
before examining how end users perceive, interpret, and act upon these capabilities in
practice. In addition, developers and consultants were asked to share observations from
their implementation and support experience regarding user needs, recurring requests, and
human-Al interaction challenges, which informed the refinement of subsequent interview
guides and supported more focused probing of the system’s technical and contextual
dimensions in interviews with end users.

Criteria for selection required participants to have active roles in configuring,

managing, or utilizing Al systems in organizational SCM decision-making tasks.

1.3.2 Data Collection

This study employed a semi-structured interview method for data collection. The protocol
was organized into three thematic sections to explore the nature of human-Al interactions:
respondents’ roles and tasks, human-Al interaction factors, and end-user perceptions of
Al

In addition to the thematic sections on human-Al interactions, the interviews used
laddering techniques and targeted probes to elicit further insights into respondents’
accounts of human-Al interaction dynamics, while adhering to the main interview
structure (Reynolds and Gutman, 1988). This semi-structured format allowed participants
to provide detailed accounts of their lived experiences while ensuring consistency across
the sample (Xiao et al., 2017). To ensure content validity and technical accuracy, the guide
underwent iterative refinement within the research team and was finalized following two
review cycles with an industry expert specializing in the specific type of organizational IS
under study. The complete interview guide is provided in the Appendix, Section A.1.1.

Interviews were conducted via videoconferencing from April 2021 to November 2021.
Sessions were moderated by one member of the research team, with at least one additional
member attending to assist in facilitating flow, ensuring adherence to the guide, and posing

probing questions as needed. On average, interviews lasted 75 minutes (min: 49 minutes;
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max: 98 minutes). Recordings were captured via the videoconferencing platform, with
participants’ written consent prior to the session and verbal consent at the beginning of

their interview.

1.3.3 Analysis of Collected Data

Audio recordings of interview sessions were initially processed using automated
transcription software (Zoom Communications, Inc., San Jose, CA, US). These transcripts
were then imported to NVivo (QSR International, Burlington, MA, US) for correction and
refinement. The resulting dataset comprised approximately 140,000 words.

In the early stages of this study’s design, Situation Awareness (SA) Theory was
identified as a suitable framework for investigating the dynamics between human
decision-makers and Al agents in organizations. However, as SA Theory has primarily
been applied in other fields, unique insights may emerge from applying it in our study’s
specific context. We adopted the Multi-Grounded Theory (MGT) method, which provides
a balanced approach between inductive and deductive reasoning in an iterative process,
making it possible for additional findings to emerge (Goldkuhl and Cronholm, 2010).

In line with MGT, our analysis included three grounding phases: empirical,
theoretical, and internal. To ensure a common understanding of coding requirements, two
researchers from the research team independently applied an inductive coding approach to
a subset of approximately 28,000 words ( 20% of the total dataset). Disagreements were
resolved through collaborative review to refine the coding rules. Following this phase, the
primary author continued with the iterative transcription and coding of the remaining data
using NVivo (QSR International, Burlington, MA, US).

The coding process followed the three steps of MGT:

1. Empirical Grounding (Step 1): Initial inductive coding was performed on the

dataset without reference to existing theories.

2. Theoretical Grounding (Step 2): The research team held periodic meetings to

review emergent codes and map them into the conceptual framework of SA theory.
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3. Internal Grounding (Step 3): This phase involved theory condensation, where
emergent codes that did not align with existing categories were evaluated to identify

potential theory expansions.

These three phases were conducted iteratively as data collection progressed.

1.4 Results

As this study’s research focus was on understanding the dynamics between human and
Al-systems during decision-making, we structure the findings in accordance with the
decision-making process model described by Endsley (1995, p. 35). More specifically,
we discuss the results concerning the three levels of SA (e.g., perception, comprehension,
prediction), and the subsequent decision stage within the decision-making process
(Endsley, 1995). Before addressing these factors, we first examine the emergent concepts

of continued evaluation of Al and meta-decision-making.

1.4.1 Decision-Making with AI Support and Meta Decision-Making

Participants described the Al system not merely as a tool, but as a counterpart within the
decision-making loop. Multiple participants explicitly referred to their interaction with
the system as a form of collaboration, describing it as performing part of the decision task

alongside them and characterizing the relationship as an active partnership:

'l do not have time to spend all day trying to write schedules, so I am
extremely thankful that it (the Al-powered SCM software solution) does the
most part of it right. I do love a system that does about 75% (of the work).

That collaboration is something that I am very thankful for.” — Participant 8

Participants described the Al system using language that framed it as an active
collaborator in the decision-making process. In these accounts, participants referred to

what the system “knows,” how it “perceives” changes in the environment, and the limits
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of what it takes into account, articulating expectations about the system’s handling of

information and its responsiveness to situational changes:

’We know that the system is intelligent enough to know when we need people

(at) what times... I know it keeps all those factors in mind.” — Participant 8

’Sometimes the planner does a prediction override because there is something
that the system cannot know, or the system needs some time to adjust. COVID

is a good example.” — Participant 11

’Sometimes we had to do an override, but it was because the model did not
see the right data. Then, we could see (that) over time, the system adjusted
and now we are doing more long-term overrides (rather than short-term).” —

Participant 9

"It fills the gaps based on the trends of our sales. For instance, back-to-school
sale...(or) Christmas, I know it (the system) keeps all that in mind, and that is

great” — Participant 8

In addition, participants described an ongoing process of evaluating how Al outputs
should be used in their decision-making activities. In these accounts, participants referred
to repeatedly assessing the system’s performance and reliability in order to decide when
to rely on Al-generated recommendations and when to intervene. This process aligns with
what we refer to as meta-decision-making, that is, a continuous process of “deciding how
to decide” (Kottemann, 1986).

Participants described using various methods to monitor Al performance over longer
time horizons, including retrospective comparisons between system outputs and realized

outcomes:

"We have a table where we keep track of these forecast predictions so later

on, in time, we can actually compare with actuals...” — Participant 9
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’We use an acceptance panel to review (Al) recommendations...It is not (a)
fully automated (process); each price proposal is verified by end users.” —

Farticipant 3

"We constantly look at the model quality, (by comparing) the forecasted
(sales) and the real (sales). We also analyze the data, maybe there was a
promotion, or (maybe) there were additional events like (an) external event

that the system does not know about.” — Participant 3

Participants most often described adjusting their engagement with the Al system
in situations where system outputs differed from their own contextual knowledge or
expectations. In these situations, participants reported making decisions about whether

to modify, suspend, or override the system’s involvement in the decision process:

’When we deliver (between) two countries with customs... I need to consider
when they (customs offices) are operating, modify the settings, and change
the status of my load to override (the Al recommendation).” — Participant

18

’...The system usually increases the prices before (Black Friday), because
it knows about the (upcoming) promotion. We switch it off for two weeks
because we do not want to increase the price right before Black Friday.” —

Farticipant 3

’Sometimes we have to cheat. We have to create a longer transit time, a longer

duration, or a shorter one.” — Participant 13

Participants described considering different aspects of the Al system when deciding
whether and how to delegate decision-making tasks, with these considerations varying
across stages of the decision-making process. To reflect this structure, the following
results sections are organized by the stages of the decision-making process and the

corresponding levels of Situation Awareness, as described by Endsley. Throughout the
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following sections, delegation refers not to the transfer of the entire decision-making
process, but to users’ meta-decisions to rely on the Al system for specific sub-decision-
making tasks associated with distinct levels of Situation Awareness or action selection.

The factors described by participants at each stage are summarized in Table 1.1.

Table 1.1: The factors influencing meta-decisions at various stages of decision-making.

Situation Awareness

Perceive Comprehend Predict Decide
(Level 1) (Level 2) (Level 3)
-Input data -Data volume

-User control | -Al transparency | -Al explainability | -Al interactivity
-Data volume | -Al configurability
-Task complexity
-User workload
-User perceptions of Al
-Task importance
-Presence of an exception in the environment

1.4.2 Meta-Decisions at the First SA Level

This section presents evidence from participants’ accounts of meta-decisions about
delegating perception of the environment to the Al system. In these accounts, participants
referred to three recurring aspects when discussing whether they relied on the system for
the initial perception of environmental elements: their assessment of the system’s input
data, the volume of data involved, and the extent to which they could control or adjust
the input data used by the system. The following subsections describe how participants

discussed these aspects in relation to delegation at the perception stage.

Input Data

Participants frequently referred to input data when describing whether they relied on the
Al system. Across interviews, participants discussed assessing the system’s perceptual
capability with respect to three aspects: the completeness and relevance of the data

available to the system, the alignment between the system’s input variables and their
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own contextual knowledge, and the extent to which the system could incorporate or
accommodate external, non-quantifiable information.

In these accounts, participants described modifying or withdrawing reliance on the
system at the perception stage when they perceived mismatches between the system’s
inputs and situational conditions. Participants referred to discrepancies involving tacit
knowledge, exceptional events, or external constraints as prompting closer scrutiny of the
system’s outputs. In such situations, participants described supplementing the system’s
inputs, overriding its recommendations, or bypassing the system in order to reconstruct

the decision process themselves:

’(Decision-makers) want to see every price because they are used to doing
that. They know they spend a lot of time, but they still want to continue.
They say—I want to look at each and every price, and if I am okay (with

that), I will go to the next step.” — Participant 4

’Sometimes there are also information that cannot be quantified, so the
system does not know about them... For example, we know about a special
event that will take place in the future... If the system recommends price

decrease for this item, we would reject such (a) proposal.” — Participant 3

In summary, considerations related to input data emerged as a recurring theme in
participants’ accounts of delegating perceptual sub-decision-making tasks to the Al
system, particularly regarding the alignment between system inputs and situational

conditions.

User Control on Input Data

Participants frequently referred to user control over input configuration when discussing
whether they relied on the Al system. In addition to the data available to the system,
participants emphasized the ability to adjust or supplement variables that shape how the

system represents the decision environment. In these accounts, limited configurability
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was described as making it more difficult to align the system’s representation with
contextual conditions known to users.

Participants described situations in which the system’s input configuration did not
reflect contextually relevant factors, such as employees’ experience levels, which affect
task duration and performance. In such situations, participants reported limiting reliance
on the system’s perception of the situation and taking a more active role in shaping the

decision process:

’I just heard ten new associates (just started), and they are not experienced.
So, I know that I can not look at the freight planning tool and put that exact
amount of people (based on what the planning tool says). I am going to
need a little bit more (associates) because they are going to be slower” —

Participant 8

Participants also described disengaging from Al-supported decision-making in
contexts where known exceptions or strategic considerations could not be reflected
through input configuration. In these situations, users suspended reliance on the system
for the decision at hand, citing misalignment between the system’s perception of the

environment and their own understanding:

"There are some circumstances that we make a business decision (to apply)
aggressive promotions due to market conditions, and we switch this (Al

forecasting) system off for this period.” — Participant 3

In summary, user control over input configuration emerged as a recurring theme in
participants’ accounts of delegating perceptual sub-decision-making tasks, particularly
in relation to aligning the system’s representation of the environment with contextual

knowledge.
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Data Volume

Participants frequently referred to data volume when describing whether they relied on the
Al system. Participants described situations in which the quantity of data required to form
an initial understanding of the decision environment exceeded what could reasonably be
processed through manual inspection. In these contexts, participants discussed relying on

the Al system to support perceptual awareness across large-scale datasets:

"I would never ask anyone to write schedules for (more than) 300 associates

without having a system like this.” — Participant 8

Participants further described Al support as particularly relevant when perception
involved aggregating and scanning large numbers of data points to identify patterns
or baseline conditions. Rather than processing individual data elements one by one,
participants referred to using the system to construct an initial representation of the

environment from high-volume inputs:

’...the granularity of the planning and the complexity of that...you are trying
to schedule physical trucks, loads, and drivers, and all that is very difficult to

do it manually at a large scale.” — Participant 12

’Having millions of items,... it becomes very difficult to do it manually. That
is where it (Al-driven decision support system) comes in. It automates the

manual task, and it is highly scalable.” — Participant 4

When contrasting current Al-supported practices with earlier manual approaches,

participants described limits in human processing capacity when data volumes were large:

"In the past, the product team responsible for pricing [was] able to analyze
thoroughly 100-200 items a few times a season... and they calculated the
best prices for other countries directly based on exchange rates. However, the

competition in other markets is different... so it was sub-optimal... Right now,
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they receive price proposals (from the system) for all items... in all markets,
and it takes them one hour a week to analyze... and make those decisions.’

— Participant 3

In summary, data volume emerged as a recurring theme in participants’ accounts of
delegating perceptual sub-decision-making tasks, particularly regarding the feasibility of

manually developing an initial understanding of the decision environment.

1.4.3 Meta-Decisions at the Second SA Level

This section presents participants’ accounts related to Level 2 Situation Awareness
(comprehension) elements during meta-decision-making. Across interviews, participants
referred to three recurring aspects related to the comprehension stage when discussing
reliance on the AI: the volume of information to be synthesized, the transparency
of the system’s internal logic, and the extent to which they could configure how
recommendations were generated. The following subsections describe how participants
discussed these aspects in relation to retaining or delegating responsibility for interpreting

Al-generated information.

Data Volume

As in the perception stage, participants described situations in which the amount
of information exceeded what could reasonably be processed manually. At the
comprehension stage, these accounts focused on integrating and interpreting large
numbers of system-generated recommendations rather than on perceiving individual data
elements.

Participants described situations in which the volume of recommendations constrained
their ability to systematically review and make sense of information within the available
time. In these contexts, participants referred to relying on the system to organize and

structure outputs in ways that supported situational understanding:
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’We do not analyze product behavior in time because... there are thousands of
proposals each week and (we have) only one hour... so we go through those
proposals, and usually we do it on product groups... (for example) we set
price decreases... then we see if there are any price increases and those can

be analyzed in more detail.” — Participant 3

Rather than engaging with each recommendation individually, participants described
a need for higher-level aggregation to guide interpretation and attention. When such
aggregation was unavailable, participants reported relying on their own heuristics to
decide where to focus their analysis and expressed a preference for summary views that

would facilitate understanding of the system’s representation of the decision environment:

'l see recommendations, for instance, a certain product category in (a) store
is having a low accuracy... (but) we have too many stores to actually bother
about... I think having an initial higher(-level) aggregated view on those
recommendations would help guide us about where we need to look. Now,
we just think ourselves what we want to check and whether we like what we

see.” — Participant 5

Participants also described operational contexts in which comprehension required
integrating multiple constraints and entities simultaneously. In these situations,
participants referred to the system’s ability to synthesize information across orders as

supporting their understanding of feasible solutions:

"(The system) allows the person in charge of the planning... to deal with
many, many orders and to be able to optimize the truck(s). (...) If I compare
it to another system... I will have to pick every order, one by one, and then
calculate myself what I will be able to put in each (truck)... (The strength of
the system is) that it can, if [ have... 100 orders, it will pick it all, and then
give me... five different (trucks) all (filled) with 100 (percent).” — Participant
18
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In summary, data volume emerged as a recurring theme in participants’ accounts of
delegating comprehension-related sub-decision-making tasks, particularly in the context

of integrating and interpreting large numbers of system-generated recommendations.

System Transparency

System transparency refers to "the understandability and predictability of the system"
(Endsley et al., 2003, p. 146). Prior work describes transparent systems as those that
allow users to understand the data sources and internal logic underlying system outputs
(Chen et al., 2014). In participants’ accounts, transparency was discussed in relation to
delegation to the Al system. These descriptions extended beyond perceiving information
to making sense of how Al-generated outputs were produced and how different factors
were combined in recommendations.

Participants referred to limited insight into the system’s internal logic when describing
challenges in interpreting Al outputs, particularly when recommendations diverged from
expectations or required justification. In these situations, participants described the
system as operating as a “black box,” which made it difficult to develop a coherent

understanding of how decisions were generated:

’So, from the point of view of the planner, I doubt they have this kind of
understanding, honestly. Ideally, the whole thing is happening in a black box,
as far as the decisions that are made on how the goods are transferred, which

goods are transferred first, and how trucks are packed.” — Participant 16

Participants also referred to transparency when discussing situations in which Al-
generated recommendations needed to be evaluated, explained, or defended. In these
accounts, requests for explanations were framed as a need for accessible descriptions of

how the system arrived at specific outcomes:

’...it was (the system had) very high-level (explanations). All it said was these

(are) your demand hours based on your trends, and these are the hours... I like
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to understand how things work. It helps me buy into the system and want to

work for the system and not push back.” — Participant 8

I would say the decision-maker gets the knowledge of the system to a
quite low extent, because there are so many factors affecting the final
price proposal. And sometimes it is difficult to explain why the system

recommended a particular price.” — Participant 3

"They (end-users) want us to tell them in very plain language "this is
the problem." Currently, when we are generating exceptions, they want to
understand what happens. They do not want a cryptic error.” — Participant

16

In contrast, participants also described situations in which the system’s logic was
sufficiently clear for them to follow how recommendations were constructed. In
these cases, participants referred to being able to integrate Al outputs into their own

understanding of the decision environment:

*...for all of these parameters, it (the system) tries to find solutions to load
on time, to deliver on time, to have food trucks, to find capacity. And, in the
morning, we will check if we have non-eligible nodes and try to find solutions

according to what we see.” — Participant 13

In summary, system transparency emerged as a recurring theme in participants’
accounts of delegating comprehension-related sub-decision-making tasks, particularly
regarding understanding how recommendations were generated and how multiple factors

were combined.

System Configurability

Participants referred to system configurability when discussing reliance on the Al system.

In these accounts, participants described not only the need to understand how the system
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interpreted information, but also the ability to adjust parameters or test alternative
scenarios in order to engage with how recommendations were produced. Participants
described using configurability to explore how changes in inputs were reflected in system
outputs.

Participants described the ability to modify model parameters as allowing them
to experiment with different scenarios and observe how recommendations changed in

response:

"The biggest value that the (Al-driven decision support system) brings is
quickly modeling it (a scenario) and then playing around with it, such as

changing parameters quickly and running it once again.” — Participant 4

Participants also discussed configurability in relation to transparency. They described
situations in which limited configurability constrained their ability to interpret system

outputs:

"We are not really configuring it because that is a given for us. In a way, it is

a black box.” — Participant 5

In summary, system configurability emerged as a recurring theme in participants’
accounts of delegating comprehension-related sub-decision-making tasks, particularly
in relation to engaging with how recommendations were produced through parameter

adjustment and scenario exploration.

1.4.4 Meta-Decisions at the Third SA Level

This section presents participants’ accounts related to the delegation of Level 3 Situation
Awareness (prediction) to the Al system. At this stage, participants described evaluating
how the system anticipated future states and outcomes, and they frequently referred to

system explainability when discussing these evaluations.
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System Explainability

Explainability refers to "the degree to which a human observer can understand the reason
behind a decision (or a prediction) made by the model" (Vilone and Longo, 2021, p. 91).
Unlike transparency, which relates primarily to the broader understanding of the system
and its underlying model, explainability focuses specifically on a given prediction and the
factors influencing that outcome.

Participants described a need to understand what triggered particular forecasts,
especially when Al-generated predictions diverged from their expectations. In these
situations, participants referred to seeking explanations that would allow them to assess

whether the system’s anticipated future states were reasonable:

"We still need to understand, in what scenarios, what is triggering this

forecast, which feels off (compared to our expectations).” — Participant 9

Participants also referred to explainability when discussing concrete recommenda-
tions, such as prices or resource allocations, that reflected the system’s predictions about

future conditions:

"It would be very useful to have some explanation on why a given product

has a specific price (recommendation).” — Participant 3

"...() definitely needed some more training on the understanding as to why

the system gave me 95 hours on a Monday.” — Participant 8

’...all these parameters say (to me), do not look at (the profit) margin, just
get rid of this item. And we see that the system still does not recommend
any price decrease... We do not understand why the system does not want to

decrease the price...” — Participant 3

In summary, system explainability emerged as a recurring theme in participants’ ac-
counts of delegating prediction-related sub-decision-making tasks, particularly regarding

the understanding and evaluation of Al-generated anticipations of future states.
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1.4.5 Meta-Decisions at the Decision/Action Selection Phase

The decision-making process described by Endsley (1995, p. 35) concludes with the
decision-action selection phase, in which a commitment is made to implement a chosen
course of action. Unlike earlier stages of situation awareness, which focus on perceiving,
interpreting, and anticipating aspects of the decision environment, this phase centers on
committing to an action.

In participants’ accounts, meta-decisions at this stage concerned whether to delegate
the final action to the Al system or to retain manual control over action selection.
The following subsections present participant accounts related to these meta-decisions,
including references to task importance, task complexity, user workload, exceptional

cases, system interactivity, and perceptions of Al decision performance.

Task Importance

Participants referred to task importance when discussing decisions about whether to
intervene in or delegate action selection to the Al system. In these accounts, participants
described considering the potential organizational impact and perceived risk associated
with a decision when evaluating Al-generated recommendations. Tasks perceived as
more consequential were discussed in relation to closer scrutiny of system outputs prior

to committing to action:

"Planners do not want to take the risk, especially with important products, es-
pecially if the order (suggested by Al) is way lower (than our anticipations).’

— Participant 9

Participants also described handling decisions perceived as less critical differently. In
these situations, participants referred to relying on Al-generated recommendations more

broadly, often evaluating them in aggregate rather than examining each case individually:

’Some products, less important products,... products with lower quantity, they

are accepted or rejected as a group of items. We spend more time analyzing
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the high-value products, newer products.” — Participant 3

"It is not that time-consuming to filter those less important items and decide

whether we accept (Al recommendations) or not.” — Participant 3

In summary, task importance emerged as a recurring theme in participants’ accounts of
final action selection with Al, particularly in relation to perceived risk and organizational

impact.

Task Complexity

Participants referred to task complexity when discussing decisions about whether to
intervene in or delegate final action selection to the Al system. In these accounts,
participants described their decision-making context as involving multiple interdependent
variables, requiring the construction of a comprehensive mental model of the decision
environment. This complexity was described as challenging for users’ own sensemaking

as well as for interpreting Al-generated recommendations:

’Modeling (the) complex reality is not always easy, and there is typically a

lot of discovery that has to happen.” — Participant 2

Participants also described situations in which decision contexts involved many
interacting factors, making it difficult to fully understand how specific recommendations
were produced. In these situations, participants referred to limitations in their ability to
develop a clear understanding of system outputs, even when collaborating closely with

system developers:

I would say the decision-maker gets the knowledge of the system to a
quite low extent, because there are so many factors affecting the final
price proposal. And sometimes it is difficult to explain why the system

recommended a particular price.” — Participant 3
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Task complexity was also described as interacting with system design in ways that

constrained users’ ability to safely intervene or configure the system:

It is complex to run. If you open one of those files and you change one
parameter without knowing what the impact is, you are likely to break it.” —

Participant 1

In summary, task complexity emerged as a recurring theme in participants’ accounts
of final action selection with Al, particularly in relation to assessing the consequences of

intervention.

User Workload

Participants referred to workload when discussing decisions about whether to delegate
final action selection to the Al system. In these accounts, participants described
situations in which the time and effort required to perform tasks manually exceeded
what they considered feasible given available resources and operational constraints. In
these contexts, participants discussed delegation to the Al system as a practical way of

managing workload demands:

'If (we) start doing this (task) manually, that is a couple of planners doing
that and creating multiple stops to make sure about the distribution of loads

across drivers... It can take (us) hours, or days.” — Participant 2

Participants also described situations in which high workloads constrained their ability
to manually execute or closely review decisions. In these accounts, participants referred

to accepting Al-generated recommendations when time constraints were salient:

I do not have time to spend all day trying to write schedules, so I am
extremely thankful that it (the Al-powered SCM software solution) does the
most part of it right.... that eliminates like (about) five hours of work I have

to do.” — Participant 8
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In addition, participants described certain tasks as effectively unmanageable without
Al support due to their scale or required responsiveness. In these cases, delegation was

described as necessary to maintain operational continuity:

I would never ask anyone to write schedules for 320 associates without

having a system like this.” — Participant 8

Some participants also referred to the system’s responsiveness in time-sensitive

contexts when discussing reliance on Al-generated outputs:

"For the short-term forecast, the responsiveness to what is actually happening
in the stores is really strong in that (Al recommender). That is something that

we would never have achieved manually.” — Participant 5

In summary, workload emerged as a recurring theme in participants’ accounts of
final action selection with Al, particularly in relation to managing time and resource

constraints.

Exceptional Cases

Participants referred to exceptional cases when discussing decisions about whether to
retain manual control over final action selection rather than delegating execution to the Al
system. In these accounts, participants described intervening manually when situations

fell outside the system’s expected scope or standard operating assumptions:

’We work mostly in automatic (mode), but sometimes the supply team sends
us some emergencies that are standby manual internal order forms. We work

in manual (in these cases).” — Participant 13

Participants described such cases as involving heightened specificity, urgency, or
constraints that the system did not readily accommodate. In these situations, participants
referred to manual intervention when the requirements of the task were not represented

within the system’s capabilities:
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’Another example, if I have some emergencies, I have to deliver less tires
than one full truck from one point to another. The system does not do that for

me, so in such cases, I do this load setting manually.” — Participant 18

Participants also discussed exceptional cases in relation to limitations in system
flexibility or access to relevant information. In these accounts, participants referred to
overriding Al-generated recommendations when decision contexts involved factors that

were not represented in the system’s inputs or fell outside its configurable parameters:

"The overrides we typically do are because the commercial department has
another idea than (the one) the system comes up with. It could be information
not represented in the input data, or it could be a forecast for over six months,

but we need to place orders now.” — Participant 7

In summary, participants’ accounts indicate that exceptional cases were frequently
discussed in discussions of final action selection, particularly when situations fell outside

the Al system’s standard operating conditions.

System Interactivity

Participants referred to system interactivity when discussing their engagement with
the AI system during the action selection phase. In these accounts, participants
described interactive interface features such as warnings, visual feedback, and adjustable
recommendations in relation to evaluating and refining Al-generated actions prior to

implementation:

"If T accidentally schedule someone seven days in a row, it is going to flag... |

do love those warnings and those reminders that it gives us.” — Participant 8

Participants also described interactive elements for assessing Al-generated recom-

mendations in real time. In these accounts, visual cues and feedback mechanisms were
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discussed as providing information about potential misalignments with operational con-

straints:

"It drops (schedules) as a suggestion and there is a graph on the bottom that
shows you based on trends of customers’ demand, and then it shows you if
you are either under the demand or over the demand for that day. You can go

along with that graph...” — Participant 8

Participants further referred to interactivity when describing opportunities to adjust

system settings and observe resulting changes before finalizing actions:

’As experiments, we also change some settings for selected stores or items
and then we decide whether we keep those new settings or we come with the

previous ones.” — Participant 3

In summary, system interactivity emerged as a recurring theme in participants’
accounts of final action selection with Al, particularly regarding the review, adjustment,

and confirmation of Al-generated actions.

User Perceptions of AI Decision Performance

Participants referred to their perceptions of Al decision performance when discussing
whether to delegate or intervene at the final action selection stage. In these accounts,
participants described monitoring system outcomes over time and reflecting on how Al-

generated decisions compared with actual results:

’...the system is providing recommendations for us to evaluate... We need
to have more cases where we also build trust to actually think the other way

around (having the task fully automated).” — Participant 7

Participants also discussed the importance of retrospectively evaluating Al decisions

by comparing system recommendations with realized outcomes. In these accounts,
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participants referred to the absence of structured mechanisms for such comparisons when

describing challenges in assessing system performance:

’(I) need to have a good, clever way of judging afterwards, who was right. I
think that would really help building the trust in the system.” — Participant
5

Participants further described situations in which repeated comparisons between their
own judgments and Al-generated decisions informed how they approached subsequent

action selection:

’And if I see afterwards that I was totally wrong and the system was right,
after two or three times I would say, ‘Okay, I will not bother and just let the

system do its work.” — Participant 7

Participants also referred to maintaining informal or self-developed tracking mecha-

nisms to support these comparisons over time:

"We do have a table where we keep track of these forecasts, so later on we

can compare with actuals and calculate our own measures.” — Participant 9

In summary, perceptions of Al decision performance emerged as a recurring theme in
participants’ accounts of final action selection with Al, particularly in their reflections on

past outcomes and in comparisons of Al-generated decisions with realized results.

1.5 An Extended Process Model of Decision-Making
with Al

Our analysis enabled us to map participants’ accounts of human-Al interaction onto the
stages of the decision-making process. Using SA as an organizing lens, we examined

how users described their perceptions, comprehensions, and predictions of the decision
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environment when working with Al-driven decision support systems. At the same time,
applying this lens revealed limits of the existing SA decision-making model (Endsley,
1995, p. 35), which is primarily centered on a single human decision-maker and does not
explicitly account for the ongoing involvement of Al systems in these processes.

Mapping the empirical data into the SA framework highlighted three interrelated
theoretical insights that refine how decision-making unfolds in Al-supported contexts.
First, participants’ accounts indicate that users reason about Al systems by forming
working assumptions about what the system is aware of at different stages of the
decision process. Second, the analysis revealed that situation awareness in human-Al
decision-making is bidirectional between the user and the system. Users continuously
adjust their own understanding based on Al outputs while also reshaping the system’s
contextual awareness through input data manipulation, model configuration, and decision
intervention. Third, these interactions are governed by an ongoing layer of meta-decision-
making through which users assess the alignment between their own situation awareness
and their understanding of the system’s awareness, and regulate the delegation of sub-
decision tasks accordingly.

Together, these insights suggest that Al-supported decision-making can be concep-
tualized as a dynamic process in which situation awareness is distributed, compared,
and updated over time between the human and Al, rather than as a static allocation
of responsibilities. To capture this dynamic, we develop an extended process model
that incorporates both user situation awareness and users’ interpreted representations of
system situation awareness, and the meta-decision-making processes that connect them.
In the following subsections, we elaborate on these insights and clarify how they extend

the model of situation awareness in dynamic decision-making (Endsley, 1995, p 35).

1.5.1 Attributed System SA

Our analysis reveals that users engage with Al-supported decision-making by forming

working assumptions about what the Al system is aware of at different stages of the
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decision process. When mapping participants’ accounts onto SA theory, we observed
that users repeatedly described the system in terms that implied assessments of what it
“knows,” what it “takes into account,” and what it can or cannot anticipate, for example
when explaining why they trusted a recommendation in routine cases but intervened when
contextual factors were, in their view, not “known” by the system. Participants also
referred to the system as “learning” shifts in contextual factors that affect their decisions,
particularly when describing changes in system behavior over time. These descriptions
do not indicate that users view Al systems as autonomous decision-makers, but rather that
they construct interpretive representations of the system’s awareness in relation to the task
at hand.

This observation suggests extensions to the application of SA theory in Al-supported
contexts. In its original formulation, SA denotes a cognitive state achieved by a human
decision-maker through the perception, comprehension, and projection of environmental
elements (Endsley, 1995). In the context of Al-supported decision-making, however,
users appear to reason not only about their own situation awareness but also about the
system’s perceived awareness, inferred through its inputs, outputs, and behavior. Prior
research in psychology and human-Al interaction has noted that users develop mental
models of intelligent systems to interpret and anticipate their behavior (Bansal et al., 2021;
Norman, 1988). Our analysis suggests that such mental models can be represented along
the same dimensions that organize human SA, allowing users to reason about the system’s
perceived perceptual scope, its interpretive logic, and its anticipatory capacity.

Importantly, this attributed system situation awareness is not treated by users as fixed
or complete. Instead, it is continuously evaluated against contextual conditions, task
demands, and observed system performance. When users perceive gaps between their
own understanding of the situation and their interpretation of the system’s awareness,
they adjust their interaction with the Al, including whether they rely on, build upon, or
override its recommendations. This insight extends SA theory by highlighting that, in
Al-supported decision-making, situation awareness moves beyond being an individual

cognitive achievement and also serves as an interpretive reference point against which
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users assess the appropriateness of delegating specific sub-decision tasks to the system.

1.5.2 Bidirectional Adjustment of User and System SA

Our analysis indicates that ongoing, bidirectional information transfers and adjustments
characterize the interaction between users and Al systems during decision-making. Users
did not describe their engagement with the system as simply receiving and acting
upon Al-generated outputs. Instead, they referred to repeatedly interpreting system
recommendations, modifying inputs or parameters, and intervening in the system’s
operation in response to contextual changes or perceived misalignments. For example,
participants described revising their own understanding of demand patterns or operational
constraints after reviewing system-generated forecasts, and reported instances in which
they altered input data, adjusted parameters, or temporarily disabled automated functions
when the system’s recommendations conflicted with situational knowledge. These
accounts suggest that human-Al interactions involve a series of adjustments to both users’
situation awareness and the system’s representation of the decision environment.

From a theoretical perspective, this pattern highlights a possible extension to how
SA operates in Al-supported decision-making. In the SA theory, situation awareness
is updated as new information is perceived and integrated by the decision-maker
(Endsley, 1995). We found that in Al-supported contexts, users similarly revise their
situation awareness through exposure to Al-generated summaries, recommendations, and
projections, for instance, by reassessing their interpretation of trends or future conditions
in light of system outputs. At the same time, users actively reshape the system’s
contextual awareness through operational mechanisms such as input modification,
parameter configuration, recommendation overrides, or temporary suspension of system
functions, particularly when they believe contextual factors are not adequately reflected
in the system’s inputs. By altering the scope and structure of the information the system
processes, users described influencing the system’s subsequent outputs.

This bidirectional adjustment process has implications for theorizing decision-making
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with Al Rather than treating situation awareness as a state achieved solely through
the perception of external cues, the findings suggest that awareness is also updated
through continued evaluation of, and interaction with, the Al system itself. As users
revise their understanding based on system outputs while simultaneously intervening
in the system’s operation, situation awareness becomes relational and dynamic. When
users perceive a misalignment between their own understanding of the situation and the
system’s representations, this misalignment creates tension that motivates reassessment
and intervention (Jiang et al., 2021). This ongoing adjustment creates the conditions
under which users engage in higher-order evaluations of when and how to rely on the
Al, thereby motivating the meta-decision-making processes discussed in the following

subsection.

1.5.3 Meta-Decision Making

Meta-decision making, or the act of "deciding how to decide" (Kottemann, 1986), emerges
in this study as a key regulatory mechanism in Al-supported decision-making. While
prior work conceptualizes meta-decision-making as the selection of decision strategies,
information sources, or analytical techniques, our analysis indicates that, in AI-supported
contexts, meta-decision-making extends to the ongoing evaluation of the Al system’s role
within the decision process itself. Users continuously assess whether, when, and to what
extent specific sub-decision tasks should be delegated to the Al, retained under human
control, or reclaimed following intervention.

When examined through the SA lens, meta-decision-making operates by regulating
the distribution of SA sub-tasks across perception, comprehension, and prediction stages,
as well as the final sub-task of decision or action selection. Users maintain their own
situation awareness while simultaneously forming and updating an interpretation of the
system’s awareness. For example, participants described delegating perceptual sub-tasks
to the AI when large volumes of data made manual scanning infeasible, relying on the

system to surface relevant signals or baseline conditions. On the other hand, users also
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described cases where they rejected the system’s comprehension when its representations
conflicted with contextual knowledge, leading them to disregard the system’s framing of
the situation and reconstruct their own understanding before proceeding.

Meta-decisions occur as users assess the alignment between these two forms of
awareness and determine how responsibility for specific stages of the decision process
should be allocated. These assessments are shaped by users’ ability to interpret
how the system represents the decision environment, to understand the basis of its
recommendations, and to intervene when relevant contextual elements are not reflected in
the system’s inputs. As a result, meta-decision-making happens continuously alongside
the primary decision process rather than as a discrete step. The notion of meta-decision-
making reframes delegation in Al-supported decision-making at a more granular level and
in an ongoing manner, rather than as a binary, one-time decision. Users do not decide once
whether to rely on the Al; instead, they repeatedly recalibrate delegation in response to
contextual changes, perceived system limitations, and prior outcomes. The process model
shown in Figure 1.1 extends the model of situation awareness in dynamic decision-making
(Endsley, 1995, p. 35) into human-Al interaction by representing users’ attributed system

SA, bidirectional adjustments, and the continuous meta-decision-making processes.
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Figure 1.1: The process model of a user’s decision to automate a complex decision-making task.




1.6 Discussion

In this study, we examined human-Al decision-making in complex organizational
contexts through the lens of SA. Drawing on qualitative evidence from semi-structured
interviews with professionals engaged in Al-supported decision-making, we proposed an
extended process model that conceptualizes decision-making as an interactional process
involving users’ situation awareness, their interpretation of system awareness, and a
continuous meta-decision-making regarding task delegation. In this section, we discuss
the implications for research and practice on human-Al interaction in organizational

decision-making.

1.6.1 Implications for Research

This study extends the model of SA in dynamic decision-making to Al-supported
decision-making by moving beyond its focus on a single human decision-maker. In
its original form, SA is conceptualized as an internal cognitive state achieved through
perception, comprehension, and projection of environmental elements. Our findings
suggest that, in Al-supported contexts, users reason not only about their own situation
awareness but also about what they interpret the Al system to know, understand, and
anticipate. We conceptualize this interpretive process as attributed system situation
awareness, which is grounded in users’ accounts of how they assess the system’s inputs,
representations, and outputs. This extension makes it possible to account for decision-
making contexts in which intelligent systems participate in sensemaking without being
treated as autonomous cognitive agents.

Another contribution of this study is the conceptualization of meta-decision-making
as a continuous regulatory mechanism in human-Al decision-making. Rather than
framing meta-decision-making solely as the selection of decision strategies or analytical
techniques, our findings show that users engage in ongoing evaluations of how
responsibility for specific sub-decision tasks should be distributed between themselves

and the AI system. Through this regulatory process, users selectively delegate, reclaim,
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or retain control over the perception, comprehension, prediction of the context, and the
subsequent action-selection sub-task. Delegation is therefore not binary or static, but a
dynamic outcome of a continuous evaluation process.

The findings further highlight the dynamic, interactive nature of situation awareness
in Al-supported decision-making. Our analysis shows that users continuously revise their
situation awareness not only through the perception of external cues, but also through their
interaction with the Al system itself. Users update their understanding of the decision
environment by engaging with system recommendations and explanations. At the same
time, they intervene either by reshaping the system’s awareness through modifying
inputs or adjusting parameters, or by adjusting the system’s involvement by overriding
recommendations or suspending system functions when contextual elements are not
adequately reflected. This bidirectional adjustment process suggests theorizing reliance
on Al as an interactive, process-oriented aspect of Al-supported decision-making, in
which awareness is continuously co-constructed through ongoing human-AlI interaction.

The extended process model developed in this study highlights several future research
opportunities on human-Al interactions. First, future research can build on the concept of
attributed system SA by examining how users form, update, and revise their understanding
of what an Al system knows, understands, and anticipates. Experimental studies could
manipulate the visibility of system inputs, intermediate representations, or predictive
outputs to assess how such cues shape users’ assessments of system awareness. Through
these designs, researchers could test how variations in perceived system SA influence
delegation decisions and subsequent human-Al interaction behaviors.

Second, the notion of bidirectional adjustment highlights the potential in studying
human-Al interaction as a coupled system. Experimental approaches could systematically
vary users’ ability to intervene in system operation, such as modifying inputs or overriding
recommendations, to observe how these actions affect subsequent user behavior and
interpretations of system awareness. Such experimental designs would make it possible
to identify key Al configuration features that are beneficial in shaping decision outcomes

in human-AlI interactions.
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Finally, the notion of meta-decision-making in human-Al interaction suggests that
future studies could operationalize delegation as a sequence of decisions observed across
evolving task conditions, rather than a single outcome. Experiments could vary contextual
stability, task complexity, or the availability of intervention mechanisms to examine how
users recalibrate delegation over time and how these recalibrations relate to changes in
attributed system SA. Such designs would help clarify the factors influencing the decision

between delegating to Al or intervention.

1.6.2 Implications for Practice

By conceptualizing decision-making as an interactional process involving attributed
system situation awareness and continuous meta-decision-making, the model developed
in this study suggests that effective human-Al interaction depends not only on improving
algorithmic performance but also on supporting users’ ability to perceive, comprehend,
and predict system states and regulate delegation over time.

From a system design perspective, this implies that Al systems should be designed
to accommodate selective and reversible delegation of decision-making sub-tasks, rather
than assuming stable patterns of reliance. In practice, users require opportunities to assess
how the system represents the decision environment at different stages, including what
information it uses, how it models and interprets external reality, and how it generates
predictions regarding future states. Interfaces that make these aspects visible and support
users in evaluating whether the system’s awareness aligns with situational conditions and
task demands.

The model also highlights the importance of supporting user configuration of Al
during decision-making. In organizational settings, users may encounter contextual
factors that evolve over time or fall outside the system’s initial scope. Systems that allow
users to intervene, adjust, and configure Al-generated recommendations enable users to
reshape the system’s awareness when needed, rather than forcing either acceptance or

complete rejection of system outputs. Allowing users to configure Al with respect to the
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input data used, the selected model of reality, and the generation of predictions would
support ongoing regulation of delegation and reduce the need for manual takeovers.
Finally, the continuous nature of meta-decision-making highlights the value of treating
human-AlI interaction as an ongoing process rather than a sequence of isolated decisions.
In practice, this suggests that organizations may benefit from monitoring how users
engage with Al systems over time, including patterns of intervention, reliance, and
recalibration. Viewing these interactions as signals of alignment or misalignment between
user and system awareness can inform when users need detailed explanations or when
Al systems need to be updated or reconfigured. However, such monitoring should rely
on optional functionality that gives users complete control over their personal data and

privacy settings.

1.6.3 Limitations

This study has several limitations that define the scope within which its findings should
be interpreted. First, the analysis is based on qualitative data from a single application
domain, namely Al-supported decision-making in SCM. While this context provides a
rich setting for examining various dynamic decision-making processes, the specific tasks,
organizational structures, and forms of Al use may differ from those in other domains.
Accordingly, the extended process model should be understood as empirically grounded
in this context and therefore, future evaluations in other contexts may be needed for
ensuring generalizability.

Second, the study relies on participants’ retrospective accounts of their interactions
with Al systems rather than direct observation of decision behavior. Although these
accounts provide valuable insight into how users interpret system behavior and reason
about delegation, future research could complement this perspective with observational
or behavioral data to further examine the phenomenon identified in this study.

Finally, this study focuses on experienced users who regularly engage with Al-

supported decision systems. The dynamics of attributed system situation awareness and
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meta-decision-making may differ for novice users or those in early stages of system
adoption. Accordingly, the findings may be less applicable to settings where users have

limited familiarity with the system or where decision-making practices are still emerging.

1.7 Conclusion

This study contributes to research on human-Al interaction in organizational decision-
making by extending the situation awareness theory to account for continuous interactions
with intelligent systems. By identifying the concepts of attributed system situation
awareness and meta-decision-making, the study conceptualizes decision-making with Al
as an interactional process in which users actively regulate task delegation across stages
of perception, comprehension, prediction, and action.

The proposed process model reframes delegation to Al as a dynamic process,
highlighting how users continuously assess and recalibrate their interaction with Al
systems in response to contextual conditions and system behavior. In doing so, the
study advances a process-oriented perspective on human-Al interaction that complements
existing cross-sectional views of Al use. Together, these contributions provide a
theoretical lens for future research examining how situation awareness is constructed and

managed across human and system boundaries during decision-making with Al.
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Chapter 2

Exploring the Impact of Generative Al
Transparency and Explainability on

Decision Performance

Abstract

As organizations continue to explore the integration of generative Al (GenAl) assistants
into their enterprise decision support systems, understanding their impact on users’
attentional processes and decision performance has become essential. Drawing on
the Situation Awareness (SA) model and from eye-tracking methodology, the paper
investigates how transparency and explainability in GenAl-generated outputs affect

users’ perceived understanding, confidence in the GenAl assistant, and information

This chapter includes an original and unpublished research work conducted by Burak Oz; with
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processing efficiency during decision-making tasks. A within-subjects experiment using
a business decision-making simulation embedded within a real-life ERP interface was
conducted with 57 participants. During the decision-making task, participants interacted
with GenAl assistants with various levels of transparency and explainability across
multiple, sequential decision cycles. Results show that both features improve perceived
understanding; however, they act as imperfect substitutes, with no additional benefit
when both are present. Eye-tracking analyses reveal that transparency and explainability
significantly affect users’ attention shift rates, operationalized as saccadic eye movements
between the decision interface and the GenAl interface. The attention shift rate declines
across trials, with transparency leading to a faster reduction than explainability. The
paper’s findings offer design implications for building GenAl assistants and represent
an initial step for attention-aware GenAl systems that adapt to users’ understanding and

attentional states during iterative interactions.

2.1 Introduction

Recent generative Al (GenAl) implementations have showcased the potential of such
systems in novel human-computer interaction paradigms based on natural language
(Feuerriegel et al., 2024). This transformative potential has quickly extended into
the business world, where organizations are increasingly exploring GenAl to support
complex decision-making processes. A key sign of this trend is the emergence of
GenAl assistants: conversational systems specifically designed to aid decision-makers
by answering questions and offering recommendations or insights derived from task-
specific training datasets. Since late 2022, major software providers have begun piloting
GenAl assistants in business applications across diverse domains (Budhwar et al., 2023;
Roy et al., 2023; Suda and LeHong, 2025; Sellen and Horvitz, 2024), with notable
early implementations including GitHub Copilot for code generation (Dohmke, 2023),
Microsoft Office Copilot for spreadsheet analysis (Microsoft, 2024), and SAP Joule and
Salesforce X-Gen for analytics and reporting (SAP, 2024; Yavuz et al., 2024). Industry
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forecasts suggest rapid growth, with one survey reporting GenAl assistants as the most
commonly piloted GenAl use case in organizations in 2023 (Gabriele Rigon et al., 2024),
and projections indicating that by 2027, more than 50% of enterprise GenAl deployments
may fall into this category (Chandrasekaran et al., 2024). Despite this high enthusiasm
and interest, the actual performance benefits and optimal ways to leverage these tools are
yet to be fully known (Simkute et al., 2024).

Although GenAl assistants share some similarities with other Al tools in business
settings, their interaction model introduces new challenges. Unlike structured systems
with defined input-output flows, these assistants create a layer of engagement that includes
secondary tasks such as prompt engineering, output verification (hereafter referred to as
verification behavior), follow-up prompting, and deciding whether further clarification
is needed (Jiang et al., 2022; Prather et al., 2023; Simkute et al., 2024; Tankelevitch
et al., 2024). These secondary tasks effectively represent an additional cognitive layer, as
they involve managing an agentic entity through natural language, and this engagement
with an additional cognitive layer occurs whether the GenAl assistant functions as a
complementary tool or is more deeply integrated into the user’s primary task interface.
Consequently, users of GenAl assistants must shift their attention not only across interface
elements but also between different cognitive processes. When combined with GenAl’s
potential to produce factual errors, inconsistencies, and hallucinations (Banh and Strobel,
2023; Feuerriegel et al., 2024; Sollner et al., 2025), this iterative nature involving
cognitive task switches between GenAl-related secondary tasks and the primary task
can negatively impact decision performance. To understand how these challenges can
be mitigated, we turn to the literature on automation in dynamic settings.

In dynamic organizational settings, decision-making often involves monitoring
evolving task elements, updating mental models, and anticipating future states. The
Situation Awareness (SA) model (Endsley, 1995), which has been widely used to explain
performance in complex automation environments that demand sustained attention and
adaptation, offers a useful lens for examining this context. In this literature, transparency

refers to a system’s "abilities to afford an operator’s comprehension about an intelligent
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agent’s intent, performance, future plans, and reasoning process" (Chen et al., 2014, p. 2).
Explainability, by contrast, is "the degree to which a human observer can understand the
reason behind a decision (or a prediction) made by the model" (Vilone and Longo, 2021, p.
91). Prior research suggests that when users understand how and why recommendations
are produced, they are more likely to make informed judgments, detect system errors,
and calibrate their confidence in the model appropriately (Bansal et al., 2021). These
factors are presumed to be important not only for user confidence and understanding
but also for optimizing decision performance when using GenAl assistants. However,
in the context of GenAl assistants, increasing transparency and explainability introduces
a design trade-off as both tend to lengthen the GenAl responses. Although these features
aim to improve understandability, they also place greater demands on users’ attention by
requiring them to parse and verify longer text sequences. As GenAl assistants are intended
for use by decision-makers in continuously evolving environments involving similar
decisions across changing contexts, investigating the immediate and longer-term effects
of transparency and explainability on perceived understanding and decision performance
becomes critical for informing GenAl assistant design. Such an investigation would
also respond to recent calls for research on design characteristics that enable successful
conversational systems (Janssen et al., 2020), explanations and interpretability techniques
that shape user experience (Bauer et al., 2021; Maedche et al., 2019), and system features
that optimize human-Al interaction in organizational decision-making contexts (Sollner
et al., 2025).

Users’ ability to understand Al outputs is dependent on system design (Kruschel et al.,
2025; Pfeuffer et al., 2023); but it is also constrained by user characteristics, which include
their past experience with the tool, available cognitive resources and attentional capacities
(Gnewuch et al., 2022). In environments where attention is limited, the format and volume
of Al-generated content may unintentionally hinder understanding. As shown in the case
of dashboards that overwhelm users with visual complexity (Schulz and Knierim, 2024),
lengthy textual outputs from GenAl assistants may lead to distraction, disengagement, or

overlooked errors. Maintaining SA under these conditions requires users to continuously
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balance the cognitive demands of interpreting GenAl outputs with monitoring the broader
task context. However, capturing how attention and understanding evolve in real-time is
methodologically challenging. Self-reports, though widely used, provide limited insight
into moment-to-moment shifts in attention and are poorly suited for studies involving
repeated, continuous interaction.

To address this challenge, we employ eye-tracking as a non-intrusive, real-time
method for measuring users’ information processing behavior. Eye-tracking data can
reveal immediate shifts in gaze and attentional focus that occur as users interact
with GenAl assistants, offering insight into how attention supports understanding and
decision-making. By combining eye-tracking with self-reports and behavioral data, this
study examines how transparency and explainability influence users’ understanding and
attention allocation over time. Based on these goals, we ask the following research

questions:

* RQI. How do transparency and explainability of GenAl assistants influence users’

perceived understanding and confidence in the GenAl assistant?

* RQ2. How do transparency and explainability influence users’ information

processing efficiency while interacting with GenAl assistants?

To address these questions, a controlled multi-trial experiment was conducted in
which participants repeatedly engaged with a business decision-making simulation
scenario.  This scenario involved a sequential multiple decision-making process,
where each decision was a prediction and directly influenced subsequent outcomes.
Participants observed the results of their decisions after each trial, advancing through
a simulated timeline. The experimental task was designed to simulate a realistic,
repeated decision-making environment within a real-world enterprise system. This setup
mimicked the interconnected and time-dependent nature of decisions in organizational
settings, allowing participants to observe the outcomes of their prior actions and adjust

their subsequent behavior in a continuous flow. Given the persistent challenge of
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achieving ecological validity in eye-tracking research (Balapour and Riedl, 2025), this
business decision-making simulation environment provides a task framework that enabled
continued participant engagement across dynamic decision cycles.

This study offers four key contributions. First, it defines and operationalizes
transparency and explainability within the context of GenAl assistants embedded
in enterprise decision support systems. Second, it demonstrates a methodological
approach for evaluating human-Al interaction by embedding a GenAl assistant into
a real-life ERP system to create an ecologically valid research setting using publicly
available tools. Third, it empirically demonstrates how system design influences users’
perceived understanding, information processing efficiency, and decision performance in
a repeated-use setting that simulates the temporal dynamics of organizational decision-
making. Finally, by identifying eye-tracking metrics that correlate with users’ perceived
understanding and confidence in the GenAl assistant, this study establishes a foundation
for the development of GenAl systems that can dynamically adapt their output complexity

based on real-time indicators of users’ attentional states and cognitive needs.

2.2 Background

2.2.1 Artificial Intelligence and Organizational Decision-Making

Organizational decision-making has long relied on information systems (IS) to support
planning, coordination, and operational efficiency. Early IS solutions focused on
automating transactional functions such as order processing and record-keeping (Stevens,
1989). Over time, these systems evolved into integrated platforms such as Enterprise
Resource Planning (ERP) systems, which synchronize planning, procurement, and
resource allocation across functional units and organizational boundaries (Klaus et al.,
2000; Lefebvre et al., 2003; Monden, 2011).

More recently, advances in data availability and computational power have enabled

the application of artificial intelligence (Al) to support complex organizational decisions.
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Al systems now assist with tasks such as forecasting, optimization, anomaly detection,
and operational risk assessment (Agrawal et al., 2024; Sebastian and Draper, 2024;
Sharma et al., 2022). These applications have demonstrated benefits in cost reduction,
performance improvement, and increased transparency. For example, organizations use
Al to optimize workflows (Cain, 2022), detect external disruptions (Wong et al., 2022),
and anticipate resource needs using contextual information (Mediavilla et al., 2022; Nair
and Saenz, 2024).

However, recent events have revealed critical limitations of Al in high-stakes decision
contexts. Disruptions such as the global chip shortage and supply constraints in various
industries have shown that AI models often underperform in the face of non-routine,
ambiguous, or novel situations (Pettit et al., 2019). These failures emphasize the need
for human flexibility and contextual reasoning in such contexts, and they point to a gap in
current human-Al interaction models.

Al adoption has also reshaped the role of decision-makers. Instead of producing
decisions autonomously, professionals are increasingly tasked with evaluating and
refining Al-generated outputs (Faraj et al., 2018; Sharma et al., 2022; Toorajipour et al.,
2021). This shift imposes new cognitive demands and highlights the importance of Al
literacy, data fluency, and critical thinking as key organizational competencies (D1 Battista
et al., 2023). The integration of GenAl assistants further increases the need to understand
how humans interact with Al in decision-making roles (Shareef and Picek, 2024).

Taken together, these developments highlight the importance of examining the design
and use of GenAl systems from a human-centered perspective in organizational decision-
making contexts and examine how they impact users’ cognitive load, information

processing efficiency, and decision performance.

2.2.2 Human-Al Interaction and the Situation Awareness Model

The increasing integration of Al into complex decision-making environments has led to

growing interest in understanding how human and Al agents can collaborate effectively.
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In organizational settings, this shift is not merely about automating routine tasks but
about enabling decision-makers to interact meaningfully with intelligent systems that
generate insights, forecasts, and recommendations (Faraj et al., 2018). As users are
expected to assess the validity of Al outputs and determine when and how to act on
them, fostering effective human-Al interactions becomes a critical design and research
challenge (Agrawal et al., 2024). Research findings regarding the chatbots have made
researchers realize that intelligent, conversational system designs are not only a technical
challenge but also a design of an interaction process that is closer to a human-human
communication than previous human-computer interaction paradigms (Gnewuch et al.,
2022; Pfeuffer et al., 2019).

So far, human-Al interaction studies reveal conflicting evidence on how Al-powered
decision support systems influence decision performance and how they are perceived by
their users (Bansal et al., 2021; Lai and Tan, 2019; Rolon-Merette et al., 2025). While
some highlight underreliance by expert decision-makers (Allen and Choudhury, 2022;
Dietvorst et al., 2015; Kesavan and Kushwaha, 2020), others point to an overreliance
(Anaraky et al., 2020; Merritt et al., 2019). These conflicting findings highlight the
complexity of human-Al interactions and suggest a need for a better understanding of
the factors influencing user reliance on Al.

A promising theoretical lens for examining these interactions is the Situation
Awareness (SA) model, originally developed to explain human performance in high-
stakes, dynamic environments such as aviation and military operations (Endsley, 1995).
With its clear structure and domain-general applicability, the SA model has been useful
in explaining human-automation interactions in various complex systems, including
automation and Al (Endsley et al., 2003; Endsley, 2021). Its foundations in the human-
automation interaction field make it a relevant framework for examining human-Al
interactions in modern decision support settings (Endsley, 2023). SA is defined as
“the perception of elements in the environment within a volume of time and space, the
comprehension of their meaning, and the projection of their status in the near future”

(Endsley, 1995, p. 1). SA is characterized by three levels: (1) perception of relevant
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contextual elements, (2) comprehension of the current situation based on those elements,
and (3) projection of future events based on that understanding.

Although initially developed to explain pilots’ interactions with flight automation
systems, the SA model’s relevance has expanded to socio-technical systems involving Al
(Jiang et al., 2023; Endsley, 2023). In such systems, users must make sense of not only the
decision context but also how and why the Al system behaves in a particular way. To reach
Level 3 SA in these systems, users must first perceive and comprehend both the decision
context and the AI’s functioning, and then use that understanding to form expectations
about the system’s likely future actions. This view provides a comprehensive framework
for identifying the types of information users may seek from Al-powered decision support
systems to better understand the system.

SA shares conceptual alignment with broader theories of human information
processing that describe how individuals perceive stimuli, allocate attention, and encode
information into memory for reasoning and decision-making (Wickens et al., 2021; Card
et al.,, 1986). Similar to SA’s levels, these information processing models distinguish
between pre-attentive perception, goal-directed attention, working memory constraints,
and long-term knowledge retrieval (Healey and Enns, 2011). In both perspectives,
attention is treated as a limited resource, and effective decision-making depends on how
well users can filter and process relevant cues. The information processing model has been
used in past eye-tracking research to study how visual design influences users’ decision-
making process (Toreini et al., 2022). Combined together, these cognitive models can
help explain how GenAl interaction design might influence SA and reduce decision
performance.

We now focus on two key system characteristics that have the potential to shape users’
ability to understand Al: transparency and explainability. In accordance with the SA
model and its three levels, we adopt the definition of transparency from the automation
literature using the SA model as a theoretical lens. Accordingly, transparency refers to
the system’s “abilities to afford an operator’s comprehension about an intelligent agent’s

intent, performance, future plans, and reasoning process” (Chen et al., 2014, p. 2). It
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primarily supports Level 1 and Level 2 SA by helping users perceive what the system is
doing and comprehend why it operates in a particular way. For example, a transparent
GenAl assistant might disclose its data sources, modeling approach, or past prediction
performance, all of which are details helping users to form a coherent mental model of
the system. Transparency can also support Level 3 SA when it reveals stable reasoning
patterns or predictive logic that helps users anticipate the system’s behavior under new
conditions.

Explainability, by contrast, is defined as “the degree to which a human observer can
understand the reason behind a decision (or a prediction) made by the model” (Vilone and
Longo, 2021, p. 91). This definition, proposed following a comparative synthesis of the
term’s usage across disciplines, provides a clear and generalizable conceptualization that
helps distinguish explainability from transparency. According to this view, explainability
focuses on individual outputs, contributing to Level 2 SA by helping users grasp why a
particular recommendation was made and supporting Level 3 SA by identifying which
input factors might influence future outputs. In highly transparent systems, explainability
can be implemented by highlighting factors that led to a given recommendation (e.g.,
feature coefficients in a regression model). In less transparent systems based on
complex models such as large language models or neural networks, explanation is often
approximated using local, post-hoc interpretability techniques. Two widely used methods
are LIME (Local Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016) or
SHAP (SHapley Additive exPlanations) (Lundberg and Lee, 2017). These tools simulate
local model behavior to generate explanations of how the assistants’ recommendations
might change in response to variations in key inputs.

Both of these mechanisms aim to improve interpretability, a feature demanded by
decision-makers using Al-powered decision support systems (Diederich et al., 2020;
Landwehr et al., 2022). While these mechanisms are designed to improve users’
understanding of GenAl behavior, they also introduce a design trade-off. Providing
both transparency and explainability information would result in longer, more complex

GenAl responses. Although the additional details in GenAl responses may enhance user
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confidence and decision performance, continued exposure to lengthy GenAl responses
may also increase the attention demanded by the GenAl assistant. Attentional demands
are already higher than human capacity in today’s complex and time-constrained decision-
making environments. Therefore, GenAl assistants create a tension between the increased
text volume and the cognitive costs associated with processing more detailed outputs.

In decision-making contexts involving GenAl assistants, users must navigate both
task-relevant information and system-generated outputs. Visual attention is central
to developing SA, particularly in terms of perceiving system outputs (Level 1 SA)
and forming a coherent mental model (Level 2 SA). As the workflow imposed by
GenAl assistants force users to engage in a multitasking situation where they have
two information systems to interact, i.e., the actual decision support system and the
GenAl assistant, understanding how the design of a GenAl assistant impacts users’
attention allocation becomes critical for supporting their situational awareness and

decision performance.

2.2.3 Human-AlI Interaction and Eye-Tracking Research

As indicated by the SA model, gathering and combining information from sensory
systems is a critical first step in developing an understanding of both the environment and
the Al-based decision support system in human-Al interaction scenarios. In information-
rich digital decision-making contexts, examining user attention becomes important for
understanding how information is gathered and processed by decision-makers. Attention
enables individuals to select relevant information from a set of stimuli, allowing limited
visual evaluation capacity to be used efficiently by filtering out irrelevant data and
focusing on what is deemed important. The study of visual attention has expanded
considerably over the past three decades, partly due to the increased availability of non-
intrusive eye-tracking technologies (Carrasco, 2011). In human-computer interaction
(HCI) research, eye tracking has become a widely used method for examining attentional

dynamics in human-Al interactions (Vasseur et al., 2023).
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The notion of selective attention stems from limitations in the neural capacity available
to process visual information. The selective attention concept suggests that stimuli
compete for an organism’s limited resources. This view of competing stimuli has been
supported by evidence from neuroimaging and behavioral studies (Beck and Kastner,
2009; Reynolds and Chelazzi, 2004). In complex decision-making scenarios, selective
visual attention helps narrow cognitive resources to focal task elements, enhancing the
perceptual representation of attended information relative to unattended information.
Since gaze behaviors reflect users’ selective attention strategies, eye-tracking enables
real-time, non-intrusive observation of individuals’ attentional patterns, providing an
understanding of their cognitive focus and intentions (Riedl and Léger, 2016; Vasseur
et al., 2023). Therefore, it is a promising and commonly used tool for examining how
humans allocate attention in complex tasks.

In line with the selective visual attention concept, prior research has identified
several eye-tracking measures associated with decision-making processes, task difficulty,
and uncertainty (Brunyé and Gardony, 2017; Vasseur et al., 2023). These measures
include fixations, which are defined as momentary pauses of eye movements targeted
at a specific location for a minimum duration (Riedl and Léger, 2016). In tasks where
humans need to search a visual environment for a stimulus, increasing task difficulty
has been found to decrease fixation frequency and increase fixation duration (Hooge
and Erkelens, 1996; Jacobs and O’Regan, 1987; Rayner, 1998). Similarly, saccades,
rapid eye movements between fixations, have been shown to reflect decision-making
strategies (Brunyé and Gardony, 2017). For example, the number of saccades between
areas of interest (AOIs) tends to decrease when decision-making is supported or simplified
(Toreini et al., 2022). Saccade amplitude also tends to decrease under high task difficulty
(Phillips and Edelman, 2008), and saccade paths become less random as users gain task
familiarity and understanding (Shiferaw et al., 2019).

These eye-tracking indicators are especially relevant for studying the attentional
dynamics when users interact with GenAl assistants integrated into decision support

environments. As stated in the introduction, engaging with these assistants introduces
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an additional cognitive layer that is distinct from primary task execution and requires
users to interpret, evaluate, and potentially act upon Al-generated recommendations. This
layer of Al interaction necessitates cognitive effort and attentional shifts, regardless of
whether the GenAl functionalities are presented as a visibly separate interface or are more
deeply embedded within the primary task environment. In scenarios where information
sources for the primary task and the GenAl output are spatially distinct, such as data
from a database view or information accessed via other traditional interface elements,
active search and verification behaviors become particularly observable, mainly through
attention allocation as fixations, and attention shifts as saccadic transitions. These gaze
behaviors, when the GenAl output and other information sources are defined as distinct
AOlIs, can be used to infer users’ information processing as they manage their interaction
with the Al

However, to the best of our knowledge, research exploring the usefulness of eye
tracking metrics in evaluating users’ understanding of an Al model is limited, although
several studies have noted this as a future research opportunity (Cao and Huang, 2022;
Gupta et al., 2019; Nagendran et al., 2024).

Accordingly, this study draws on insights from the perceptual decision-making
literature to investigate how GenAl assistant design—specifically transparency and
explainability—affects attention allocation. =~ We conceptualize saccadic transitions
between the GenAl assistant and the decision interface as a behavioral indicator of
users’ understanding of the GenAl assistant and its outputs. A key objective is to
identify eye-tracking metrics that correlate with perceived understanding, confidence in
the GenAl assistant, and decision performance, thus informing the design of adaptive
GenAl systems. Such systems could tailor content presentation based on real-time
indicators of user understanding.

In summary, this study positions attention allocation and attention shift rates as
critical variables concerning information processing in human-Al interaction and as a

foundational step toward adaptive, attention-aware decision support systems.

77



2.3 Hypothesis Development

This section develops hypotheses to explain how transparency and explainability in
GenAl assistant design influence users’ attention allocation processes and decision
outcomes. Guided by the Situation Awareness (SA) model and drawing on the
methodological approaches from the eye-tracking research, the hypotheses address three
interrelated research questions. First, the effects of transparency and explainability on
users’ perceptions are examined. Second, behavioral outcomes are explored through
eye-tracking metrics that reflect attention allocation and shifts during interaction. Third,
the temporal evolution of attention shifts is examined to capture the dynamic nature of

human-AlI interaction in repeated-use scenarios.

2.3.1 Perceived Understanding and Confidence in the GenAl

Assistant

We begin by investigating the question How do transparency and explainability of
GenAl assistants influence users’ perceived understanding and confidence in the GenAl
assistant? Transparency and explainability are theorized to support users in forming
accurate mental models of Al systems, which are reflected as perceived understanding
and confidence in the GenAl assistant. These concepts are expected to mediate the
relationship between system design and decision performance.

Transparency is defined as the system’s “abilities to afford an operator’s compre-
hension about an intelligent agent’s intent, performance, future plans, and reasoning
process” (Chen et al., 2014, p.2), and is typically embedded in the system architecture
and design documentation (e.g., model cards; Mitchell et al., 2019). Explainability, by
contrast, is defined as “the degree to which a human observer can understand the reason
behind a decision (or a prediction) made by the model” (Vilone and Longo, 2021, p.91).
Unlike transparency, explainability pertains to specific outputs and is often operational-

ized through feature attribution techniques such as SHAP (Lundberg and Lee, 2017) or
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LIME (Ribeiro et al., 2016). However, the literature frequently treats these concepts
interchangeably or applies them inconsistently, often without clear differentiation. To
maintain conceptual clarity while presenting empirical findings from this literature, we
use the term explanations as an umbrella label for prior work. Within this framing,
when referring to empirical findings, we interpret global explanations as analogous to

transparency and local explanations as representative of explainability.

Perceived Understanding

According to Situation Awareness (SA) theory, a user’s understanding of system status
and logic emerges from system design features that support the formation of Level 1
SA (perception of relevant information) and Level 2 SA (comprehension of the current
situation) (Endsley, 1995). According to the SA theory, users’ perception of task-relevant
elements (Level 1 SA) is a necessary condition for the Level 2 SA to be built. Features
such as information displays, system cues, and interface feedback serve to clarify source
data, agent rationale, and system behavior (Endsley et al., 2003). Within this framework,
transparency and explainability serve as core system design attributes aimed at helping
users build their Level 2 SA by making the AI’s goals, logic, and decision mechanisms
more accessible to them (Coursaris, C., 2025).

We define perceived understanding as “the degree to which users feel that they
sufficiently understand the Al system or process being explained to them” (Hoffman et al.,
2023). While SA theory emphasizes actual comprehension of the situation, perceived
understanding reflects a subjective belief that such comprehension has been achieved.
Since the GenAl assistant presents outputs that describe a wide portion of the task
environment, we treat perceived understanding of the assistant as closely aligned with
users’ comprehension of the decision environment as a whole.

Past empirical studies have demonstrated that explanation modalities and design
choices influence the perceived understanding of information systems used as decision
support tools. Differences in explanation types have been associated with varying

levels of user-reported understanding (Kaur et al., 2020). In conversational decision
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support systems, improved explanation features have been found to reduce the number
of follow-up questions, implying a higher level of understanding (Diederich et al., 2020).
However, the effectiveness of these influences depends on how explanations are designed
and presented. Evidence from a multi-study investigation shows that the contextual
relevance and individual fit of explanations further moderate their impact, suggesting that
explanation utility is not uniform across designs, tasks, or users (Stumpf et al., 2009).
Hla: Transparency increases users’ perceived understanding of the GenAl assistant.

HI1b: Explainability increases users’ perceived understanding of the GenAl assistant.

Confidence in the GenAl Assistant

Confidence in a GenAl assistant refers to the “trustor’s perception of the trustee’s (in
this case an Al) ability to perform a given task” (Chong et al., 2022, p. 2). Unlike
trust, which is commonly conceptualized as a multidimensional construct incorporating
elements such as ability, benevolence, and integrity (e.g., Barki et al. 2015), confidence
is treated here as users’ evaluation of the AI system’s task-related capability without
encompassing the broader relational or affective components associated with trust.
In human-AlI interaction, appropriate calibration of confidence to the system’s actual
capabilities is essential (Lee and See, 2004). Excessively high confidence may lead to
uncritical acceptance of flawed outputs, whereas insufficient confidence may result in the
rejection of accurate recommendations. Consequently, confidence contributes positively
to decision performance only when it aligns with system performance.

In the context of GenAl assistants, confidence emerges not only from outcome
accuracy but also from system design features that contribute to the formation of situation
awareness and mental models (Chen et al., 2014; Endsley et al., 2003). When a GenAl
assistant is designed to reveal how it functions across different contexts (transparency),
users are more likely to form coherent expectations about its behavior, reducing perceived
randomness and fostering a sense of control. In parallel, when the system explains why it
produced a particular output (explainability), users can assess its logic and determine

whether the recommendation aligns with their expectations. These complementary
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mechanisms both contribute to confidence formation but operate at different levels. More
specifically, transparency fosters confidence in the GenAl assistant by clarifying its
objectives and behavior in various contexts, thereby reducing perceived randomness. On
the other hand, explainability would enhance confidence by providing a post-hoc rationale
for specific predictions.

Empirical studies have shown that the presence, relevance, and clarity of explanations
influence users’ confidence in Al systems. For instance, in decision-support interfaces
for data scientists, localized visual explanations (e.g., chart overlays) have been shown to
increase users’ confidence in system outputs (Kaur et al., 2020). In recommender systems,
users’ perceptions of explanation quality directly shaped their trust and acceptance of
suggestions (Kunkel et al., 2019). Similarly, Stumpf et al. (2009) observed that users
who received contextually aligned justifications reported higher confidence and required
fewer follow-up interactions. These findings suggest that system explanations, whether
global or local, play a central role in enabling users to develop their confidence in decision
support systems.

Building on the past evidence and recognizing the need to disentangle how
distinct explanation characteristics influence user perceptions, we focus on transparency
and explainability as two specific system features. We hypothesize that each will
independently enhance users’ perceived understanding of and confidence in the GenAl
assistant.

H2a: Transparency increases users’ confidence in the GenAl assistant.

H2b: Explainability increases users’ confidence in the GenAl assistant.

Perceived Understanding, Confidence in the GenAl Assistant, and Decision

Performance

According to the SA model, effective decision-making in dynamic contexts requires
forming accurate mental representations of the task environment and anticipating system
behavior based on those models (Endsley, 1995). Transparency and explainability support

this process by clarifying how the Al functions and how its outputs relate to task-relevant
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input elements. When users better understand the system, they are more likely to integrate
Al-generated recommendations appropriately into their decision-making (Lee and See,
2004).

Empirical research has shown that explanation modalities influence not only perceived
understanding and confidence, but they also influence objective task performance. For
example, different explanation formats such as SHAP and generalized additive models
result in varying levels of confidence, which are further associated with differences in
answer accuracy (Kaur et al., 2020). Other studies demonstrate that explanation quality
affects not only understanding but also task efficiency, suggesting a connection between
understanding and performance (Stumpf et al., 2009).

Explanations can also help users calibrate reliance on Al. Without them, users may
default to their own judgment, even when the system is more accurate, potentially leading
to suboptimal performance (Bussone et al., 2015). While explanations are often proposed
as a means to promote appropriate reliance, findings also indicate that certain explanation
types can lead people to rely too much on the AI's recommendation, even when the Al
recommendations are incorrect (Bansal et al., 2021; Poursabzi-Sangdeh et al., 2021).

Together, these findings suggest that the influence of system explanations on decision
performance, whether in the form of transparency or explainability, depends on whether
these design characteristics successfully improve users’ understanding of the system.
Accordingly, the following hypotheses are proposed:

H3: Users’ perceived understanding of the GenAl assistant leads to an increase in
their decision performance.

H4: Users’ confidence in the GenAl assistant leads to an increase in their decision

performance.

2.3.2 Information Processing Efficiency

In this section, we investigate the second research question by drawing on empirical

findings in the eye-tracking literature: How do transparency and explainability influence
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users’ information processing efficiency while interacting with GenAl assistants?
Confidence in an information source reduces the cognitive and physiological effort
required during interaction (Lukyanenko et al., 2022). In the context of GenAl-supported
decision-making, this reduction is expected to lower the need for sustained monitoring or
cross-validation of GenAl assistant outputs. To capture such behaviors, we apply concepts
from the scanpath analysis literature (Kosel et al., 2021), including the definition of areas

of interest (AOIs) and the analysis of fixation transitions between them.

Attentional Resource Allocation

In this study, we define the GenAl assistant interface and the decision interface as AOlIs,
and we use the gaze behavior to understand attentional resource allocation patterns.
Specifically, this section focuses on understanding how transparency and explainability
influence users’ distribution of attentional resources across the decision interface.

Both transparency and explainability are intended to make a GenAl assistant’s
behavior more interpretable and predictable. As users form a clearer understanding of
the assistant’s reasoning, they are expected to shift their attention away from manual
input validation and allocate fewer cognitive resources to examining decision-relevant
information. This shift reflects improved cognitive efficiency, as users increasingly
delegate processing to the assistant and rely on its outputs.

Empirical findings on reading and problem-solving tasks support this expectation.
Skilled readers and experienced problem-solvers allocate attention more selectively,
exhibiting fewer and shorter engagements with task elements due to increased fluency
and confidence (Dogusoy-Taylan and Cagiltay, 2014; Engbert et al., 2005; Rayner
et al., 2011). Conversely, increased attentional allocation has been associated with task
complexity and reduced familiarity (Jacob and Karn, 2003). In the context of GenAl
assistant interactions, we hypothesize transparency and explainability to lower attentional
demands by enhancing the user’s understanding of the AI’s internal logic.

H5a: Transparency reduces attention allocated on the decision interface.

H5b: Explainability reduces attention allocated on the decision interface.
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Attention Shift Rate

We now focus on attention shifts to investigate how transparency and explainability
influence users’ information processing efficiency. In a GenAl assistant use context with
Al-generated information and raw data on different AOIs, the transitions between these
AOIs can serve as indicators of users’ attempts to evaluate and confirm Al-generated
recommendations. In the eye-tracking literature, similar behavioral patterns have been
described as saccades, revisits or cross-checking behavior (Burch et al., 2011).

Empirical evidence shows that attention shifts reflect domain knowledge, understand-
ing, and task confidence. In clinical decision-making, expert physicians shift attention
between AOISs less frequently and exhibit more structured scanpaths than novices when
interpreting X-ray scans or video recordings (Balslev et al., 2012; O’Neill et al., 2011;
Tiersma et al., 2003). Similarly, in organizational settings, visually complex dashboards
and difficult-to-interpret charts have been shown to elicit more frequent attention shifts,
indicating lower understanding or confidence in the task environment (Burch et al., 2011;
Toreini et al., 2022). Together, these findings demonstrate that visual scan behavior is
sensitive to both user cognition and system design.

In our context, attention shift rates are expected to decline as users form a clearer
mental model of the GenAl assistant’s reasoning process. Transparency and explainability
are expected to support this process by clarifying the assistant’s logic and the relevance
of its outputs.

H6a: Transparency decreases the rate of attention shifts between the GenAl assistant
and the decision interface.

H6b: Explainability decreases the rate of attention shifts between the GenAl assistant

and the decision interface.

Information Processing and Decision Performance

According to the SA model, the transition from comprehension to projection involves not

only understanding the task environment but also directing attention to the most relevant
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information (Endsley, 1995). As users internalize the GenAl assistant’s reasoning, they
no longer need to revisit prior data or distribute attention across all task elements. Efficient
information processing thus emerges as a behavioral manifestation of internalized system
knowledge. In this framework, reduced attention allocation to the decision interface and
fewer attention shifts are signs of effective mental model formation and reliance on the
GenAl assistant’s support.

Eye-tracking studies confirm that such processing efficiency predicts improved
decision performance. In clinical tasks, expert decision-makers exhibit fewer and
more targeted gaze shifts, correlating with better diagnostic accuracy (O’Neill et al.,
2011; Balslev et al., 2012). Similarly, in problem-solving contexts, reduced attentional
dispersion has been associated with higher task performance (Dogusoy-Taylan and
Cagiltay, 2014). These findings suggest that when individuals process information
efficiently by concentrating their attention appropriately and minimizing unnecessary
verification, they achieve higher performance outcomes.

In the context of GenAl-supported decisions, we argue that the benefits of
transparency and explainability on decision performance are realized to the extent that
these design features facilitate efficient information processing. By enabling users to
construct reusable mental models and selectively allocate their attention, transparency
and explainability promote appropriate reliance on GenAl assistant’s recommendations,
leading to more accurate decisions.

H7: Attention allocated to the decision interface is associated with a lower decision
performance.

HS: Attention shift rate is associated with a lower decision performance.

The hypotheses presented in this section are summarized in Figure 2.1.

85



Transparency
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Figure 2.1: Research model summarizing the hypothesized effects of transparency
and explainability on user perceptions, information processing efficiency, and decision
performance.

2.4 Methodology

2.4.1 Experimental Design

To test the hypotheses, a within-subjects, 2x2 experimental design was used, where
participants interacted with four GenAl assistant conditions, varying in the level
of transparency (low or high), and in the level of explainability. To maintain a
feasible session duration, each participant was exposed to two randomly assigned,
counterbalanced conditions out of four conditions (Seltman, 2012). To eliminate within-
condition carry-over effects on participants’ perceptions of GenAl assistants, each GenAl
assistant was implemented as a distinct system prototype with a separate backend, despite
using the same user interface.

The experimental task was designed around the "newsvendor paradigm," a commonly-
used decision-making scenario in operations management (Benzion et al., 2008; Kremer
and Minner, 2008; Kremer et al., 2010; Wang et al., 2025). In this paradigm, a decision-

maker determines the number of units, g, of a perishable good to be purchased at cost
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¢, selling at price p per unit and receiving a salvage price s for unsold inventory (where
s < p). With uncertain demand d, the optimal order quantity under risk neutrality is
given by the critical fractile solution ¢ = ®~!((p — ¢)/p)* when the demand distribution
®(d) is known. However, in real-world settings, demand is typically unknown, making
this problem an established framework for studying behavioral decision-making (Bolton
and Katok, 2008; Schweitzer and Cachon, 2000; Wang et al., 2025). In this study,
participants always engaged with a low-profit scenario, where the critical ratio was below
0.5 ((p—c)/p < 1/2) (Schweitzer and Cachon, 2000), with fixed cost, price, and salvage
values across all trials at ¢ = 91.8, p = 126.25, and s = 50.5, respectively. Excess
inventory did not carry over the next weeks, and the demand distribution was not disclosed
to participants. Instead, they were provided with a time series chart displaying demand
observations from the last 20 periods. For consistency, all participants faced the same

demand values at identical points in the experiment.

2.4.2 Experimental Setup
Simulated Decision-Making Environment

The experiment utilized ERPsim to instantiate the newsvendor paradigm as an ice-cream
demand forecasting task. ERPsim is a business simulation platform, which simulates a
competitive business environment where participants manage virtual companies (Léger,
2006; Léger et al., 2007; Oz and Léger, 2024). It is widely used in learning environments
due to its realistic and responsive market dynamics and interactive decision-making
processes. Consistent with prior research utilizing ERPsim, this study aimed to improve
participant engagement and ecological validity by leveraging ERPsim’s data generation
capabilities for experimental task design (Loos et al., 2010).

ERPsim was used to generate sales data for dairy products over 100 simulated periods
to create a realistic demand scenario. By default, ERPsim scenarios do not incorporate
seasonality or trends, meaning that product demand values typically follow a stationary

distribution. To better reflect real-world market conditions, a data transformation was
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applied to introduce seasonality and trend effects, aligning with the experimental context
where each period represented a weekly decision cycle. The seasonality pattern was
determined after a detailed analysis of the ice cream production data (National Bureau
of Economic Research, 2012), and a North American distributor’s blog post on the
seasonality of ice cream demand (FoodyDirect, 2014), while a slightly positive trend
factor was introduced to reflect gradual market growth. Additionally, sporadic demand
spikes were incorporated to simulate demand fluctuations observed in real-world settings.

In addition to the trend and seasonality factors embedded within the demand scenario,
the dataset incorporated a controlled uncertainty component to reflect real-world decision-
making environments. In this design, uncertainty refers to short-term variability in
weekly demand relative to the immediately preceding period, representing forecasting
uncertainty rather than structural market shocks. Demand uncertainty in the final
simulation dataset was measured as percentage changes between consecutive simulated
periods and was intentionally limited to ensure that the introduced trend and seasonality
patterns remained perceptible to participants and could meaningfully inform forecasting
decisions. Across the generated dataset, week-to-week demand changes exhibited a mean
absolute variation of 3.67% (SD = 2.94%), with maximum observed changes below
10%. This moderate level of variability introduced realistic forecasting difficulty while
preserving the interpretability of underlying temporal patterns within the decision-making
task.

In summary, participants faced with a dataset that mirrored key real-world demand
characteristics for this specific decision-making task, incorporating seasonality, trend, and
variability while preserving experimental control. Participants were explicitly instructed
to consider the season changes and these demand patterns when making their forecasts.

Task instructions and supporting materials are available in Appendix, Section B.1.4.

Experimental Stimuli

During the experiment, participants interacted with two software tools: a custom-

developed interface for SAP, an enterprise resource planning (ERP) system integrated
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with ERPsim, and a GenAl assistant powered by OpenAl’s Assistants Application

Programming Interface (API). These tools were designed to ensure a controlled decision-

making environment with a systematic variation in the GenAl assistant transparency and

explainability.

The software solution for this experiment had the following requirements:

The artifact needs to simulate the newsvendor paradigm within an ecologically valid

IS environment, including both a decision interface and a GenAl assistant.

The decision interface should provide all necessary information for decision-

making, allowing task completion without a GenAl assistant.

The GenAl assistant module of the software solution should be capable of providing
reasonable recommendations to the planning decision, and it should be fully

integrated with the simulated decision-making environment.

The GenAl assistants with high transparency should provide the user with the
source data information, past performance, and the reasoning process of the GenAl
assistant while generating recommendations, while the ones with low transparency

should provide only the past performance information.

The GenAl assistants high explainability should complement each recommendation

with a discussion of the factors influencing each recommendation.

The GenAl assistants should provide unique responses for each participant while

maintaining a consistent structure across and within experimental conditions.

The decision interface displayed key elements such as pricing information, a time-

series chart of past demand (covering 20 virtual weeks), and an input field for entering

forecasted order quantities for the upcoming week. Participants were restricted to

modifying only the forecasted quantity, and the input field was designed to accept only

numerical values to prevent errors. The decision-making process was structured into

distinct steps: once a forecast was submitted, participants first completed a self-reported
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confidence assessment, followed by a performance feedback report. The feedback report
was designed to foster participant motivation and encourage continued effort throughout
the experiment. Prior research indicates that social comparison and performance feedback
can stimulate competitive engagement and goal-directed behavior (Garcia et al., 2013). In
line with gamification research (Hamari et al., 2014), the report presented a comparison
between participants’ performance and that of an average decision maker and displayed
the monetary value gained or lost in the previous decision period, together with summary
performance indicators. This design aimed to sustain engagement and promote attentive
decision-making through perceived competition and ongoing performance evaluation.

The GenAl assistant was developed as a chat-based decision support tool that
is fully integrated into the decision-making scenario implemented using the ERPsim
environment. The assistant’s design involved a multi-step development process,
including front-end and back-end logic programming, prompt engineering, and structured
integration with the decision-making interface. The assistant was implemented using
Python 3.9.2 and Streamlit 1.33.0, with data exchange facilitated through OData services
published on the SAP interface. Before forwarding user queries to the OpenAl
Assistants API (gpt-40-2024-05-13), the system retrieved simulation state information
from SAP, embedding relevant data into the user prompt. This ensured that Al-generated
recommendations were contextually appropriate and aligned with the experimental
conditions.

To maintain experimental control, four distinct GenAl assistants were configured
using four different system prompts and slight changes in the visibility of front-end
elements. These changes aimed to implement a different combination of transparency
and explainability for each version. The design process began with the most detailed
assistant (high transparency, explainability enabled), which was validated for response
consistency and correctness. The remaining assistants were created by systematically
modifying system prompts to reduce transparency and/or explainability while maintaining
a consistent structure across conditions. The OpenAl API was configured with a

temperature of 0.6 to limit response variability between participants while preserving
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natural response generation. The code interpreter function was enabled, but code-
like outputs were filtered or shown depending on the transparency levels set in the
experimental conditions.

The web-based system was deployed on a Linux Debian server, utilizing NGINX
reverse proxy to present the Streamlit application securely. Participants accessed
the system through a web interface on laboratory computers, ensuring a standardized
experimental setup. A visual summary of the complete tech stack is shown in Appendix,

Section B.1.2, Figure B.3, while the complete experimental setup screen, as used by

participants, is shown in Figure 2.2.

vee v Decision dataset panel @ Ice Cream Oracle

The Intelligent Demand Forecasting Assistant

Hello 4!

Decision submission area

Loaded

SAP-Based Decision Interface (Left Panel) The GenAl Assistant Interface (Right Panel)

Figure 2.2: The system interface as used by participants during the experiment.

Manipulation of Transparency and Explainability

For each experimental condition, different GenAl assistants were designed to manipulate
the levels of transparency and explainability. In the high transparency condition, the
assistant displayed a welcome message presenting its goal, data sources, methods,
and previous performance to address all four dimensions of our adopted transparency

definition (Chen et al., 2014). It also provided a step-by-step description of how it derives
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the recommendations and displays the code it generates to calculate its recommendations.
In the low transparency condition, the assistant only presented a welcome message
presenting its previous performance and did not provide any code or detailed description
of its prediction process.

The explainability of GenAl assistants was manipulated by adjusting whether the
GenAl assistant provided additional information after outputting its predicted sales for
the subsequent period. This additional content focused on how weather, seasonality,
and past demand in the simulation influenced the assistant’s prediction. In case of low
explainability, the assistant only provided the final prediction of sales without elaborating
on its reasoning. An illustration depicting the GenAl assistants used in the main
experiment and the specific pieces of information introduced under the transparency and
explainability conditions is shown in Figure 2.3. Screenshots corresponding to each of
the four experimental conditions are provided in Appendix, Section B.1.2.

An important step in designing an IS for the evaluation of theoretical concepts is
ensuring instantiation validity, "the validity of IT artifacts as instantiations of theoretical
constructs" (Lukyanenko et al., 2014, p. 322). To ensure the instantiation validity
of transparency and explainability in the designed GenAl assistants, we conducted a
between-subjects online manipulation check study. An online worker panel, Prolific,
was used to recruit 224 participants for this manipulation check study. After excluding
participants who failed attention checks, submitted the same response for all items, or had
unusually fast completion times, 187 participants remained in the sample (93 in Group 1,
94 in Group 2).

In this manipulation check study, Group 1 participants were shown a screenshot of the
GenAl assistant with high transparency and no explainability, where it answered a user
query What is the forecasted demand next week? Group 2 participants viewed a similar
screenshot depicting a GenAl assistant with low transparency and high explainability.
Based on the interaction shown on the screenshot, participants rated the interaction
using a five-item measurement tool on a 7-point Likert scale, where three items focused

on perceived transparency and the remaining two focused on measuring perceived
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explainability.

Composite scores were computed for perceived transparency and explainability.
Independent samples t-tests revealed a statistically significant difference in perceived
transparency between the two groups, with higher scores in Group 1 (M = 5.16) compared
to Group 2 (M =4.71), t = 2.67, p = .0088. Perceived explainability was significantly
higher in Group 2 (M = 4.99) than in Group 1 (M =4.42), t = —-2.47, p = .0147. Item-

level statistics and measurement details are provided in Appendix, Section B.1.1.
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@® Ice Cream Oracle

The Intelligent Demand Forecasting Assistant

Hello .# ! lam your demand forecasting assistant.

1 aim to help you make accurate demand forecasttased on historical sales data and weather forecasts. Here’s how I d I Legend

« Goal: [0 Presentin
> Maximize profits. “High Transparency”
« Used Dataset: conditions only.
Present in
Sales data from the last two years (your company's database). “High Explainability”
Pricing data from the last two years (your company's database). conditions only.

o Weather forecasts for the upcoming week (weather.com).
* Methods:
The data is used to estimate the baseline, trends, and patterns in sales.

= The estimated parameters are then used in a forecasting method to get the next week's sales estimate.

* Previous Per
The model's confidence can vary between 64% and 92%.

Ask me to generate a demand forecast!

Whatis your recommendation?

v Code v

For the forecast, | will use the Holt-Winters exponential smoothing method, which is well-suited for data with
seasonality, trends, and irregular Here is a step-by-step ion of the process:

[

Load the data: We have loaded the historical data, which includes the week number, temperature, precipitation,
wind speed, ice cream demand, and some other factors.

[+

Prepare the data: We will focus on the demand data and use the past weeks' data to forecast the demand for week
32.

w

Fit the Holt-Winters model: We will fit the Holt-Winters model using the historical demand data. The model
parameters (alpha, beta, gamma) will be estimated based on the data.

4. Forecast for the next week: Using the fitted model, we will forecast the demand for week 32.

Let's implement this in Python.

v/ Code v

Using the Holt-Winters exponential smoothing method, we have forecasted the ice cream demand for week 32.

Forecast Summary:

* Forecasted Demand for Week 32: 1016 units

* Confidence Level: 88%

Fased on our objective to ensure stock availabilit;ll recommend planning for 1016 units of ice cream for week 32.

Forecasted Demand:

1016 units

Discussion

[The forecasted demand for week 32 is derived based on the following factors:

Seasonality: The Holt-Winters method assumes yearly seasonality, capturing the annual demand patterns for ice
cream.

Weather Conditions: Temperature, precipitation, and wind speed are significant predictors of ice cream demand.
These factors have been considered in the historical data used for forecasting.

Previous Week's Demand: The demand for the previous week (1030 units) provides a reference point for the
current forecast.

Smoothing Parameters: The model uses the following smoothing parameters:
> Alpha (a): 0.5 (high sensitivity to peaks)
Beta (B): 0.3 (moderate sensitivity to trends)

Gamma (y): 0.2 (low sensitivity to seasonality)

Figure 2.3: An example GenAl assistant with high transparency & high explainability.
The annotations highlight the components introduced through the transparency and
explainability manipulations.
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Al Assistant Prompts and Process

The experimental manipulations were applied by programmatically hiding parts of the
response on our interface and engineering prompts for each condition’s GenAl assistant
using the chain-of-thought method (Wei et al., 2022). Each GenAl assistant was
programmed with several blocks of instructions. The first block outlined the assistant’s
role and objective in supporting the user’s decision-making process. The second block
provided detailed instructions on generating decision recommendations for the planning
decision, with a more complex step-by-step explanation for the high transparency
conditions instead of direct instruction for the low transparency condition (Wei et al.,
2022). The third block of the prompt included a set of constraints on the level of
transparency and explainability that needed to be provided according to the experimental
condition. The prompt concludes with an example code for the assistant to write and run
if the user’s query is unclear. This approach makes it possible to ensure recommendation
consistency across the different versions of GenAl assistants. The prompting process
involved an iterative testing process, where each iteration produced improvements to the
prompts to ensure each GenAl assistant behaves according to the experimental conditions.

This iterative process concluded when the tests did not yield further improvements.

Hardware Used

The experimental stimuli were presented on a 23.8 inch screen of 1920x1080 resolution
at 60Hz, and participants’ eye movements were captured using a Tobii Spectrum eye
tracking device at 1200Hz. All participants used the same hardware in the same room

under controlled environmental lighting conditions.

Measurements

Decision performance was measured using a loss function grounded in the planning
problem definition, reflecting the cost implications of inventory decisions at each trial.

Specifically, given the scenario parameters of cost (¢ = 91.8), price (p = 126.25), and
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salvage price (s = 50.5), the cost of overestimating demand by one unit was ¢ —s = 41.3,
and the cost of underestimating it was p — ¢ = 34.45. Based on these values, participant
decisions were evaluated by comparing their order quantity to actual demand, with losses
incurred for both over- and under-ordering. A perfect match between order quantity and
demand resulted in a loss value of zero, while all deviations led to negative loss scores,
indicating suboptimal performance.

Decision confidence and confidence in the GenAl assistant were recorded immedi-
ately after each trial using single-item, 7-point Likert scales (Davis et al., 1994). These
measures were collected after participants submitted their order decisions but before
viewing the performance report for that trial. Although single-item operationalizations
do not permit internal consistency assessment and may be more sensitive to common
method bias (De Guinea et al., 2013), prior research shows that single-item measures
can provide reliable and valid assessments when constructs are unidimensional, concrete,
and straightforward for respondents to evaluate (Ang and Eisend, 2018; Bergkvist and
Rossiter, 2007; Wanous et al., 1997).

Because confidence was conceptualized as a unidimensional, trial-level assessment
of perceived system ability, and multiple observations were collected repeatedly within
each participant session, single-item measures were used to reduce response burden
and preserve participant attention across trials, consistent with prior research employing
repeated confidence assessments in dynamic decision-making contexts (Chong et al.,
2022).

Perceived understanding of the GenAl assistant was measured at the end of each 10-
trial experimental block using the explanation satisfaction scale, defined as “the degree to
which users feel that they sufficiently understand the Al system or process being explained
to them” (Hoffman et al., 2023, p. 3).

In addition, two control variables were measured before the experimental tasks:
Automation-Induced Complacency Potential (AICP), administered before task-specific
instructions (Merritt et al., 2019), and Computer Self-Efficacy, collected after the task

and interface were introduced (Compeau and Higgins, 1995). The full list of measurement
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items is provided in Appendix, Section B.1.3, Table B.2.

Participants’ information processing activity was captured using two eye-tracking
concepts grounded in scanpath analysis: attention shift rate and attentional resource
allocation. Both of these concepts’ operationalization relied on the definition of two
AOIs: (1) the SAP-based decision interface on the left side of the screen, and (2) the
GenAl assistant interface on the right. These AOIs are shown in Figure 2.2.

Attentional resource allocation was operationalized as the proportion of total fixation
time spent within the decision interface AOI during each trial. This measure reflects
the distribution of attentional resources across screen regions. Higher values suggest
greater effort invested in interpreting contextual task data (e.g., demand history, pricing
parameters), while lower values may reflect greater reliance on GenAl output.

Attention shift rate was measured by the number of rapid eye movements between
fixations (saccades). In this study, saccades beginning in one interface and ending in
the other were counted to operationalize attention shifts between the GenAl assistant
and the decision interface. Higher attention shift rates may suggest uncertainty, effortful

reasoning, or a lack of confidence in or understanding of the GenAl assistant.

2.4.3 Experimental Procedure

Each participant completed 25 trials as shown in Figure 2.4. Experiment sessions were

structured as follows:

1. Initial Instructions and Self-Reported Control Variable Measurements Partic-
ipants read instructions explaining the experimental task and decision interface.
They also completed a short survey including control variable measurements. Af-
ter these self-reported measurements are submitted, the business simulation was

initialized on ERPsim with the parameters n = 1, m = 20.

2. Training Block (5 trials, No GenAl assistant): Participants completed five
consecutive training trials (n = 1 to n = 5), where each trial represented consecutive

virtual weeks m = n+ 19. In the five trials within the training block, participants
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did not have access to any GenAl assistant. Instead, they only interacted with the

decision interface to familiarize themselves with the task and interface.

3. Introductions and Self-Reported Control Variable Measurements: Participants
read instructions explaining the use of GenAl assistants and then completed a short
survey including control variable measurements that probe their perceptions of the

introduced GenAl assistant.

4. Experimental Block 1 (10 trials, GenAl assistant): Participants resumed the
business simulation from where they left at the end of the training block (n = 6,
m = 25). In this experimental block, consisting of 10 trials, participants continued
interacting with the previously initiated business simulation while following the
same virtual calendar. In addition to the training block, this experimental block
featured a GenAl assistant, and participants could interact with it freely during the
experimental block. This assistant’s transparency and explainability levels were set

according to the experimental conditions assigned to each participant.

5. Survey Measurements: Participants completed a survey on their perceived

understanding of the GenAl assistant they used in Block 1.

6. Experimental Block 2 (10 trials, GenAl assistant): Participants resumed the
business simulation from where they left off at the end of the first experimental
block (n = 16,m = 35). As in the previous experimental block, participants
continued to interact with the business simulation and followed the same virtual
calendar. A different, randomly assigned GenAl assistant was available to

participants during these 10 trials.

7. Survey Measurements: Participants completed a survey on their perceived

understanding of the GenAl assistant they used in Block 2.

Each trial n represented a virtual week m = n+ 19 in the simulation, and participants
received performance feedback at the end of each trial to track the impact of their

decisions and adjust their strategies accordingly.
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Each trial n followed the sequence below:
1. Forecast Submission: Participants forecasted the demand for week m + 1.

2. Confidence Self-Report Measurements: Participants self-reported their decision

confidence, and their confidence in the GenAl assistant, if applicable.

3. Simulation Calendar Update: A week in the simulation calendar has passed and

m is updated as m =m+1.

4. Performance Feedback: Participants were shown a report of their performance for

week m — 1.

As an exception, during the first trial, participants were permitted to seek guidance from
the experiment moderator on how to use the interface for submitting forecasts. If a
participant requested an explanation, experiment moderators followed a predetermined
script outlining the scenario and the user interface. Moderators were strictly required to
adhere to this script and were not permitted to provide additional guidance beyond the
predefined instructions.

A complete experiment session was structured as illustrated in Figure 2.4. Before
the training block (trials 1 to 5), participants were asked to respond to a set of
demographic questions and control variable measurements. Participants then received
detailed instructions on both the decision-making scenario and the decision interface for
data analysis and submission.

At the conclusion of the training block at the end of trial 5, participants were
introduced to the GenAl assistant as a new feature within the simulated decision-making
environment. After reading the instructions, participants were asked to report their
perceptions of the GenAl assistant before proceeding with the first 10-trial block of the
experimental phase (trials 6 to 25).

At the end of trial 15, the simulation calendar paused and participants were asked to
complete a questionnaire assessing their perceptions of the GenAl assistant used in the

previous 10 trials. Then, the second experimental block was configure with a different
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GenAl assistant prototype, while the simulation calendar continued from where they left
at the end of trial 15. At the end of trial 25, participants were asked to complete the
same questionnaire for the previous 10 trials within the second experimental block. The

experiment concluded with a debriefing on the study’s objectives.

Notes:

n: Trial number within an experiment session, [1, 25]

m=n+19: Current week number within the simulated business scenario, [20, 44].
Experimental Block 1: trials 6 <n < 15

Experimental Block 2: trials 16 < n < 25, scenario is the continuation of Block 1

A\ 4 *: Conditions were randomized and counterbalanced across participants.

/ Business Simulation Initialization:

Initial Instructions and Self-Reported
Control Variable Measurements

: Decision-Making Task for trial n: Trial-Level Business Simulation State Update:
- Forecast Sales for Week m+1 in the > Self-Reported n=n+1
H Simulated Environment Measurements m=m+1

v

Performance Report for Trial n-1

: (Submitted Forecasting Decision for Week m)
: Continuous Measurement During Outlined Steps: Eye tracking i
No n=6? Yes
orn=16?
or n=26?

Initialize the First GenAl Assistant*,
One of the Four Conditions

T

Instructions and Self-Reported
Control Variable Measurements
Initialize the Second GenAl Assistant*,
Different than the First GenAl Assistant BIock;\I/_IeveI Se[f—Retported
Randomized and Counterbalanced easurements
Terminate Block-Level Self-Reported
Experiment Session Measurements

Figure 2.4: Experimental design and protocol.

2.4.4 Sample Description and Data Collection

To determine the required sample size, a power analysis was conducted using G*Power
3.1 (power = 0.90, medium effect size, & = 0.05) (Faul et al., 2007). This analysis

indicated a minimum of 48 participants to achieve sufficient statistical power. To account
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for potential no-shows and technical failures, 78 participants were scheduled for data
collection between 15 July 2024 and 27 September 2024.

Participants were recruited from a convenience sample through our institution’s
participant panel. Prior to registration, participants were screened based on three inclusion
criteria: (1) prior experience with ERP systems, (2) prior experience with ERPsim, (3)
completion of at least an introductory logistics and demand forecasting course. These
criteria ensured a consistent level of domain knowledge by requiring all participants to
have a fundamental understanding of the experimental task. Additionally, participants
were screened for having normal or corrected-to-normal vision.

The study was reviewed and approved by our university’s Ethics Committee
(certificate number: 2023-5420). Subjects received a compensation of CAD 25 for
their participation, and each session lasted approximately 90 minutes. Prior empirical
studies using the newsvendor paradigm have employed both fixed (e.g., Wang et al. 2025)
and performance-based (e.g., Benzion et al. 2008; Kremer et al. 2010) compensation
schemes. Experimental evidence indicates that performance-based financial incentives do
not consistently improve decision performance in judgment tasks (Camerer and Hogarth,
1999). Accordingly, a fixed compensation structure was adopted, while motivational
engagement was supported through gamification elements, including performance
feedback and social comparison presented at the end of each trial.

Of the 78 scheduled participants, 16 did not show up or canceled their session within
24 hours of their appointment. Additionally, two sessions were concluded without data
collection due to external IT service outages (CrowdStrike failure on 19 July 2024, and
OpenAl API failure on 28 August 2024). These participants were still compensated for
their attendance. The final dataset consisted of 60 participants (32 females; mean age 29.1

=+ 6.41; range, 19-47 years), with further exclusions applied in the data cleaning phase.
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2.4.5 Data Cleaning and Preprocessing

Following data collection, all textual logs of GenAl interactions were parsed using
Python. Each user-assistant message pair was matched and processed to identify the
user prompt, assistant response, company code, trial number within the experiment,
experimental condition (transparency and explainability), response time, and response
length with and without code blocks. In addition, pattern-matching routines were used
to extract the reported confidence level and recommended sales forecast by the GenAl
assistant when such information was included. A total of 1,667 user queries remained
across 1,117 experimental trials. This indicated that, on average, participants submitted
1.49 user queries per trial.

In cases where participants requested multiple forecasts within a single trial—for
example, by asking the GenAl assistant to regenerate its recommendation using different
parameters—the last recommendation was considered as the trial’s final GenAl assistant
forecast. In cases where participants did not request any recommended decision from
the GenAl assistant—for example, by only asking about expected changes in weather
conditions without requesting a sales forecast—the lack of a recommended action by the
GenAl assistant meant that the explainability condition could not manifest as tested in the
manipulation check study. Based on this procedure, 269 trials were marked as invalid.
Consequently, 848 experimental trials were included in the cleaned dataset.

As participants had full control over how the GenAl assistant generated its
recommendations, they could also configure it in a way that led to very low-performing
forecasts. To ensure consistent GenAl performance across participants and experimental
conditions, we further excluded one trial with abnormally poor recommendation quality.
In addition, two participant input errors (typos) that were noted during experiment
sessions were manually corrected. This led to a final dataset of 847 trials across 102
experimental blocks and 57 participants. This cleaned dataset was used for all analyses

involving behavioral and self-reported metrics.
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2.5 Results

Prior to hypothesis testing, we evaluated whether the counterbalancing model used
for experimental condition assignments remained valid after excluding participants and
observations during data cleaning. A chi-squared test was conducted to examine the
relationship between the four experimental conditions and their assigned order within
experiment sessions. The result was not statistically significant (}> = 1.66, p = 0.65),
indicating that the dataset did not contain a systematic error in terms of the ordering of
experimental conditions within experiment sessions.

Individual characteristics that could affect decision-making performance (such as
automation complacency potential, computer self-efficacy, and experience with ERP
systems) and other demographic variables, such as age and gender, are controlled via
randomization.

In addition, to ensure that our manipulation of transparency and explainability through
system prompts did not inadvertently influence the quality of the recommendations gen-
erated by these GenAl assistants, we conducted an additional analysis of the recommen-
dation performance of the four distinct GenAl assistants. GenAl assistants’ recommen-
dation quality was calculated by transforming the GenAl assistants’ recommendations
using the same loss function used to calculate participants’ decision performance. A
linear mixed-effects model was estimated using square-root transformed GenAl assistant
performance as the dependent variable. The model included transparency, explainability,
and their interaction as fixed effects, with trial week number included as a covariate
to control for demand variation across weeks in the simulated environment. Random
intercepts were specified for each participant-block combination to account for repeated
measures within each GenAl assistant instance. The results indicated no significant main
effects of transparency (8 = —0.28, p = .849) or explainability (8 = 1.30, p = .371),
and no significant interaction effect (8 = 0.46, p = .836). These results suggest that the

GenAl assistant recommendation quality remained stable across experimental conditions.
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2.5.1 Measurement Instruments
Measurement of Perceived Understanding of the GenAl Assistant

We assessed the measurement properties of the perceived understanding concept using
confirmatory factor analysis (CFA). Initially, all eight items that were adapted from the
original source were included in a single-factor model. In this round, the standardized
loadings ranged from 0.503 to 0.905.

To improve measurement reliability, we re-evaluated the measurement items and
refined the model by removing two items. The 7™ item was excluded because it measured
perceptions of the assistant’s self-reported accuracy, which was not manipulated in this
study and was always visible to participants in all conditions. The 8" item was also
removed due to its lower factor loading value in the initial analysis. The resulting six-
item model had standardized loadings ranging from 0.666 to 0.914, with Cronbach’s
o = 0.92. Measurement items’ factor loading values at each CFA run can be seen in

Appendix, Section B.1.3, Table B.5.

Measurement of Confidence in the GenAlI Assistant

In line with prior work utilizing single-item measures under time-constrained experiments
(Davis et al., 1994; Chong et al., 2022), confidence in the GenAl assistant was measured
at the end of each trial using a one-item scale. This assessment was collected before
participants were shown any feedback about their performance, ensuring that the response
captured anticipatory confidence rather than outcome-based satisfaction. Participants
rated their confidence on a 7-point Likert scale, with higher values indicating greater
confidence in the AI’s recommendation for that specific trial.

Across all conditions and trials (N = 847), the average reported confidence in the
GenAl assistant was 4.64 (SD = 1.33), with scores ranging from 1 to 7. Among the four
experimental cells, the condition combining high transparency (T=1) with no additional
explainability (E=0) yielded the highest average confidence rating (M = 5.02, SD = 1.31;

n = 221). Descriptive statistics at the group level are reported in Table B.14, including
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standard deviations and cell sizes.

Measurement of Control Variables

To account for individual differences, we measured several control variables at the
participant level. Automation-Induced Complacency Potential was assessed prior to task
instructions, and Computer Self-Efficacy was measured following the initial instructions.

The 10-item AICP scale was modeled according to its two theorized subdimensions:
Workload Alleviation (AICP-W) (Items 1-4, 6) and Monitoring (AICP-M) (Items 5,
7-10) (Merritt et al., 2019). Confirmatory factor analyses (CFA) were conducted for
each subscale separately. While the Monitoring subscale demonstrated low internal
consistency (a = 0.58) and was excluded from further analyses, the Workload Alleviation
subscale showed acceptable reliability (Cronbach’s o = 0.70) and was retained as a
control variable.

The Computer Self-Efficacy construct was modeled as a single latent factor using the
full 10-item scale from Compeau and Higgins (1995). Following CFA, four items with
loadings below 0.5 were excluded. The final model included six items, which led to
a scale with all item factor loading values exceeding 0.57 and a Cronbach’s o = 0.87.
Because computer self-efficacy represents an established construct and was included as a
control variable measured prior to the experimental task rather than as a focal construct in
hypothesis testing, the remaining items were retained based on their conceptual relevance
despite two items with loadings below the preferred 0.708 threshold (Churchill, 1979;
McKenzie et al., 2011).

As an additional behavioral control variable, baseline task performance was calculated
using the final four trials of the five-trial training block, during which participants
performed the task without any GenAl assistant. The first training trial was excluded,

as participants could request assistance from the experiment moderator.
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2.5.2 Descriptive Statistics

Descriptive statistics are discussed separately for three datasets used in the study: block-
level self-reported data, trial-level behavioral data, and trial-level eye-tracking data.
The number of observations differs across datasets due to the nature of data collection
and analysis. Block-level data are based on post-block questionnaires, yielding two
observations per participant, one per block. Trial-level behavioral data are collected
for each decision task. While the eye-tracking data is based on the trial-level dataset,
it was further filtered based on eye-tracking measurement validity, reducing the number
of usable trials.

A summary of block-level data on perceived understanding is reported in Table B.13 in
Appendix, Section B.2. Participants in the high transparency, low explainability
condition reported the highest average perceived understanding (mean = 5.29, SD =0.97),
while those in the high transparency, high explainability condition reported
lower understanding compared to high transparency, low explainability (mean
= 4.97, SD = 1.28). On the other hand, participants in the low transparency, low
explainability condition reported the lowest average perceived understanding (mean
=4.08, SD = 1.55).

At the trial level, results indicate that participants in the high transparency,
low explainability condition reported the highest average confidence in the GenAl
assistant (mean = 5.02, SD = 1.31) and the highest decision performance (mean = -
978, SD = 897). In line with the patterns in perceived understanding and confidence
in the GenAl assistant, decision performance in the high transparency, high
explainability condition (mean = -1180, SD = 1008) was lower than in high
transparency, low explainability. This consistent pattern across perceptions
and decision outcomes suggest the presence of a non-additive relationship when both
transparency and explainability are combined. Full descriptive statistics are reported in
Table B.14 in Appendix B.2.

In the eye-tracking data, both fixation duration on the decision interface and total

106



task time were lowest in the high transparency, high explainability condition,
suggesting more efficient processing in this group. In addition, a time-series plot of the
attention shifts over ten trials shows that on average, participants reduced their attention
shift rates by about 50% after having used the same GenAl assistant in similar cases for 10
times (See Figure B.16 in Appendix B.2). Descriptive statistics of extracted eye-tracking

metrics can be seen in Table B.15 in Appendix Section B.2.

2.5.3 Hypothesis Testing
Perceived Understanding of the GenAl Assistant

To test the impact of transparency and explainability on users’ perceived understanding
of the GenAl assistant (H1), we estimated a linear mixed-effects model with participant-
level random intercepts. The analysis was conducted at the block level, using 102
observations, as perceived understanding was measured at the end of each 10-trial block.
The manipulations of transparency and explainability were included in the model through
two dummy variables, as we are interested in interpreting the main effect of a variable
while the other independent variable is at its baseline level of zero (Gelman, 2008).

Control variables were removed from the model as they were found to be insignificant,
with the exception of AICP-W, which approached significance, and block number, which
was retained due to its relevance for capturing fatigue or learning effects associated with
experimental order.

The results support Hla and Hlb, indicating that both transparency (8 = 0.24,
p < .001) and explainability (B = 0.12, p = .018) significantly increased perceived
understanding. The interaction term between transparency and explainability was
negative and significant (8 = —0.21, p = .009), indicating that their combined presence
yielded a smaller improvement than when each was presented alone. The fixed effects
explained 18% of the variance in perceived understanding (R2, = .18), (R? = .61).

Model estimates are reported in Appendix Section B.2, Table B.17.
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Perceived Understanding and Decision Performance

To test whether users’ perceived understanding of the GenAl assistant improves their
decision performance (H3), we estimated a series of linear mixed-effects models at the
block level (N = 102). In the full model including perceived understanding (Model 1),
the coefficient for perceived understanding was positive but not statistically significant
(B =0.08, p=.226). When excluding perceived understanding (Model 2), the interaction
effect of transparency and explainability was significant (8 = —0.113, p = .047),
indicating that the combined presence of these features reduced performance compared
to their separate contributions. This effect was partially attenuated when perceived
understanding was included in Model 1, although it remained marginally significant
(B = —0.1, p = .085). To probe the indirect path, we estimated a third model where
perceived understanding was regressed on the experimental manipulations (Model 3),
replicating earlier results showing strong positive effects of transparency (f = 0.243,
p < .001) and explainability (8 = 0.125, p = .02), and a negative interaction (§ = —0.219,
p = .008). Collectively, these findings suggest that while perceived understanding was
enhanced by transparency and explainability, it did not significantly mediate their effects
on decision performance in this experimental setting. As the partial model tests ruled
out a mediation relationship, no further analyses regarding mediation were done. Model

details are reported in Appendix, Section B.2, Table B.19.

Confidence in the GenAl Assistant

To examine how transparency and explainability influence users’ confidence in the GenAl
assistant (H2), we estimated a linear mixed-effects model with participant-level and
block-level random intercepts. A maximal model including random slopes was initially
tested (Barr et al., 2013); however, high correlations between random factors suggested
overfitting. Therefore, in line with methodological recommendations (Matuschek et al.,
2017), we report results based on a more parsimonious statistical model with participant-

and block-level random intercepts.
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The model was fitted on trial-level data (N = 847) and included trial number and block
number as control variables, as they relate to temporal structure and potential fatigue
effects. Other control variables were removed due to them being insignificant.

The results support H2a: transparency had a significant positive effect on users’
confidence in the GenAl assistant (8 = 0.122, p < .001, one-tailed). However, the results
do not support H2b, as explainability did not have a significant impact on confidence
in the GenAl assistant (8 = 0.017, p = .32, one-tailed). The interaction between
transparency and explainability was significantly negative (8 = —0.098, p = .044, one-
tailed), indicating that the combined presence of both features led to a smaller increase in
confidence than when each was presented alone.

In this model, the fixed effects explained 5% of the variance in confidence in the
GenAl assistant (R, = .05), (R? = .58). Model details are provided in Appendix, Section
B.2, Table B.18.

Confidence in the GenAl Assistant and Decision Performance

To test whether users’ confidence in the GenAl assistant improves their decision
performance (H4), we estimated a linear mixed-effects model with trial-level observations
(N = 847) and participant-level random intercepts. In the full model including confidence
(Model 1), users’ confidence in the GenAl assistant was a significant predictor of
decision performance (f = 0.063, p = .015). 1In the direct effects model (Model
2), transparency significantly improved decision performance (8 = 0.032, p = .031),
while explainability had no significant effect (8 = 0.006, p = .709). Notably, the
interaction between transparency and explainability was again negative and significant
(B = —0.068, p = .004), once again indicating a sub-additive pattern. To validate the
indirect path, we estimated a third model predicting confidence in the GenAl assistant
using transparency and explainability as independent variables. Results indicated that
transparency significantly increased confidence in the GenAl assistant (8 = 0.131,
p < .001), and the results of these partial models in Appendix, Section B.2, Table

B.20 indicate a possible mediation effect of confidence in the GenAl assistant between
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transparency and decision performance.

To test the mediation hypothesis without breaking the normality assumptions, we
implemented a nonparametric bootstrap approach with 5,000 iterations using the boot
package in R (Hayes, 2017). Specifically, at each bootstrap iteration, a resampled dataset
was generated with replacement. Separate linear mixed-effects models were fit on each
resample to estimate the effect of transparency on confidence (path @) and the effect of
confidence on decision performance (path b). The product a x b was computed to obtain
the indirect effect estimate for that iteration.

Based on 5,000 bootstrap samples, the 95% percentile-based confidence interval for
the indirect effect was [0.0013, 0.0168], indicating that the mediation effect is statistically
significant, as the confidence interval does not include zero. These results provide
additional support confirming that transparency increases decision performance partially

through its positive impact on users’ confidence in the GenAl assistant.

Attentional Resource Allocation

To examine how transparency and explainability influence attention allocated on the
decision interface (H5), we estimated a linear mixed-effects model using trial-level data
with valid eye-tracking measurements (N = 808), with participant-level random intercepts.
The dependent variable was the log-transformed fixation duration on the SAP-based
decision interface, adjusted for trial duration.

The results support both H5a and H5b. Transparency significantly reduced attention
allocation on the decision interface (f = —0.061, p < .001), and explainability also had
a significant negative effect (3 = —0.038, p = .0096). The model explained 6% of the
variance in attention allocation (R2, = .06), (R? = .42).

Control variables showed mixed effects. While trial number within block had a
significant positive effect (8 = 0.008, p < .001), block number was marginally significant

(B = —0.017, p = .060), suggesting potential adaptation effects across blocks.
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Attentional Resource Allocation and Decision Performance

To test whether attention allocation mediates the relationship between GenAl design
features and decision performance (H7), we estimated a linear mixed-effects model using
trial-level observations (N = 799) with random intercepts by participant. In the full
model (Model 1), reduced attention allocation, measured as the percentage of time spent
fixating on the decision interface, significantly predicted higher decision performance
(B = —0.109, p = .010). In the direct effects model (Model 2), transparency significantly
improved decision performance (3 = 0.034, p = .042), whereas explainability had no
significant (f = 0.002, p = .906). To test the mediating role of attention allocation,
we estimated a third model predicting fixation duration. Transparency (8 = —0.060,
p < .001) and explainability (8 = —0.042, p = .004) both significantly reduced attention
allocation, supporting a potential indirect effect. Full model details are reported in
Appendix, Section B.2, Table B.23.

To test the mediation hypothesis without assuming normality, we applied a nonpara-
metric bootstrap procedure with 5,000 iterations using the boot package in R (Hayes,
2017). At each iteration, a resampled dataset was created with replacement, and separate
linear mixed-effects models were fit to estimate the effect of transparency on fixation
duration on the decision interface (path a) and the effect of fixation duration on decision
performance (path b). The product a x b was computed to obtain an indirect effect
estimate for that iteration.

The 95% percentile-based bootstrap confidence interval for the indirect effect was
[0.0017, 0.0133], indicating statistical significance, as the interval excludes zero. These
results support the presence of a significant indirect path from transparency to decision
performance via fixation duration. Since the direct effect of transparency on decision
performance remained significant after controlling for the mediator, the results indicate a

partial mediation effect.
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Attention Shift Rate

To examine how transparency and explainability influence participants’ attention shift
rates (H6), we estimated a linear mixed-effects model using trial-level data with valid
eye-tracking measurements (N = 799), with participant-level random intercepts. The
dependent variable was the natural logarithm of attention shift saccade counts per trial.

The model results provide support for H5a only. Transparency had a negative effect
on attention shifts (8 = —0.13, p = .024), suggesting that users exposed to higher
transparency exhibited lower attention shift rates. Explainability did not have a significant
effect on attention shift rates of participants (8 = —0.08, p = .155). The model explained
8% of the variance in the rate of attention shifts between the GenAl assistant and the
decision interface (R2, = .08), (R? = .46).

Saccade frequency decreased across experimental blocks (8 = —0.203, p < .001) and

with increasing trial number within each block (8 = —0.054, p < .001).

Attention Shift Rate and Decision Performance

To test whether attention shift rates mediate the effects of transparency and explainability
on decision performance (H8), we estimated a series of linear mixed-effects models at the
trial level (N = 799). In the full model including attention shifts (Model 1), the coefficient
for log-transformed attention shift saccade count was negative but not significant (8 =
—0.014, p = .171). The interaction between transparency and explainability remained
significant (8 = —0.069, p = .008), with minimal attenuation compared to the model
excluding the mediator (Model 2: B = —0.070, p = .007).

In the mediator model (Model 3), transparency significantly reduced attention shifts
(B = —0.133, p = .025), while explainability and the interaction term had no significant
effects. Overall, these results indicate that attention shift rates were influenced by
transparency but did not significantly mediate its effect on performance. Full model

details are reported in Appendix, Section B.2, Table B.24.
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Figure 2.5: Validated research model.
Table 2.1: Hypothesis Testing Summary
Hypothesis t-value p-value Significance
Hla: Transparency increases users’ perceived understand- 4.77 <.001 HokE
ing of the GenAl assistant.
H1b: Explainability increases users’ perceived understand- 2.49 .008 wE
ing of the GenAl assistant.
H2a: Transparency increases users’ confidence in the 3.33 0.001 wok
GenAl assistant.
H2b: Explainability increases users’ confidence in the 0.47 0.319 n.s
GenAl assistant.
H3: Users’ perceived understanding of the GenAl assistant 1.36 0.089 n.s
leads to an increase in their decision performance.
H4: Users’ confidence in the GenAl assistant leads to an 2.37 0.009 HE
increase in their decision performance.
H5a: Transparency reduces attention allocated on the  -4.06 <0.001 HAE
decision interface.
H5b: Explainability reduces attention allocated on the — -2.88 0.002 wok
decision interface.
Hé6a: Transparency reduces the rate of attention shifts -2.25 0.013 *
between the GenAl assistant and the decision interface.
H6b: Explainability reduces the rate of attention shifts -1.42 0.078 n.s
between the GenAl assistant and the decision interface.
H7: Attention allocated to the decision interface is associ- -2.59 0.005 o
ated with a lower decision performance.
HB8: Attention shift rate is associated with a lower decision ~ -1.37 0.171 n.s



2.5.4 Post-Hoc Analysis of Interaction Effects

To further explore how transparency and explainability interact in shaping user
outcomes, we examined the interaction term between these two design features in our
models predicting perceived understanding, confidence in the GenAl assistant, attention
allocation, and attention shift rates.

Across these tests, the interaction term consistently indicated a substitution effect
between transparency and explainability. For perceived understanding (f = —0.21,
p = .009) and confidence (B = —0.098, p = .044), the interaction was significantly
negative, indicating that the combination of transparency and explainability did not yield
additional benefits beyond those of each feature alone. In the model predicting saccade
behavior, the interaction was also negative and significant (8 = —0.10, p = .004). In the
model predicting fixation duration, the interaction term was not statistically significant

(B =0.013, p = .562).

2.5.5 Post-Hoc Analysis of Temporal Decline in Attention Shift
Rates

To explore how attention shift rates evolve over repeated interactions with GenAl assis-
tants, we conducted a post-hoc survival analysis using data from the first experimental
block. The objective was to determine whether participants in different experimental
conditions showed varying rates of change in their gaze behavior, specifically attention
shifts.

A participant was considered to have “stabilized” once their trial-level attention
shifts dropped below 60% of their initial saccade count within the same block. This
threshold captures a sustained reduction in attention shift rates, which can be interpreted
as decreased verification behavior and increasing reliance on the GenAl assistant over
time. The analysis was based on 421 trial-level observations from 57 participants.

Kaplan-Meier survival curves were estimated for the four experimental conditions

defined by the two levels of transparency and explainability. A log-rank test
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confirmed that stabilization rates significantly differed across conditions (p = .038).
Participants exposed to high transparency reached stabilization earlier, while those in high
explainability conditions showed a slower rate of decline in attention shift rates.

Robustness checks were conducted using alternative stabilization thresholds (55%,
50%, 40%, and 30% of the participant’s initial saccade count), which yielded consistent
patterns. In addition, descriptive statistics on initial attention shift rates indicate no
substantial differences in baseline saccade counts in conditions with high transparency
(Table B.16 in Appendix, Section B.2 ). This confirms that the faster decline observed in
transparency conditions is not due to initially higher levels of attention shift rates.

The Kaplan-Meier curves for all experimental conditions are presented in Figure 2.6.
According to the plot, participants across all conditions reach stabilization at around the

eighth trial within an experimental block.

Conditions=*- Low Transparency & Low Explainability === High Transparency & Low Explainability

== Low Transparency & High Explainability High Transparency & High Explainability

1.00- -

iﬁ | 1

0.75-

0.50-

% Not Stabilized

0.25-

p =0.015

0.00-
0 2 4 6 8 1
Trial Number (Within Block)
Figure 2.6: Kaplan-Meier fit plot corresponding to the change in attention shift rates over
trials. This plot indicates that the conditions with high transparency reach stabilization,
i.e., 40% of a participant’s initial attention shift rates, faster.
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2.5.6 Post-Hoc Analysis of Long-Term Effects

Motivated by the observed behavioral shifts over time across experimental conditions,
we conducted an additional exploratory analysis to better understand how transparency
and explainability influence users’ confidence in the GenAl assistant and their decision
performance after having exposure to it for a number of repetitions. Specifically, we
re-estimated the models for Hypotheses 3c and 3d using only the final two trials within
each experimental block. These trials correspond to later stages of the interaction, during
which participants had gained experience with the GenAl assistant. As indicated by the
post-hoc analysis results shown in Figure 2.6, attention shift rates tended to stabilize at
this point, making it an appropriate window to assess long-term effects.

Three models were estimated using 171 trial-level observations from 55 participants.
First, we examined whether participants’ confidence in the GenAl assistant predicted
decision performance (Model 1). The results revealed no statistically significant
relationship between confidence in the GenAl assistant and performance (f = 0.026,
p = 0.565), suggesting that confidence was not a significant performance driver in the
later stages of interaction. Second, we estimated a model excluding confidence to evaluate
the direct effects of transparency and explainability on performance (Model 2). Both
transparency (8 = 0.052, p =0.027, one-tailed) and explainability (8 = 0.050, p =0.032,
one-tailed) had a significant positive effect on performance. Moreover, their interaction
remained negative and significant (8 = —0.099, p = 0.016), confirming the sub-additive
pattern observed in prior analyses. Third, we assessed the impact of transparency and
explainability on confidence (Model 3). Transparency significantly increased confidence
in the GenAlI assistant (8 = 0.171, p < .001), as well as explainability (8 = 0.074,
p = 0.043, one-tailed). Their interaction was not significant. Taken together, the findings
indicate that transparency serves as an early enabler of decision performance, while
explainability gains significance with continued interaction—highlighting its growing

role of explainability as users become more familiar with the GenAl assistant.
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2.6 Discussion

2.6.1 Key Findings

Drawing on the Situation Awareness (SA) model, this study investigated how transparency
and explainability in GenAl assistant design influence users’ cognitive states and decision
outcomes during dynamic task settings. The SA model conceptualizes situation awareness
as comprising perception, comprehension, and projection, and identifies system design
as a primary external factor shaping these cognitive processes (Endsley, 1995; Endsley
et al., 2003). Our results provide empirical support for this model in the context of
GenAl assistant use in organizational decision-making, and highlight how specific design
features influence user attention, confidence in the GenAl assistant, and performance over
time. Below, we summarize our key findings and present the hypothesis tests in Table 2.1.

First, both transparency and explainability independently improved users’ perceived
understanding of and confidence in the GenAl assistant (Hla, H1b). These results align
with the SA model’s emphasis on system-level factors in supporting perception and
comprehension (Endsley, 1995; Endsley et al., 2003). As Endsley notes, the acquisition
and display of relevant environmental information are foundational for SA formation
(Endsley, 1995, p. 50). Our findings involving self-reported perceived understanding
measurements suggest that GenAl assistants, when designed to communicate intent and
rationale clearly, can facilitate SA development.

Second, transparency significantly increased users’ confidence in the GenAl assistant
(H2a), whereas explainability did not have a statistically significant effect on this outcome
(H2b). This suggests that transparency enables users to predict the assistant’s behavior
more effectively, leading to higher confidence in the GenAl assistant. On the other hand,
given that participants had only 10 trials with each GenAl assistant, the lack of support
for H2b may mean that, in the initial 10 interactions, an AI’s justifications of individual
recommendations are not as effective as detailed, step-by-step process information. As

transparency maps more with Level 1 and 2 SA whereas explainability maps more with
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Level 2 SA; these findings support the overall structure of the SA model where decision-
makers build each level of their SA by building on top of each level.

Third, hypotheses H3a and H3b were not supported: perceived understanding did not
mediate the relationship between transparency/explainability and decision performance.
One plausible explanation relates to the timing of measurement. Perceived understanding
was assessed after an experimental block of ten trials, while decision performance was
captured across those ten trials and then averaged. If understanding improved gradually
across trials, the end-of-block measurement may not have captured its early influence on
behavior.

Fourth, H3c and H6a were supported: confidence in the GenAl assistant and attention
allocation significantly mediated the relationship between transparency and decision
performance. These mediation effects highlight the role of projection in facilitating
effective human-Al interaction. By providing insight into system behavior, transparency
facilitates users’ confidence in the GenAl assistant, reduces the need to allocate attention
on source data, and eventually improves performance. In contrast, H3d was not supported:
explainability did not influence decision performance, neither directly nor through
confidence, at least in the early phases of interaction. However, it is important to note
that our experimental design included 10 repeated interactions, meaning that our findings
were observed during the first 10 interactions. Although interaction over ten decision-
making cycles does not only represent use immediately after adoption, it still reflects an
early period in continued use. Yet post-hoc analyses revealed that explainability’s direct
effect on performance became significant in later trials, suggesting its influence may grow
with repeated exposure.

Fifth, findings from H4a, H4b, H5a, and H5b indicate that when GenAl assistants
lack transparency or explainability, users compensate by exhibiting more attention shifts,
potentially in an attempt to verify or confirm the information generated by the GenAl
assistant. Such verification behaviors are most likely an indication of participants’
attempts to construct their SA and their understanding of the GenAl assistant’s behavior.

The tested model explained approximately 16% of the variance in decision perfor-
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mance, indicating that cognitive, attentional, and design factors examined in this study
account for a meaningful portion of performance outcomes. However, prior research
suggests that additional individual factors such as prior experience, task-relevant knowl-
edge, risk aversion, and individual decision strategies also contribute to decision perfor-
mance and may explain the remaining variability (Bolton and Katok, 2008; Christensen-
Szalanski and Beach, 1982; De Vericourt et al., 2013; Ericsson and Lehmann, 1996; Oz
et al., 2020).

In addition, a post-hoc survival analysis of the attention shift rates over time revealed
that even though transparency does not immediately reduce attention shift rates in initial
interactions, it accelerates the rate of decline over time. The analysis showed that
participants across all conditions exhibited a general reduction in saccades between the
GenAl assistant and decision interface by the eighth trial. More interestingly, those
exposed to high transparency conditions stabilized significantly earlier than those exposed
to explainability in the GenAl assistant they used. By revealing general system logic,
transparency appears to facilitate faster development of reusable mental models of the
GenAl assistant, thereby reducing the need for ongoing cross-checking. This difference
in attention shift rates across transparency and explainability is in line with the SA model,
which posits that adaptive projection is enhanced when comprehension is based on stable
and reusable mental representations. This finding also aligns with prior hypotheses
from the algorithm aversion literature, which indicate that user confidence in algorithmic
systems is dynamic and sensitive to design (Prahl and Van Swol, 2017; Logg et al., 2019),
and that effective explanations can facilitate better trust calibration over time (Tomsett
et al., 2020; Zhang et al., 2020).

An additional insight emerged from our analysis of control variables. Neither AICP-
W (automation induced complacency potential) (Merritt et al., 2019) nor computer
self-efficacy (Compeau and Higgins, 1995) significantly predicted users’ perceived
understanding, confidence in the GenAl assistant, or decision performance. In contrast,
transparency and explainability demonstrated statistically significant relationships with

most of these outcomes. These findings highlight that effective human-Al interaction
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is primarily a design challenge and user preconceptions about automation or individual
differences in manual task efficacy are less relevant. In other words, effective SA in Al-
supported decision-making depends less on who the user is and more on how the system
is designed to support what the user sees and understands.

In post-hoc analyses, we also examined how the simultaneous presence of trans-
parency and explainability influenced outcomes by testing the interaction term between
them. Surprisingly, the interaction did not yield additive benefits, but instead exhibited
a substitution effect. In other words, when both features were present, perceived un-
derstanding and confidence in the GenAl assistant did not increase beyond the levels
observed when either was presented alone. Moreover, this substitution effect persisted in
the manipulations’ impact on participants’ information processing efficiency. This pattern
suggests that increasing the amount of information provided by the GenAl assistant does
not necessarily improve user outcomes and may, under certain conditions, introduce cog-
nitive demands that compromise the effectiveness of system design. This supports the SA
model’s argument that in high-automation environments, increases in perceived system

complexity can degrade user SA (Endsley, 1995).

2.6.2 Theoretical Contributions

This study makes three primary theoretical contributions. First, it extends the behavioral
operations and decision-making literature by examining how GenAl assistance influences
decision outcomes in a common planning task in operations management (Schweitzer
and Cachon, 2000; Kremer and Minner, 2008; Kremer et al., 2010; Benzion et al.,
2008). While prior studies have focused on task difficulty and behavioral deviations
from normative benchmarks, our work shifts attention to GenAl interaction design and
its downstream effects on performance. Moreover, as highlighted by Wang et al. (2025),
focusing on such an important paradigm for a large research field not only strengthens
the practical utility of the study but also is a good starting point for making a theoretical

contribution. As human-AlI interaction is a rapidly evolving research field, a theoretical
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contribution of such an initiative nature is especially important. The extant literature
in human-Al interaction often provides pieces of empirical evidence for fragmented
arguments, with little focus on an integrative theoretical understanding. Our study
contributes to the existing discussion on human-Al interactions by exemplifying the use
of an established theoretical lens, SA model, in understanding human-Al interaction
dynamics both in initial use and continued use settings.

Regarding the second source of theoretical contributions, this study contributes
conceptual clarity by disentangling and operationalizing two often conflated constructs:
transparency and explainability. We provide precise definitions from existing frameworks
(Chen et al., 2014; Vilone and Longo, 2021), and illustrate a clear method to instantiate
each construct in a GenAl assistant context. Considering the increasing popularity and
importance of GenAl use in organizations, this study follows Whetten’s (1989) calls for
introducing new constructs and situating them within a coherent nomological network.

Our third theoretical contribution stems from our theorizing of relationships between
new constructs and testing these relationships (Whetten, 1989). Inspired by the SA
model, we identify transparency and explainability as relevant design features in the
context of human-Al interactions, theorize relationships involving them, and test these
hypothesized relationships in an ecologically valid setting using non-intrusive real-time
measurement methods. Our findings clarify when and how design attributes improve or
hinder performance by highlighting GenAl design as an explanation of the inconsistent
results in the literature on algorithmic advice-taking (Bansal et al., 2021; Dietvorst et al.,
2015; Allen and Choudhury, 2022; Anaraky et al., 2020). In line with Whetten’s (1989)
view that theoretical contributions emerge when new constructs change causal maps,
we show that design attributes influence user reliance and cognitive responses to GenAl
assistants, rather than treating algorithmic use as a binary adoption decision.

Beyond these core contributions, the study introduces several methodological and
empirical innovations that will support future theoretical development efforts. First,
we embed the GenAl assistant into a realistic ERP simulation using publicly available

tools, thus illustrate a new method to address concerns about ecological validity in eye-
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tracking research (Balapour and Riedl, 2025). We use real-time physiological measures
to capture attention allocation and attention shifts as measures of information processing
behaviors, and propose them as behavioral proxies for user confidence in the GenAl
assistant (Schulz and Knierim, 2024). Furthermore, we model temporal dynamics in user
attention allocation and demonstrate that human-Al interaction evolves over time. By
empirically validating this dynamic aspect, we highlight the importance of longitudinal
effects in studying GenAl systems.

Collectively, our results empirically support our key suggestion that GenAl assistant
design characteristics constitute important dimensions of human-Al interaction. We
identify a design trade-off between improved understanding and increased cognitive
demand, and empirically validate that more explanations are not always better in a GenAl
assistant context. By introducing critical system design variables and illustrating their
instantiation in an experimental design, this study significantly advances the human-Al

interaction research.

2.6.3 Methodological Contributions

This study introduces several methodological innovations that can be used to advance
the empirical investigation of human—AlI interaction in information systems and decision
sciences.

First, we present a theoretically grounded and independently manipulated experi-
mental design that clearly distinguishes between transparency and explainability, two
constructs often conflated in prior work. Drawing on established definitions from the
literature (Chen et al., 2014; Vilone and Longo, 2021), we operationalize transparency as
access to general information about the AI’s decision logic and explainability as post-
hoc justifications for specific outputs. This conceptual distinction allows for precise
hypothesis testing and provides a replicable framework for future studies.

Second, we extend the methodological scope of eye-tracking in information systems

research by extending the use of two complementary attention metrics, attentional
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allocation and attention shift rate, in a GenAl assistant context. Attentional allocation was
measured by gaze fixation duration within predefined AOIs, corresponding to the GenAl
assistant and the decision interface. Prior work in reading and problem-solving shows that
selective, reduced fixation reflects fluency and familiarity (Rayner et al., 2011; Engbert
et al., 2005; Dogusoy-Taylan and Cagiltay, 2014), while broader and longer fixations
correlate with cognitive load and task novelty (Jacob and Karn, 2003). We adapt these
findings to the GenAl context, treating reduced fixation on raw data sources as a signal of
increased reliance on the assistant.

Attention shift rate captures the frequency of saccades between AOIs, serving as
an index of verification and information-seeking behavior. This metric draws from
research in diagnostic reasoning and decision support, where increased transitions
indicate uncertainty (O’Neill et al., 2011; Tiersma et al., 2003; Burch et al., 2011). In
our context, we interpret attention shifts as attempts to verify GenAl outputs, therefore
consider fewer attention shifts as an indicator of a better understanding of the GenAl
assistant.

Third, this study illustrates the use of business simulations such as ERPsim to conduct
realistic, multi-trial experiments that expose participants to an IS use case that is continued
in the same decision-making environment across the trials within the experiment. By
modeling each trial as the follow-up of the previous trial, this experimental design kept
the core task and the main data points consistent, while incorporating small changes
across trials, such as ones happening in day-to-day real-life business scenarios. By
introducing such an approach, we modeled human—Al interaction as a temporal process
rather than a static decision event. Each participant completed ten sequential decision-
making trials, allowing us to capture the evolution of their confidence, attention allocation,
and performance. With our post-hoc analyses, we illustrated the possibility of conducting
tests on the evolution of user perceptions and performance over time as a function of
our experimental manipulations. Unlike typical cross-sectional decision studies, this
approach may be expanded to mirror real-world continued usage where users repeatedly

use an information system in the same decision-making environment and gradually form
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calibrated responses.

2.6.4 Practical Implications

This study offers several actionable insights for the design of GenAl assistants in
enterprise decision-support contexts.

First, minimalistic GenAl responses that omit transparency and explainability fail
to enhance decision performance and may inadvertently increase cognitive workload by
forcing users to verify system outputs externally. Users exposed to such designs lead to
higher levels of attention shift rates, indicating uncertainty and reduced confidence in the
GenAl assistant. These findings challenge the often-assumed efficiency of quick, direct
GenAl outputs and call for a more deliberate approach to balancing short outputs with
informative content.

Second, our results show that transparency and explainability function as imperfect
substitutes. Simultaneously providing both can overwhelm users without yielding
additive benefits. Thus, organizations embedding GenAl into their workflows should
avoid indiscriminate inclusion of system-level and output-level explanations. Instead,
system design should either prioritize transparency or explainability, depending on the
individual user’s past experience with that specific GenAl assistant.

On that note, transparency not only improves initial perceptions but also accelerates
users’ adaptation by reducing attention shift rates in later interactions. However, as
user experience with the GenAl assistant increases, the importance of explainability in
determining decision performance also increases. This finding highlights the value of
designing GenAl assistants that apply memory-based adaptations to change the tone of
conversations over time across repeated use. Our results indicate that developers can
design their GenAl assistants to prioritize transparency in initial user interactions, with
a gradual shift to increased explainability and reduced transparency as the user gains
experience using the GenAl assistant in similar decision-making tasks.

Finally, our use of saccade-based attention metrics reveals that attention shift rate is a
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meaningful proxy for user confidence in a GenAl assistant. As eye-tracking capabilities
become increasingly integrated into consumer devices, there is an opportunity for GenAl
systems to become more adaptive and responsive to real-time user states. Our findings
illustrate the usefulness of two eye-tracking metrics that can be used in the design of
such attention-aware GenAl assistants that dynamically adjust output complexity based

on observed user states.

2.6.5 Limitations and Future Research

As with all empirical research, our findings should be interpreted within the boundaries of
the study design. In addition, discussing these limitations is important as they also offer
meaningful directions for future inquiry.

First, the responses produced by our GenAl assistant were based on a fixed
configuration of model temperature and randomness parameters. Although we configured
the assistant to produce consistent and appropriate output structures, different parameter
settings in different decision-making contexts might yield more uniform outputs. Future
research should systematically examine how controllable system hyperparameters, e.g.,
temperature, top-p sampling, can be used to influence user understanding, cognitive load,
and confidence in the GenAl assistant over time.

Second, the decision task used in our study was grounded in a well-established
experimental paradigm in the behavioral decision-making literature. = While this
setup streamlined our study’s experiment design process, it reflects a single type of
structured decision-making context. Further studies should extend this line of inquiry
to organizational decisions involving other knowledge work tasks such as knowledge
generation and knowledge integration.

Third, our experimental design required participants to submit decisions using a
decision interface while receiving decision support recommendations from a separate
GenAl assistant interface. This two-interface setup was a deliberate methodological

choice to facilitate the clear measurement of user behavior, particularly attentional shifts
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(via eye-tracking), between direct task engagement and interaction with the GenAl. This
visual design choice mirrors several real-world GenAl implementations and interaction
patterns where users consult an assistant alongside primary task interfaces or verify
GenAl outputs against distinct information sources (e.g., GitHub Copilot’s separate
panel on Microsoft Visual Studio Code, SAP Joule’s prototype illustrations where it
shows links to source data, or features in Google Gemini and OpenAl ChatGPT that
link to external information). We therefore believe our experimental environment has
relevance for many GenAl interaction scenarios involving decision-making. However, it
is important to note that because our specific eye-tracking metrics (such as saccade counts
and fixation durations on distinct interface areas) depended on this two-interface design,
their direct applicability to GenAl implementations that serve as a sole user interface
for both information access and decision submission may be limited. Regardless of
this measurement consideration, we maintain that the fundamental cognitive switches
involved in managing an agentic entity through natural language as part of an additional
cognitive layer are likely to persist even in fully integrated GenAl environments. Future
research could explore how these cognitive switches manifest and can be effectively
measured in single-interface GenAl decision support systems.

Fourth, confidence in the GenAl assistant was measured using a single-item
indicator to enable repeated assessment across trials while minimizing participant fatigue.
Although appropriate for capturing dynamic, trial-level evaluations of perceived system
ability, this operationalization may not fully capture the broader range of cognitive
evaluations users form when assessing Al systems. Future research should employ
more comprehensive multi-item instruments to examine additional dimensions of users’
assessment of system ability and investigate how richer confidence measurements evolve
across extended human—AlI interaction contexts. In addition, confidence was measured
only prior to the performance report. Future work should examine differences between
confidence assessed before observing objective outcomes and confidence measured after
outcome feedback, to better understand how performance feedback influences user

confidence in Al systems.
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2.7 Conclusion

This study examined how a GenAl assistant’s transparency and explainability influence
user understanding, attention, and decision performance in enterprise decision-support
contexts. Grounded in the Situation Awareness (SA) model, we theorized and empirically
tested how these design features affect users’ perceptions and behaviors across repeated
interactions. By embedding a GenAl assistant into a realistic ERP simulation and using
eye-tracking to monitor users’ information processing behaviors, we offer a framework
for designing effective human-Al interaction in dynamic enterprise environments. Our
findings show that transparency improves initial understanding and reduces verification
effort over time, while explainability starts to positively influence decision performance
in later interactions. Moreover, we find that transparency and explainability are imperfect
substitutes; thus, effective GenAl assistant designs should prioritize transparency during

early use and gradually shift toward explainability to optimize user outcomes over time.
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Chapter 3

User Control in Human-AI Interaction:
How AI Configuration Shapes User

Attention and Error Responses

Abstract

As artificial intelligence (AI) systems become increasingly integrated into knowledge-
intensive decision tasks, it is critical to understand how interaction design shapes users’
attentional processes and information-processing efficiency. Prior research has empha-
sized transparency and explainability as mechanisms to improve user comprehension
of Al recommendations, yet their effectiveness depends on users’ attentional allocation

and remains empirically inconclusive. Rather than focusing on explanations, this study
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examines whether providing access to Al configuration, a design affordance intended to
give users a sense of influence over how the Al generates its recommendation, improves
attention, information-processing efficiency, error detection, and decision performance.
In a mixed-factorial NeurolS experiment, 48 participants completed 76 consecutive Al-
assisted demand-forecasting tasks in a business simulation. Participants were assigned
to either a configuration condition, where they set parameters they believed shaped the
forthcoming Al recommendation, or a no-configuration condition. From the user’s per-
spective, configuring these parameters offered an opportunity to influence the AI’s out-
put. However, despite one group’s configuration input, all participants within this study
received identical Al-generated recommendations, ensuring that any between-condition
differences reflected the perceptual impact of the configuration affordance rather than
actual variation in model behavior. In addition, Al accuracy was manipulated within
participants to examine responses to erroneous recommendations. Using eye-tracking,
electroencephalography (EEG), behavioral data, and self-reports, the study finds that
access to configuration increased perceived autonomy, strengthened attentional responses
to Al errors, reduced visual verification durations, and enhanced users’ confidence and
understanding of the Al assistant. Participants with configuration access also recovered
confidence more rapidly following erroneous recommendations. These findings highlight
the importance of supporting users’ autonomy by providing them with affordances to
be involved into Al-assisted decision interfaces to sustain attention, improve processing

efficiency, and stabilize confidence in Al.

3.1 Introduction

The capabilities of artificial intelligence (AI) systems continue to grow, enabling
organizations to automate an increasing number of decision-making tasks across
industries (Currie et al., 2019; Faraj et al., 2018; Fourcade and Khonsari, 2019; Giger,
2018). These systems are widely adopted to reduce costs, streamline operations,

and enhance decision quality in business environments. As Al systems take on
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roles traditionally held by human experts, human-Al interaction becomes central to
many organizational workflows. Such dynamics are especially critical in high-stakes,
knowledge-intensive domains like supply chain management, where Al recommendations
increasingly shape operational decisions (Toorajipour et al., 2021).

Despite these advances, the notion of fully autonomous Al remains unrealistic in
many complex domains due to ethical, social, and operational concerns regarding the use
of algorithmic decision-making (Akhtar and Mian, 2018; Anderson, 2019; Ferrer et al.,
2021). As a result, hybrid human-Al systems have emerged, combining the analytical
power of Al with human judgment, particularly in tasks that require both structured
analytics approaches and interpretation of context-specific unstructured cues (Endsley,
2023; Rai et al., 2019).

A key challenge in human-Al decision-making is calibrating user confidence in Al
recommendations relative to these systems’ actual accuracy. Past evidence indicates
that users often miscalibrate their confidence in Al-generated recommendations. Some
undervalue algorithmic input despite its accuracy, e.g., algorithm aversion (Dietvorst
et al., 2015; Allen and Choudhury, 2022; Kesavan and Kushwaha, 2020), while others
depend on Al outputs without sufficient scrutiny, e.g., algorithm complacency (Merritt
et al., 2019; Anaraky et al., 2020; Liu, 2024; Parasuraman and Manzey, 2010). Both
patterns of miscalibrated confidence in Al lead to reduced decision quality and undermine
the potential of Al implementations in organizations (Dwivedi et al., 2021; Faraj et al.,
2018).

To address this challenge of calibrating user confidence in Al assistants, two primary
design strategies have been proposed to improve user perceptions and behaviors in
human-AlI interaction: increasing system transparency through explanations (Jiang et al.,
2023), and enhancing user control and perceived autonomy in human-Al interactions
(Haesevoets et al., 2021; Herrmann, 2025; Westphal et al., 2023). While explanation-
based approaches aim to improve understanding by revealing how Al systems arrive at
their recommendations, findings on their effectiveness are inconclusive. Some studies

report that explanations improve user trust and compliance, while others find that they
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increase task complexity, cognitive load, or even lead to negative side effects like longer
decision times and reduced engagement (Bansal et al., 2021; Cecil et al., 2024; Giboney
et al., 2015; Kizilcec, 2016; Zhang et al., 2020). These mixed results suggest that
explanations alone may not be sufficient to improve user outcomes, especially when they
are unclear, overly complex, or misaligned with user needs (Ahn et al., 2021; Kizilcec,
2016; Nunes et al., 2012).

On the other hand, user control in human—Al interaction has typically been
operationalized as allowing users to edit or override an AI’s recommended action before
execution (Westphal et al., 2023). Far less is known about forms of control that give
users a greater sense of autonomy in the interaction and allow them to influence how the
Al generates its recommendation, such as configuring parameters to shape the perceived
relevance or quality of the output. Moreover, prior work on user control has largely
examined tasks in which Al outputs are accurate (Burton et al., 2020; Dietvorst et al.,
2018; Westphal et al., 2023). In practice, however, real-world Al systems inevitably
produce errors due to shifting contexts, limited data, or imperfect reasoning. Little is
known about how users respond when Al systems make such mistakes, or how giving
users an increased perception of autonomy in shaping the AI’s behavior affects their
reactions to erroneous recommendations.

Drawing on the situation awareness (SA) model and dual-systems theory (Endsley,
1995; Kahneman, 2011), we examine whether giving users the ability to configure as-
pects of the AI’'s recommendation process, a manipulation intended to create a greater
sense of autonomy and involvement, shapes the attentional and cognitive processes that
underlie confidence calibration in human—Al interaction. This perceived autonomy may
prompt users to engage more actively with the task, sustain attention during verification,
and respond more effectively when the Al produces erroneous recommendations. Ac-
cordingly, we investigate whether configuration affects information-processing efficiency,
confidence calibration, and error detection. More specifically, we address the following
research questions:

RQI: How does giving users the ability to configure the Al system’s parameters
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at the beginning of the decision process influence their calibration of confidence in Al
recommendations across varying levels of accuracy?

RQ2: How does giving users the ability to configure the Al system’s parameters
influence their attentional responses during Al-assisted decision making?

RQ3: How does giving users the ability to configure the Al system’s parameters affect
users’ detection and handling of erroneous Al recommendations?

We investigate these questions in a mixed-factorial laboratory experiment involving
a demand forecasting task completed over 76 trials. Participants were randomly
assigned to one of two groups: a configuration group given the ability to adjust Al
parameters intended to create a sense of influence over the Al, and a no-configuration
group. Al accuracy was manipulated within participants, so that all participants received
identical numeric Al recommendations, except for the randomly assigned 15 trials
with erroneous Al recommendations to simulate prediction errors. Throughout the
experiment, we recorded performance outcomes and real-time physiological measures
(electroencephalography (EEG) and eye-tracking) to capture users’ attentional responses
and processes.

Our work contributes to the empirical literature on human—AlI interaction in three
ways. First, we test whether giving users the ability to configure aspects of the
Al, thereby shaping their perception of autonomy in their Al interaction, improves
the calibration of their confidence as the system’s accuracy varies. Second, we
incorporate physiological measures that capture real-time attentional responses to Al
recommendations, complementing self-reported perceptions. Third, we extend current
research by examining user behavior under imperfect Al performance, responding to calls
to study how users adapt when Al systems produce errors.

The remainder of this paper is structured as follows. Section 2 reviews prior research
on human-Al interactions in organizational decision-making. Section 3 presents our
experimental design and measures. Section 4 reports the results. Finally, Section 5

discusses theoretical and practical implications, along with future research directions.
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3.2 Background

3.2.1 NeurolS Research

NeurolS is an interdisciplinary field that integrates neuroscience methods into information
systems (IS) research to examine users’ internal states and behaviors in response to
IS stimuli. A commonly adopted theoretical framework in this field is the Stimulus-
Organism-Response (SOR) model, which conceptualizes user behavior as a function of
environmental inputs (stimuli), internal cognitive-affective processing (organism), and
observable behavior (response) (Dimoka et al., 2012; Riedl et al., 2020).

In this framework, IS artifacts and system features serve as stimuli, triggering
organismic responses such as changes in attention or emotions, which then influence
attitudes and behavioral responses (see Figure 3.1). Neurophysiological methods,
including eye-tracking, electroencephalography (EEG), fMRI, and skin conductance, are
employed to capture the organismic layer in this process. These techniques offer access
to unconscious and rapid user responses that are often inaccessible through self-report

instruments (Dimoka et al., 2011; Kirwan et al., 2023).
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Figure 3.1: The role of physiological measures in IS research. Adapted from (Riedl and
Léger, 2016).

Two widely used tools in this domain are eye-tracking and EEG (Riedl et al.,
2020). Eye-tracking has been employed to examine attention allocation and information
processing behaviors in response to IS interfaces (Lin et al., 2016; Ahn et al., 2018),

while EEG has been used to monitor cognitive processes such as attentional engagement
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and cognitive load (Anderson et al., 2016; Karran et al., 2019; Wang et al., 2025). The
advantages of eye-tracking and EEG become particularly important in longitudinal or
repeated-task settings, where participant responses may fluctuate as a function of trial-
level within-participant manipulations (Lu and Sarter, 2019; Wang et al., 2024; Zhang
et al., 2024). In such contexts, relying only on self-reported or behavioral data to assess
how users processed Al errors and understood its boundary conditions is challenging,
as users may not be consciously aware of their detection process, may follow different
cognitive pathways to achieve similar behavioral outcomes, or may retrospectively
rationalize their behavior in self-reports. Accordingly, this study employs physiological
measures to gain deeper insight into users’ attentional and cognitive processes when
evaluating Al recommendations.

This study contributes to the NeurolS literature by responding to recent calls for
improved ecological validity in the NeurolS literature (Balapour and Riedl, 2025).
Although conducted in a controlled environment, it incorporates a relevant task paradigm
from the operations research literature within an enterprise resource planning (ERP)
system interface to create an event-related potentials experiment. With these design
choices, this study aims to improve our understanding of cognitive and attentional

processes in Al-assisted decision-making.

3.2.2 Human-Al Interaction in Organizational Decision-Making

Although Al systems have demonstrated remarkable capabilities in automating analytical
and decision-support tasks, they bring significant challenges that arise from their
complexity and opacity, a phenomenon often referred to as the "black box" problem of Al
(Adadi and Berrada, 2018). As these systems are implemented across domains and areas
of daily life, both Al experts and non-experts interact with them (Ribera and Lapedriza,
2019). However, Al models continue to face challenges such as hallucinations, context
misinterpretation, and poor generalization to novel or ambiguous scenarios due to gaps in

training data (Banh and Strobel, 2023; Faraj et al., 2018; Feuerriegel et al., 2024; Pettit
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et al., 2019; Sollner et al., 2025).

In response to such limitations, the human-in-the-loop paradigm is often implemented,
where Al is positioned as a decision-support assistant operating under human oversight
rather than as a fully autonomous agent (Karran et al., 2019). This design approach
assumes that human judgment provides critical inputs, such as contextual awareness,
ethical reasoning, and adaptive expertise, that Al systems cannot yet fully replicate (Faraj
et al., 2018). Nevertheless, empirical evidence reveals conflicting patterns in how users
engage with Al recommendations. On one hand, users may undervalue algorithmic
input, exhibiting algorithm aversion (Dietvorst et al., 2015; Allen and Choudhury, 2022;
Kesavan and Kushwaha, 2020). On the other hand, especially as system performance
improves, users may excessively rely on Al-generated decisions, a phenomenon known as
algorithm complacency (Merritt et al., 2019; Anaraky et al., 2020; Liu, 2024; Parasuraman
and Manzey, 2010).

The Situation Awareness (SA) model (Endsley, 1995; Endsley et al., 2003; Endsley,
2023) provides a suitable theoretical foundation for understanding human-Al interaction
dynamics (Jiang et al., 2023). Originally developed to explain human performance in
high-stakes environments such as aviation, the SA model conceptualizes human cognition
in three hierarchical levels: perception of relevant cues (Level 1), comprehension of
their meaning (Level 2), and projection of future system states (Level 3). In human-Al
interaction, users must not only perceive and interpret the AI’s outputs but also anticipate
how the system will behave under changing conditions. Failures at any level of SA,
whether due to insufficient perception of system output, poor comprehension of model
logic, or inaccurate projection of outcomes, can lead to both algorithm aversion and
complacency. Accordingly, understanding how Al design influences users’ attentional
processes and confidence is essential for sustaining appropriate reliance on Al systems.

Algorithm complacency has been linked to both individual and system-level factors.
Individuals with limited domain knowledge, reduced situation awareness, or lower self-
efficacy may feel less able to question or override Al outputs (Endsley, 2023). System

designs that obscure model uncertainty or fail to communicate boundary conditions can
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further reinforce blind trust in automation (Parasuraman and Manzey, 2010). At the
same time, design features intended to enhance user understanding, such as detailed
explanations in the form of system transparency, can also increase algorithm complacency
by encouraging unwarranted confidence in the system (Anaraky et al., 2020; Bowden
et al., 2023). Reduced human agency in Al-supported decision-making has also been
linked to algorithm compliance challenges. As the level of automation increases in
decision support workflows, the lack of user control in decision-making can cause humans
to lose vigilance and agency, thereby increasing algorithm complacency (Ferraro and
Mouloua, 2021; Merritt et al., 2019; Parasuraman and Manzey, 2010). This issue is
further amplified as reduced autonomy and increased overreliance lead users to allocate
less attention to the automated decision-making process, eventually increasing error
rates (Onnasch et al., 2014; Parasuraman and Manzey, 2010). A potential strategy to
increase users’ attentional engagement and help maintain their SA is to design systems
that enhance human agency in the decision-making process (Glikson and Woolley, 2020;
Hancock et al., 2020; Jiang et al., 2023).

This study aims to address these calls for research on the impact of user autonomy
on how users allocate attention, detect Al errors, and adjust their reliance on the system
across repeated interactions. It does so by providing users with a configuration interface
designed to create the perception that they can influence how the AI generates its
recommendation. This configuration affordance is intended to increase users’ perceived
autonomy, thereby encouraging more active engagement with SA processes across
perception, comprehension, and projection. By using neurophysiological, behavioral, and
self-reported perceptual data, this study further aims to clarify how interaction design
shapes attentional responses to Al recommendations and users’ capacity to maintain

effective oversight in organizational decision-making environments.
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3.3 Hypothesis Development

3.3.1 AI Errors and Confidence in the AI Assistant

Confidence in an Al assistant refers to the "trustor’s perception of the trustee’s (in this
case an Al) ability to perform a given task" (Chong et al., 2022, p. 2). In human-
in-the-loop human-Al interaction settings, this perception must remain calibrated to the
actual capabilities and limitations of the system to support effective decision-making (Lee
and See, 2004). Unlike trust, which is commonly conceptualized as a multidimensional
construct encompassing dimensions such as ability, benevolence, and integrity (e.g., Barki
et al. 2015), our conceptualization of confidence focuses specifically on users’ assessment
of system ability.

According to the SA model, users continuously perceive, comprehend, and project
information to maintain an understanding of their operational environment (Endsley,
1995). When interacting with Al systems, users form a mental model of the system’s
reliability that supports this awareness process. Errors generated by the Al act as
discrepant feedback signals that violate user expectations, prompting re-evaluation and
reallocation of attention toward diagnostic or corrective actions (Bansal et al., 2021; Zhou
and Chen, 2019). This process aligns with the negative feedback loop conceptualized in
the threat avoidance model, in which individuals detect deviations from goal-congruent
performance and adjust their behavior to minimize risk or restore control (Liang and Xue,
2009). As the AI’s output diverges from task objectives, users interpret the discrepancy as
a potential threat to goal attainment, triggering a regulatory response that includes lowered
adherence to Al recommendations and reduced confidence in the Al assistant.

Empirical findings from the human-Al interaction literature demonstrate that users’
confidence in an Al assistant is highly sensitive to system performance (De Visser
et al., 2020; Dzindolet et al., 2003; Hancock et al., 2011; Manzey et al., 2012; Mayer
et al., 1995). Even minor deviations or errors in Al recommendations can undermine

perceptions of reliability, as users infer incompetence or instability in the underlying
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algorithm. Evidence from human-robot interaction experiments shows that frequent or
salient errors significantly reduce confidence in and willingness to rely on automation
(De Visser et al., 2020; Xu et al., 2025). Moreover, performance-based factors,
including decision accuracy and failure rate, exert the strongest influence on the build-
up and maintenance of confidence in automation within human-machine interactions
(Hancock et al., 2011). Accordingly, in Al-assisted decision-making contexts, erroneous
recommendations are expected to lead to a measurable decline in users’ confidence in the
Al recommendation system.

H1: Erroneous Al recommendations will lead to lower user confidence in the Al

assistant than non-erroneous recommendations.

3.3.2 Al Errors and Attentional Responses

Errors in Al recommendations not only undermine users’ confidence but also elicit
distinct attentional responses within the task environment. When system outputs deviate
from expectations, they act as salient prediction errors that disrupt users’ ability to
perceive, comprehend, and project task-relevant information (Endsley, 1995), prompting
a reorientation of attention toward the source of the discrepancy. Neuroscientific evidence
shows that deviant or infrequent events automatically evoke orienting responses and
heightened neural activity associated with attention capture and stimulus evaluation
(Coull, 1998; Luck, 2014; Miiller-Putz et al., 2015; Polich, 2003). Event-related potential
studies further demonstrate that unexpected events elicit components such as P300,
reflecting early conflict detection and subsequent attentional updating (Polich, 2003).
Similarly, presentation of conflicting information was also shown to elicit a P300 event-
related potential component (Lakhiwal et al., 2023). In Al-assisted decision-making,
erroneous recommendations function as such deviant events with conflicting information,
thus we expect them to lead to amplified neural responses in the form of event-related
potential components indicative of attentional reorientation.

H2: Erroneous Al recommendations will trigger stronger attentional responses than
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non-erroneous recommendations.

3.3.3 Al Errors and Attentional Resource Allocation

Attention is a limited cognitive resource that must be selectively distributed across
competing information sources (Healey and Enns, 2011). Eye-tracking research grounded
in information processing theories describes how individuals perceive stimuli, allocate
attention, and encode information into memory to support reasoning and decision-making
(Wickens et al., 2021; Card et al., 1986). In line with the selective visual attention model,
prior work using eye-tracking methods has identified several metrics associated with
decision-making, task difficulty, and uncertainty (Brunyé and Gardony, 2017; Vasseur
et al., 2023). Fixations, which can be defined as momentary pauses of eye movements
directed toward a specific location for a minimum duration (Riedl and Léger, 2016),
are among the most widely used of these measures. In visual search tasks, increasing
difficulty has been shown to reduce fixation frequency while increasing fixation duration,
reflecting deeper visual processing and diagnostic effort (Hooge and Erkelens, 1996;
Inhoff and Radach, 1998; Jacobs and O’Regan, 1987; Rayner, 1998).

In human-AlI interaction, attentional allocation to decision-making elements that
support independent judgment can provide insights into users’ perceptions of Al
recommendation accuracy and their verification efforts. When automated systems
perform reliably, users often operate with minimal attentional involvement. The
occurrence of Al errors, however, abruptly increases task difficulty, as users must perform
diagnostic and decision processes previously delegated to the Al. Studies on human-
automation interaction show that when systems become unreliable, users exhibit a longer
gaze duration on non-automated information sources (Bruder and Hasse, 2020; Dzindolet
et al., 2003). In line with the empirical evidence on automation accuracy and gaze
durations, we hypothesize:

H3: Erroneous AI recommendations will lead to greater attentional resource

allocation on the manual task interface than non-erroneous recommendations.
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3.3.4 User Autonomy in Human-AI Interactions

When Al systems request parameter configuration input before generating a recommenda-
tion, such requests function as an affordance that makes users believe they have influence
over how the Al operates. This type of affordance differs from simple prompted input
in natural language systems. In a configuration context, users adjust parameters they
perceive as shaping the Al’s recommendation logic and the model’s behavior, thereby
contributing to the quality or relevance of its output.

This perceived influence connects to two complementary mechanisms.  First,
providing input before the AI’s analysis resembles traditional forms of user participation
in information system development. Consistent with models of user participation and
involvement, having autonomy and input in a system’s functioning increases users’ sense
of ownership, importance, and comprehension of the system (Barki and Hartwick, 1994;
Hartwick and Barki, 1994). Similarly, recent work proposes that enhancing user agency
in automated decision-support systems may increase engagement and help sustain the
attentional involvement needed to mitigate automation-induced complacency (Glikson
and Woolley, 2020; Hancock et al., 2020; Jiang et al., 2023). Second, periodic prompts
for configuration input serve as cognitive nudges, directing attention to task-relevant
information. As suggested by the SA model, increased engagement with Level 1 SA
elements enhances perception of the task environment and supports the development of
Level 2 SA, which involves understanding how those cues relate to the AI’s reasoning and
potential limitations (Endsley, 1995). Strengthening Level 2 SA is expected to improve
users’ ability to detect Al errors, calibrate confidence, and allocate cognitive resources
more efficiently during verification.

Empirical studies further show that user participation or the inclusion of deliberate,
non-automated steps in Al-supported decision processes enhances engagement and
understanding of system boundaries, leading to better-calibrated confidence and more
appropriate recommendation adherence behavior (Passalacqua et al., 2025; Westphal

et al., 2023; Malaguti et al., 2025). In line with this evidence, we hypothesize that access
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to Al configuration moderates the effects of Al errors on users’ confidence in the Al
assistant and their information processing:

H4a: The ability to configure the Al assistant will moderate the effect of erroneous Al
recommendations on confidence in the Al assistant, such that the error-related decrease
in confidence will be smaller when configuration is available.

H4b: The ability to configure the Al assistant will moderate the effect of erroneous
Al recommendations on attentional responses, such that the error-related increase in
attentional responses will be greater when configuration is available.

H4c: The ability to configure the Al assistant will moderate the effect of erroneous
Al recommendations on attentional resource allocation on the manual task interface, such

that the error-related increase in allocation will be smaller when configuration is available.

3.3.5 Confidence in the AI Assistant and Decision Performance

Confidence in the AI assistant plays a central role in how users incorporate its
recommendations into their decisions. When users have sufficient confidence in the
AI’s output, they are more likely to consider its recommendations effectively, thereby
enhancing overall decision performance. Prior research on human-automation interaction
shows that users who maintain higher confidence in reliable systems tend to achieve better
performance outcomes (Dzindolet et al., 2003; Lee and See, 2004).

HS: Greater confidence in the Al assistant will be associated with higher decision

performance.

3.3.6 Attentional Reactions and Decision Performance

Attention serves as a central mechanism linking error detection to decision performance.
When users encounter unexpected or conflicting information, attentional reorientation
facilitates the evaluation of task-relevant cues and the updating of situation awareness.
Stronger attentional responses, reflected in neural activity, indicate more effective

engagement of cognitive control processes. Empirical research shows that enhanced
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amplitudes of event-related potential components such as N200 and P300 correspond
to improved conflict detection, stimulus evaluation, and decision accuracy (Coull, 1998;
Luck, 2014; Polich, 2003). These findings suggest that users who exhibit stronger
attentional responses to Al errors are better able to assess discrepancies, integrate
information, and maintain performance in Al-assisted decision-making.

H6: Greater attentional responses to erroneous Al recommendations will be

associated with higher decision performance.

3.3.7 Attentional Resource Allocation and Decision Performance

The SA model suggests that effective decision-making depends on how well users
allocate attention across information sources (Endsley, 1995). After encountering Al
errors, users with accurate mental models of the system are expected to monitor task-
relevant elements efficiently rather than relying on prolonged manual verification. As
understanding improves, attention to the manual task interface decreases, reflecting
a shift from compensatory checking to efficient information processing. In contrast,
sustained fixation on manual interface elements may signal uncertainty or low confidence,
increasing cognitive effort and reducing performance.

Empirical research links fixation duration to task efficiency and expertise by
suggesting that shorter and more targeted fixations indicate more fluent information
processing and higher performance, while longer fixations suggest uncertainty or
difficulty integrating information (O’Neill et al., 2011; Dogusoy-Taylan and Cagiltay,
2014; Brunyé and Gardony, 2017). Accordingly, users showing longer total fixation
duration on the manual task interface after Al errors are expected to demonstrate lower
decision performance.

H7: Lower attentional resource allocation on the manual task interface following
erroneous Al recommendations will be associated with higher decision performance.

The hypotheses are summarized as a conceptual model in Figure 3.2.
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Figure 3.2: Research model summarizing the hypotheses on cognitive responses to Al
errors and the availability of Al configuration.

3.3.8 User Control and Perceived Understanding of AI

Engaging with task-relevant parameters through Al configuration requires users to process
the information that shapes the decision environment more actively. According to the SA
model, interacting with Level 1 SA elements, the perception of task inputs, supports the
development of Level 2 SA, which involves comprehension of relationships among these
inputs, and Level 3 SA, which enables projection of system outcomes (Endsley, 1995).
By prompting users to consider input variables and their implications, Al configuration
promotes active engagement with the AI’s decision logic rather than passive observation
(Benke et al., 2022; Dietvorst et al., 2018; Westphal et al., 2023). This engagement helps
users form a clearer mental model of how the AI operates and under what conditions its
recommendations may be unreliable, thereby enhancing perceived understanding (Lee
et al.,, 2019; Shneiderman and Plaisant, 2006; Westphal et al., 2023). As a result,

users with access to Al configuration are expected to develop a stronger perceived
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understanding of the Al system (Benke et al., 2022; Vandewaetere and Clarebout, 2013;
Westphal et al., 2023).
HS8: The ability to configure the Al assistant, as compared to having no configuration

option, will increase users’ perceived understanding of the Al assistant.

3.4 Methods

To test the hypotheses, this study employed a mixed-factorial, multi-trial experiment in
which participants completed a sequence of consecutive demand-forecasting tasks within
a simulated decision-making environment. This section provides a detailed description
of the experimental design, the experimental task, the experimental protocol, and the

measurement instruments.

3.4.1 Experimental Design

The experiment manipulated two variables. Al configuration availability served as a
between-participants factor with two levels (configuration access vs. no configuration
access), and Al accuracy served as a within-participants factor with two levels (15 trials
with erroneous Al recommendations and 61 trials with non-erroneous recommendations).
Table 3.1 summarizes the experiment design structure.

The experimental task was a modified version of the newsvendor problem, widely
used to study human decision-making under uncertainty (Benzion et al., 2008; Kremer
and Minner, 2008; Kremer et al., 2010). In this task, participants select an order quantity,
g, for a perishable product with known cost ¢, selling price p, and salvage value s, where
s < p. Theoretical work shows that, under risk neutrality and complete information,
the optimal order quantity is given by ¢ = ®~!((p —¢)/p), where ®(d) is the demand
distribution. However, empirical research has consistently shown that individuals deviate
from this optimal policy, especially when the demand distribution is unknown (Schweitzer

and Cachon, 2000; Bolton and Katok, 2008). In addition to understanding human
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behavior under uncertainty, we extend the use of the newsvendor paradigm by integrating
Al recommendations into the scenario (Wang et al., 2025).

In our study, participants were not given access to ®(d); instead, they observed the
past 20 periods of realized demand in the form of a time series chart. For consistency, all
participants faced the same set of demand values and fixed cost parameters (¢ = 91.8,

= 126.25, s = 50.5). Inventory did not carry over between trials. The decision
environment featured a low-profit setting with a critical ratio (p —c)/p of less than
0.5. This, combined with a salvage price that penalized overordering more severely than
underordering (e.g., p — ¢ = 34.45, while ¢ — s = 41.3), created a context conducive to
studying human-Al interaction and judgment under uncertainty (Schweitzer and Cachon,

2000).

Table 3.1: Experimental design.

Within

subjects Al Error-Free Al Errors
Between (60 trials) (15 trials)
subjects
. . No configuration available No configuration available
Al without configuration access . p
Al recommendations are accurate Erroneous Al recommendations
. . . Configuration available Configuration available
Al with configuration access . .
Al recommendations are accurate Erroneous Al recommendations

3.4.2 Experimental Setup
Simulated Decision-Making Environment

To create a contextually situated and interactive newsvendor problem for the participants,
we used the ERPsim business simulation platform (Léger, 2006; Léger et al., 2007).
Specifically, we employed the Logistics version of ERPsim, which simulates operations
within virtual dairy companies under competitive market conditions. This simulation
environment is widely adopted in educational and experimental settings due to its ability
to mimic realistic market dynamics and promote participant involvement in repeated

decision-making processes (Karran et al., 2019; Oz et al., 2020). Building on prior work,
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we leveraged ERPsim to increase both ecological validity and engagement in the context
of Al-supported inventory decisions (Loos et al., 2010).

ERPsim was used to generate 100 periods of sales data for dairy products, which
served as the base demand sequence for our task. In its default configuration, ERPsim
generates demand values with no embedded seasonal or trending components. To
better align with the experimental goal of simulating dynamic environments, we applied
controlled transformations to the ERPsim output to introduce seasonality and trend
components. The seasonal pattern was based on empirical analyses of U.S. ice cream
production data (National Bureau of Economic Research, 2012) and insights from a
food delivery company’s blog post (FoodyDirect, 2014). An upward trend was added
to simulate gradual growth in demand.

In addition to the introduced trend and seasonal components, the dataset incorporated
controlled demand variability to represent forecasting uncertainty commonly observed
in operational environments. In this study, uncertainty refers to short-term fluctuations
in demand between consecutive simulated periods rather than large structural shocks.
Demand uncertainty was operationalized as percentage changes between successive
periods and was limited to a maximum value so that underlying trend and seasonal
patterns remained detectable to participants during repeated decision-making. Across
the generated dataset, consecutive-period demand changes exhibited a mean absolute
variation of 3.09% (SD = 2.34%), with maximum observed changes of approximately
11%. This level of variability introduced realistic stochasticity while preserving the
interpretability of systematic demand dynamics central to the experimental task.

The generated dataset aimed to reflect the stochastic characteristics of real-world
demand while maintaining experimental control over its structure. Participants were
explicitly instructed to attend to these features when configuring the Al system or making
their own decisions. All instructions and task materials are documented in Appendix,

Section C.1.2.
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Experimental Stimuli

Participants completed the decision tasks using a custom-built interface designed to
deliver a structured version of the newsvendor problem within a realistic organizational
environment. The task interface was embedded within a working ERP system (SAP
SE, Walldorf, Germany) to ensure contextual relevance while maintaining experimental
control over the decision workflow.

Before accessing the main forecasting interface, participants encountered an initial
step that differed between the two between-participants conditions: a configuration screen
(configuration condition) or a waiting screen (no-configuration condition). This step
operationalized the configuration manipulation intended to influence perceived autonomy,
as described in Section 3.2.2. Only participants in the configuration condition interacted
with parameters that appeared to influence the forthcoming AI recommendation.
Participants in the no-configuration condition did not see any parameters and instead had
to view a short waiting message for two seconds before continuing to the task. The 2-
second delay duration was determined after analyzing the time spent on the configuration
interface across 300 trials collected from 4 pre-test participants. Figures 3.3a and 3.3b
illustrate the configuration and no-configuration screens shown at the beginning of each
trial.

In the configuration condition, the three parameters were presented as adjustable
inputs to create the perception that participants could influence how the Al generated its
recommendation. However, these inputs did not affect the Al output. This design choice
ensured that any differences between conditions resulted solely from the perceptional

influence of the configuration affordance rather than differences in AI recommendations.
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-
Considering the dairy market and ice cream sales, please select your suggestions for each of the following factors
L

in determining the forecasting model parameters.

Smoothing parameter Weak . Strong

Trend parameter Weak . Strong

Seasonality parameter Weak L) Strong
Apply

(a) Configuration

=
Please wait a few seconds for the Al model to prepare the calculation parameters.
L

Continue

(b) No-configuration - The highlighted button appeared after a 2-second delay.

Figure 3.3: Screens shown before each trial in the configuration and no-configuration
conditions.

After completing the configuration or waiting step, all participants accessed the
main forecasting interface (Figure 3.4). The interface displayed a time-series graph
of historical demand, the product’s pricing information, and a numeric input field for
first viewing order quantities recommended by Al, and then editing the recommendation

before submission, if participants deemed that necessary. Participants initiated each trial
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by clicking the "Generate AI Recommendation" button (t = 0). The suggested forecast
appeared exactly one second after the click (t = 1), and two seconds later (t = 3), additional
interface elements became visible, including short textual explanations derived from
the model parameters and two action buttons labeled "Accept" and "Edit Values." The
suggested forecast could be edited only after clicking "Edit Values."

Although participants believed that the recommendations came from a functioning Al
model, no machine learning models were embedded in the system. Al-generated recom-
mendations were computed in advance using the Holt-Winters method implemented in the
forecast package in R, based on the synthetic demand data described in Section 3.4.2. The
recommendation explanations were presented as factor weights, which were generated
using the Holt-Winters coefficients computed in advance for each trial. Trials designated
as erroneous deviated from the system’s typical performance by adding a positive or
negative deviation that corresponds to 1.5 times the standard deviation of the model’s
historical forecast error.

Each trial followed a fixed sequence. After entering a forecast, the application
prompted participants to self-report their confidence in the Al assistant and subsequently
displayed a performance feedback report. The performance feedback report was designed
to motivate participants and act as an incentive to help them perform better in tasks. Prior
research shows that social comparison and performance feedback can elicit competitive
engagement and goal-oriented behavior (Garcia et al., 2013). Consistent with findings
from the gamification literature (Hamari et al., 2014), participants were shown a
comparison between their performance and that of an average decision maker and were
informed about the monetary value saved or lost in the previous trial, together with
performance indicators summarizing forecasting outcomes. This design aimed to promote
sustained task engagement and effort through perceived competition and performance

evaluation.
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Figure 3.4: Main forecasting interface used during the experiment. Highlighted elements
show user interface elements that were revealed exactly three seconds after participants

clicked "Generate AI Recommendation."
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Experimental Procedure

Each participant completed a total of 81 trials, organized as follows:

1. Task Introduction and Pre-Task Survey: Participants received written instruc-
tions describing the newsvendor scenario and completed a brief pre-task survey

capturing demographic information and control variables.

2. Training Block (5 trials, no AI support): Participants completed five practice
trials without Al assistance to become familiar with the decision-making interface
and the task environment. At the end of each trial, they received a performance

feedback report.

3. Experimental Block (76 trials, with AI support): Participants completed 76 main
task trials with Al recommendations. Al support differed based on the between-
participants condition (configuration vs. no configuration). Within this block, 15
trials between trials 15 and 70 were randomly assigned to contain erroneous Al
recommendations. The first 14 trials served as a baseline experimental block to
acclimate participants to using Al and to capture their baseline Al confidence
values, with no influence of Al errors on their perceptions. Similarly, the last 6
trials did not include errors to ensure all participants experienced a similar number
of non-erroneous trials before submitting their self-reported perceptions at the end

of the session.

4. Post-Task Survey: After completing the experimental trials, participants responded

to self-report items assessing their perceptions.
Each experimental trial n consisted of the following steps:
1. Configuration or Waiting:

* Configuration condition: Participants were instructed to adjust smoothing,

trend, and seasonality parameters, and told that these settings would influence
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how the Al generated its recommendation. In reality, the configuration inputs
had no effect on the forthcoming Al output. All participants, regardless of
condition, received the same pool of Al recommendations; only the trial

positions of erroneous recommendations varied randomly across participants.

* No-configuration condition: Participants were shown a brief waiting

message for two seconds before being able to proceed.

2. AI Recommendation Generation: Participants were instructed to review the his-
torical time-series chart of past sales data and click on "Generate AI Recommen-
dation" when ready. The recommended order quantity appeared exactly 1 second
after the click. Two seconds after the suggestion appeared, the system explanations

and action buttons became visible.

3. Decision Submission: Participants had the option to either accept the recommended
forecast or edit the value before submission. When editing, the Al-recommended

order quantity became an editable text field.

4. Performance Feedback: After submitting their decision, participants received a

performance report displaying realized demand and corresponding profit or loss.

Figure 3.5 outlines the experimental procedure.

Hardware Used

The experiment was conducted using standardized hardware across all participants.
The decision-making interface was displayed on a 22-inch monitor with a 1920x1080
resolution and 60 Hz refresh rate in full-screen mode. Across trials, participants primarily
used a mouse to navigate the task steps, with occasional keyboard input to modify Al-

generated forecasts.
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Notes:

n: Trial number within an experiment session, [1, 81]

m=n+19: Current week number within the simulated business scenario, [20, 100].
Experimental Block: trials 6 < n < 81

*: An Al recommendation for a given trial n was the same for all participants, except
\ 4 when n is randomly assigned to be an Al Error trial.

/ Business Simulation Initialization: / **: Al error trials were assigned randomly for each participant to occur between

Initial Instructions and Self-Reported
Control Variable Measurements

trials20 sn <76

H Decision-Making Task for trial n: Trial-Level Business Simulation State Update:
R Forecast Sales for Week m+1 in the > Self-Reported n=n+1
: Simulated Environment Measurements m=m+1
Performance Report for Trial n-1
: (Submitted Forecasting Decision for Week m)
: Continuous Measurement During Outlined Steps: EEG, eye tracking l
No n=6? Yes
or n=82?
Instructions and Self-Reported
P < n=6? >«

Control Variable Measurements

Terminate Block-Level Self-Reported
Experiment Session Measurements

Figure 3.5: Experimental protocol.

Eye movements were recorded using a Tobii eye tracker (Tobii AB, Stockholm,
Sweden), sampling at 60 Hz. EEG data were collected from 32 scalp electrodes arranged
using the 32-channel Standard Cap layout for actiCAP (Brain Products GmbH, Munich,
Germany). After cap placement, conductive gel was applied, and electrode impedance
was checked to ensure proper signal quality. EEG signals were recorded raw at a 1000 Hz
sampling rate. All sessions were conducted in the same laboratory room under controlled
ambient lighting and noise conditions to maintain consistency across participants.

The decision-making interface was programmed to synchronize event timestamps
with the continuous EEG and eye-tracking recordings. At the onset and offset of each
trial, the interface transmitted two consecutive 10-ms square-wave auditory pulses, spaced
500 ms or 700 ms apart depending on whether the signal indicated trial onset or trial

offset. These audio signals were routed through a stereo amplifier and into the TTL
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input of the BrainVision trigger box (Brain Products GmbH). The amplifier increased the
signal amplitude so that it exceeded the 5V threshold required to register a TTL trigger.
These markers were subsequently used to extract the corresponding EEG and eye-tracking

segments for each trial.

EEG Data Preprocessing

The collected EEG signals underwent a series of pre-processing steps using BrainStorm
(Tadel et al., 2011) running in MATLAB (MathWorks, Natick, MA, USA), as follows. A
1-30 Hz band-pass filter was applied to attenuate slow drifts as well as higher-frequency
environmental noise (e.g., line noise from AC power and monitor refresh rates) that
commonly contaminates EEG recordings (Luck, 2014, p. 113). Independent component
analysis (ICA) was then used to identify and remove components associated with ocular
and muscle activity such as blinks. Data were epoched from —1000 ms to 42000 ms
relative to the onset of the Al recommendation on each trial, yielding 76 epochs per
participant.

All 3000 ms epochs were visually inspected, and trials with peak-to-peak amplitudes
exceeding 100 uV within the window were rejected. The included trials underwent
baseline correction using the —200 ms to —1 ms prestimulus interval.

For event-related potential analysis, trial-wise time-averaged amplitudes were com-
puted for each event-related potential component of interest. The P3a component was
defined as the mean amplitude between 250-280 ms post-stimulus at the Pz electrode.
These time-locked component averages were extracted on a per-trial basis and subse-
quently merged with the behavioral dataset for hypothesis testing using linear mixed-

effects models (Fromer et al., 2018).

Measurements

Behavioral and Self-Reported Measures Behavioral data included decision perfor-

mance, decision time, and Al suggestion adherence. Decision performance was measured
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using a loss function grounded in the classic newsvendor paradigm, reflecting the cost
implications of inventory decisions at each trial, in Euros. Specifically, given the scenario
parameters of cost (¢ = 91.8), price (p = 126.25), and salvage price (s = 50.5), the cost
of overestimating demand by one unit was ¢ — s = 41.3, and the cost of underestimating
it was p — c = 34.45. Based on these values, participant decisions were evaluated by
comparing their order quantity to actual demand, with losses incurred for both over-
and under-ordering. A zero difference between order quantity and demand resulted in
a loss value of zero, while all deviations led to negative loss scores, indicating suboptimal
performance. Decision time was computed as the time spent on the decision-making
interface in Figure 3.4. Al suggestion adherence was computed in accordance with the
appropriate reliance concept, which associates a negative score to each unit of forecast
adjustment on non-erroneous Al recommendations, while associating a positive score to
each unit of forecast adjustment on erroneous Al recommendations (Lee and See, 2004).

Confidence in the Al assistant was measured immediately after each trial using a
single-item, 7-point Likert scale (Chong et al., 2022; Davis et al., 1994). The measure was
administered after participants finalized their decision but prior to receiving performance
feedback for that trial. Although single-item measures do not permit internal consistency
assessment and may be more susceptible to common method bias (De Guinea et al., 2013),
prior measurement research indicates that single-item indicators can provide reliable and
valid assessments when constructs are unidimensional, concrete, and clearly understood
by respondents (Ang and Eisend, 2018; Bergkvist and Rossiter, 2007; Wanous et al.,
1997).

In this study, confidence in the Al assistant was conceptualized as a unidimensional,
trial-level evaluation of the Al assistant’s task-related capability (Chong et al., 2022).
Accordingly, a single-item measure was employed to reduce participant burden and
preserve attention, as this measurement was collected repeatedly across 76 consecutive
trials within a single experimental session.

Perceived understanding of the Al assistant was measured at the end of each 10-trial

experimental block using the explanation satisfaction scale, defined as "the degree to
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which users feel that they sufficiently understand the Al system or process being explained
to them" (Hoffman et al., 2023, p. 3).

In addition, three control variables were measured before the experimental tasks:
Automation-Induced Complacency Potential (AICP), administered before task-specific
instructions (Merritt et al., 2019), Computer Self-Efficacy, collected after the task and
interface were introduced (Compeau and Higgins, 1995), and past experience with ERP
systems, measured using a five-level single-item question at the beginning of each
experiment session. In addition, participants’ perceived autonomy was measured after
the task completion as a manipulation check variable with the use of a four-item measure
of perceived autonomy scale (De Vreede et al., 2021). The complete list of measurement

items is provided in Appendix, Section C.1.1, Table C.1.

EEG-Based Measures of Attentional Responses to AI Recommendations Atten-
tional responses to Al recommendations were investigated through event-related potential
components that index distinct stages of cognitive processing. The P3a event-related
potential component, recorded at Pz and Oz electrodes, was selected to operationalize
attentional responses to Al recommendations. The P3a component reflects attentional
orienting to salient or unexpected events, manifesting as a positive deflection in the 250—
280 ms time window following stimulus onset, respectively (Coull, 1998; Luck, 2014;
Polich, 2003).

Because single-trial EEG data are inherently noisy, the analysis followed a windowed
event-related potential approach. For each trial, mean amplitudes were extracted within
predefined temporal windows corresponding to the P3a component. These trial-level
values were then entered into linear mixed-effects models with participant-level random
intercepts to account for repeated measures (see (Fromer et al., 2018) for a detailed

discussion of this procedure).

Eye-Tracking Measures of Information Processing Behaviors and Efficiency Par-

ticipants’ information processing behaviors were operationalized through gaze behavior
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that was recorded using a Tobii eye tracking sampling at 60 Hz. Attentional resource

allocation was measured as the fixation duration on screen areas where raw data relevant

to decision-making were present. These areas of interest (AOIs) mainly focused on the

raw data used to complete the decision, mainly in the form of a time series chart of the

past 20 weeks’ sales data, and the pricing information above that chart (see Figure 3.4 for

an example view of the stimuli).

This fixation-based eye-tracking metric for attentional resource allocation was

computed over the post-recommendation verification window, defined as the time period

from the onset of the Al recommendation to the participant’s decision submission in that

trial.

A summary of operationalizations is shown in Table 3.2.

Table 3.2: Used measures.

Concept Source Operationalization References
Al errors Experimental Binary variable

manipulation
Al configuration Experimental Binary variable

manipulation

Confidence in the Al
assistant

Perceived understanding
of Al

Perceived autonomy

Propensity to trust
automation

Computer self-efficacy
Attentional responses
Attentional resource

allocation

Decision performance

Self-reported at each trial

Self-reported at the end of
the experiment session
Self-reported at the end of
the experiment session
Self-reported at the
beginning of the
experiment session
Self-reported at the
beginning of the
experiment session

EEG

Eye-tracking

Behavioral

One item, 7-level Likert
scale

Four items, 7-level Likert
scale

Three items, 7-level
Likert scale

Ten items, 7-level Likert
scale

Ten items, 10-level Likert
scale

Event-related potential
component P3a

Total fixation duration on
the source data between
Al recommendation onset
and decision submission
Losses from excess
inventory or lost sales

(Davis et al., 1994)
(Hoffman et al., 2023)
(De Vreede et al., 2021)
(Merritt et al., 2019)
(Compeau and Higgins,
1995)

(Polich, 2003)

(Toreini et al., 2022)

(Benzion et al., 2008)

3.4.3 Sample Description and Data Collection

A power analysis was conducted using G*Power 3.1 to determine the required sample

size, assuming a medium effect size, o = 0.05, and statistical power of 0.90 (Faul et al.,
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2007). The analysis indicated that at least 46 participants would be necessary to achieve
adequate power. To allow for possible data loss, 59 participants were scheduled for data
collection between March 23 and June 2, 2023.

Participants were recruited from the authors’ institutional participant panel based on
convenience sampling. Eligibility screening included three inclusion criteria: (1) prior
use of ERP systems, (2) prior experience with ERPsim, and (3) successful completion of
an introductory-level course in logistics and demand forecasting. These requirements
ensured a uniform baseline of task-relevant knowledge. Additional criteria required
participants to have normal or corrected-to-normal vision and be right-handed (to ensure
uniformity of EEG signaling).

The study was reviewed and approved by the Ethics Committee of the authors’
academic affiliation (certificate number: 2023-5420). Participants received a fixed
compensation of CAD 50 for their participation, and each session lasted approximately
two hours. Prior empirical studies using the newsvendor paradigm have employed
both fixed (e.g., Wang et al. 2025) and performance-based (e.g., Benzion et al. 2008;
Kremer et al. 2010) compensation schemes. Prior experimental evidence indicates that
performance-based financial incentives do not consistently improve decision performance
in judgment tasks, suggesting that participant engagement and motivation are the primary
drivers of performance (Camerer and Hogarth 1999). Accordingly, a fixed compensation
structure was adopted with the combination of gamification elements such as performance
feedback and social comparison at the end of each trial.

Of the 59 individuals scheduled, seven canceled or failed to attend their session within
24 hours. Two sessions were discontinued due to EEG hardware malfunctions, and
no data were collected from those participants, although they were still compensated.
Additionally, two participants could not complete the number of trials required within
the given time. To ensure consistency in participant fatigue and performance, these two
participants were excluded from the dataset. Consequently, the final dataset included
48 participants (17 female; mean age 29.3 + 6.82; age range 19-51), with additional

exclusions applied during data preprocessing.
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3.5 Results

3.5.1 Experimental Design Checks

Before testing the hypotheses, we examined whether the random assignment of
participants to the two between-participant conditions was successful by comparing
baseline performance and demographic characteristics across conditions. The chi-
squared test indicated no significant differences between the two groups in gender,
2%(1,N = 48) = 0.99, p = .320. Two-tailed Fisher’s exact test for past experience with
enterprise resource planning systems also indicated no significant difference between
conditions, p = .186. A Wilcoxon rank-sum test for baseline task performance indicated
no significant difference between the two groups, W = 266, p = .657. These results
suggest that participants in both conditions were not significantly different in terms of
demographic and baseline performance variables, thereby supporting the success of the

random assignment of between-subject conditions.

Table 3.3: Comparison of the baseline performance levels of participants across
experimental conditions

Control variable Conditions Median Mean SD W P-value R
Baseline Performance  Configuration -1078.63  -1748.32  1687.60
No configuration ~ -1057.88  -1640.87  1693.13 266 0.657 0.06

3.5.2 Manipulation Check: Configuration and Perceived Autonomy

As a manipulation check, participants’ perceived autonomy was measured using three
adapted items from the Perceived Autonomy Scale (De Vreede et al., 2021). A
confirmatory factor analysis indicated acceptable internal consistency (@ = 0.80), with
standardized factor loadings ranging between 0.54 and 0.65. Because perceived autonomy
served solely as a manipulation check rather than a focal construct in hypothesis testing
or structural model estimation, item retention decisions emphasized conceptual coverage

alongside empirical criteria. Therefore, indicators demonstrating acceptable loadings and
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theoretical relevance were retained despite falling below the preferred loading threshold
of 0.708 (McKenzie et al., 2011).

To examine whether the manipulation affected user perceptions, we regressed
perceived autonomy scores on condition. Results showed a significant positive effect
(B =0.19, SE = 0.09, 1(46) = 2.20, p = 0.033), indicating that participants in the
configuration condition reported significantly higher perceived autonomy compared to
those with no configuration access. These findings confirm that the manipulation was

successful in shaping participants’ perceptions of control in their interactions with the Al.

3.5.3 Manipulation Check: Al Errors

To verify that participants detected erroneous Al recommendations, we examined a
direct behavioral indicator of error recognition: the magnitude of numerical adjustments
participants made to the Al-recommended order quantity. The adjustment magnitude
variable was computed as the absolute difference between the submitted order quantity
and the Al-recommended order quantity for each trial. Using the log transformation of
this variable as the dependent variable, we estimated a linear mixed-effects model with
participant-level random intercepts. The model predicted the log-transformed adjustment
magnitude as a function of whether the recommendation was erroneous, while controlling
for configuration condition and computer self-efficacy.

We estimated a linear mixed-effects model with participant-level random intercepts
to predict log-transformed adjustment magnitude from error presence (erroneous vs.
accurate), configuration condition (configuration vs. no configuration), and their
interaction, while controlling for computer self-efficacy. Error presence had a strong,
significant effect on correction behavior (f = 3.04, p < .001), indicating that participants
substantially increased their modifications when the Al was wrong. In contrast,
configuration condition and its interaction with error presence were not significant (all
p > .20), showing that error-related corrections did not differ between experimental

groups. Computer self-efficacy also did not influence adjustment behavior (f = —0.06,
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p = .85) (R%, = .543, R? = .576).

These results confirm that participants successfully identified erroneous Al recom-
mendations and modified their behavior to address inconsistencies. While subsequent
sections examine the cognitive and performance consequences of these adaptations, this
analysis establishes that the experimental manipulation of Al errors elicited a clear, mea-
surable behavioral response.

It is also important to note that although both groups corrected erroneous recom-
mendations to a similar degree, the hypotheses in this study focus on differences in
the cognitive processes that lead to those corrections, such as attention allocation, error
monitoring, and information-processing dynamics. These processes may still diverge

even when the final behavioral adjustment is similar.

3.5.4 Data Measurement Model
Control Variables

The 10-item AICP scale was modeled in line with the two subdimensions theorized in the
source study: Workload Alleviation (AICP-W) (Items 1-4, 6) and Monitoring (AICP-M)
(Items 5, 7-10) (Merritt et al., 2019). Confirmatory factor analyses (CFA) were conducted
for each subscale separately. Both the Workload Alleviation and Monitoring subscales
demonstrated poor internal consistency levels (o = 0.67 and o = 0.69) and therefore,
they were excluded from further analyses.

The Computer Self-Efficacy construct was modeled as a single latent factor using the
10-item scale adopted from Compeau and Higgins (1995). A CFA of the measurement
yielded a Cronbach’s o¢ = 0.89, with item loadings ranging between .6 and .89.

As an additional behavioral control variable at the participant level, baseline task
performance values were computed with the use of participants’ task performance in the
last four trials of the initial five-trial training block. In these trials, participants performed
the task without any Al recommendation. The first training trial was excluded from these

baseline performance calculations, as participants were allowed to request assistance from
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the experiment moderator.

Self-Reported Variables

Confidence in the Al assistant was measured using single-item instruments. Descriptive
statistics by control and error conditions are reported in Appendix, Section C.2, Table
C.18.

Perceived understanding of Al was modeled as a single latent factor measured with
the use of seven items from the 8-item scale adopted from Hoffman et al. (2023). The
measurement focused on the explanations provided by the Al recommendation system
regarding the factor weights that influence the suggested forecast quantity. A CFA of the

seven-item measurement instrument indicated a high reliability (Cronbach’s a = 0.92).

Behavioral Variables

During experiment sessions, participants’ decision time and decision performance were
captured automatically. In non-error trials, average performance was similar across
configuration conditions, with a mean of =726 EUR in the no-configuration condition and
—723 EUR in the configuration condition (values closer to 0 indicate better performance,
with O denoting the optimal value). In error trials, both conditions exhibited lower
performance overall, with —1188 EUR in the no-configuration condition and —1383 EUR
in the configuration condition. Descriptive statistics across all experimental conditions

are reported in Appendix, Section C.2, Table C.18.

Eye-Tracking Metrics

Fixation-based eye-tracking metrics were aggregated on the participant and trial basis
and merged into a dataset as fixation duration and fixation rate per trial and participant.
On erroneous trials, mean fixation duration on the manual-data chart averaged lower
in the configuration condition (M = 1.51, SD = 4.89; N = 303), compared to the no

configuration condition (M = 2.03, SD = 5.59; N = 305). On non-erroneous trials
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(error = 0), mean fixation duration was similar across conditions (present: M = 1.50,
SD =4.07; N = 1299; absent: M = 1.49, SD = 4.42; N = 1356). Mean fixation rate
averaged lower under the presence condition on non-erroneous trials (2.21 vs. 2.67) and
was of similar magnitude across conditions on erroneous trials (2.21 vs. 2.15). Summary
statistics for fixation duration and fixation rate are reported in Appendix, Section C.2,

Table C.19.

3.5.5 Hypothesis Testing
Confidence in the AI Assistant (H1 & H4a)

To test the impact of erroneous Al recommendations on users’ confidence in the Al
assistant (H1) and the moderating role of configuration (H4a), we estimated a linear
mixed-effects model with participant-level random intercepts. The model was fitted on
trial-level data (N = 2,602) and included computer self-efficacy as a control variable.
The results provide strong support for H1. Erroneous AI recommendations
significantly reduced user confidence in the AI recommendation system (f = —0.289,
p < .001, one-tailed). The results also support H4b: the interaction between configuration
and erroneous recommendations was significantly negative (8 = —0.082, p < .001, one-
tailed), indicating that the decrease in confidence following erroneous recommendations
was larger when configuration was available. Neither configuration alone (8 = 0.006,
p = .94, one-tailed) nor computer self-efficacy (f = 0.166, p = .083, one-tailed) were
significant predictors. The results are illustrated on the estimated means plot in Figure 3.6.
The model accounted for a modest proportion of variance in confidence (R2, = .31),
while participant-level random intercepts explained additional variance (R2 = .56). Model

details are provided in Appendix, Section C.2, Table C.20.
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Figure 3.6: Estimated marginal means of confidence in the Al recommendation system
across error (erroneous vs. non-erroneous) and configuration conditions. Error bars
represent 95% confidence intervals.

Attentional Responses (H2 & H4b)

To test whether erroneous Al recommendations triggered attentional orienting as
measured by the P3a component, we estimated a linear mixed-effects model with
participant-level random intercepts (N = 2,290).

The results support H2: erroneous recommendations significantly reduced P3a
amplitude (B = —1.608, p < .001, one-tailed), consistent with users reallocating
attention under error conditions. The results also support H4b: the interaction between
configuration and erroneous recommendations was significantly positive (8 = 1.99.,
p < .001, one-tailed), suggesting that when configuration was available, attentional
reallocation responses were more pronounced. A plot of the event-related potentials at
posterior central electrodes is shown in Figures 3.7-3.8. The main effect of configuration
was not significant (f = 0.479, p = .16, one-tailed). Model details are provided in
Appendix, Section C.2 Table C.21.
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Figure 3.7: Grand average plots of waveforms at the Pz electrode channel.
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Figure 3.8: Grand average plots of waveforms at the Oz electrode channel.
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Figure 3.9: Topographic maps (250-280 ms) across configuration and accuracy
conditions.

Attentional Resource Allocation (H3 & H4c)

To test whether erroneous Al recommendations increase users’ visual attention allocated
to manual task interface elements (H3) and whether configuration moderates this
effect (H4c), we estimated a linear mixed-effects model with participant-level random
intercepts. The model was fitted on trial-level data (N = 2,602) and included computer
self-efficacy as a control variable.

The results support H3: erroneous Al recommendations significantly increased the
total duration of fixations on task-relevant information between the onset of the Al
recommendation and the submission of the final decision (8 = 0.075, p < .001, one-
tailed) (RIZn ~ .04, R% ~ .47). The interaction between configuration and erroneous Al
recommendations was significant (8 = —0.052, p = .026, one-tailed), indicating that
configuration reduced the magnitude of the error-related increase in attentional allocation.
Configuration alone had no significant main effect (f = —0.031, p = .85, one-tailed).

Computer self-efficacy had a significant negative effect on fixation duration (8 = —0.478,
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p = .026, one-tailed), indicating that participants with higher self-efficacy spent less time
fixating on task-relevant information. Further model details are provided in Appendix,

Section C.2 Table C.22.

Confidence in the AI Assistant and Decision Performance (H5)

To test whether greater confidence in the Al assistant predicts higher task performance
(H5), a linear mixed-effects model with random intercepts for participants was estimated.
The model used trial-level data (N = 2,602) and predicted log-transformed performance
scores using participants’ self-reported confidence in the Al assistant as a predictor,
controlling for computer self-efficacy.

The results indicated a significant positive association between confidence in the Al
assistant and task performance (8 = 0.061, p < .001), suggesting that participants who
reported higher confidence achieved better performance across trials. This result supports
the hypothesis that well-calibrated confidence in the Al facilitates effective integration
of Al recommendations into decision-making, improving performance outcomes. Full

model details are reported in Appendix, Section C.2, Table C.23.

Attentional Responses and Decision Performance (H6)

To evaluate whether attentional reactivity to Al errors improves performance (H6), we
modeled task performance as a function of P3a amplitude (Pz, 250-280 ms) and computer
self-efficacy, using a linear mixed-effects model with participant-level random intercepts
(N =2,290).

No significant effect was observed for P3a amplitude (8 = —0.0005, p = .16) or for
self-efficacy (B = 0.011, p = .8); and the explained variance was negligible (ern =.001,
R% = .008), indicating no reliable relationship between neural attention responses and
decision performance in this context. The model details are listed in Appendix, Section

C.2, Table C.24.
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Attentional Resource Allocation and Decision Performance (H7)

To examine whether increased visual verification behavior is associated with lower
task performance (H7), we estimated a linear mixed-effects model with participant-
level random intercepts. The trial-level model (N = 2,602) predicted log-transformed
performance scores using log-transformed post-decision fixation duration on task-relevant
information as a measure of visual verification effort, with computer self-efficacy included
as a control.

The model revealed a significant negative relationship between visual verification
effort and task performance (8 = —0.015, p = .03, one-tailed), indicating that higher
fixation duration following AI recommendation onset was associated with lower
performance. Computer self-efficacy had no significant effect (f = 0.0086, p = .85).
These findings are consistent with the interpretation that prolonged visual verification
reflects lower task or Al understanding. The model results are summarized in Appendix,
Section C.2, Table C.25.

To provide an aggregate assessment of predictors of decision performance, an
additional mixed-effects model including all predictors of decision performance was
estimated and is reported in Appendix, Section C.2, Table C.26. Variance inflation factor
diagnostics indicated no multicollinearity concerns among predictors. This integrated
model yielded a marginal R? of 0.05 and a conditional R* of 0.06, indicating that fixed

predictors explain approximately 5% of variance in decision performance.

Perceived Understanding of the AI System (HS8)

To test the impact of configuration on users’ perceived understanding of the Al system
(H8), we estimated a linear model at the block level, using 48 participants. Perceived
understanding was measured only once at the end of the experiment session, resulting
in a single observation per participant. The model included configuration as the main
predictor while controlling for computer self-efficacy.

The results support H8. The configuration condition positively predicted perceived
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understanding of the AI system (8 = 0.12, p = .043, one-tailed), indicating that
participants with Al configuration access reported higher perceived understanding than
those with no configuration access. Computer self-efficacy was not a significant predictor
(B = 0.15, p = .22, one-tailed). The model explained R?> = .08 of the variance in
perceived understanding, with an adjusted R? = .04.

Model estimates are reported in Appendix, Section C.2 Table C.27.
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Figure 3.10: Validated research model.
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Table 3.4: Hypothesis Testing Summary

Hypothesis

t-value p-value

Significance

H1: Erroneous AI recommendations will lead to lower
user confidence in the Al assistant than non-erroneous
recommendations.

H4a: The ability to configure the Al assistant will moderate
the effect of erroneous Al recommendations on confidence
in the Al assistant, such that the error-related decrease in
confidence will be smaller when configuration is available.
H2: Erroneous Al recommendations will trigger stronger
attentional responses than non-erroneous recommenda-
tions.

H4b: The ability to configure the Al assistant will moderate
the effect of erroneous Al recommendations on attentional
responses, such that the error-related increase in attentional
responses will be greater when configuration is available.
H3: Erroneous Al recommendations will lead to greater
attentional resource allocation on the manual task interface
than non-erroneous recommendations.

H4c: The ability to configure the Al assistant will moderate
the effect of erroneous Al recommendations on attentional
resource allocation on the manual task interface, such that
the error-related increase in allocation will be smaller when
configuration is available.

HS5: Greater confidence in the AI assistant will be
associated with higher decision performance.

H6: Greater attentional responses to erroneous Al recom-
mendations will be associated with higher decision perfor-
mance.

H7: Lower attentional resource allocation on the manual
task interface following erroneous Al recommendations
will be associated with higher decision performance.

sksksk

shksk

sheksk

sksksk

shesksk

sksksk

HS: The ability to configure the Al assistant, as compared
to having no configuration option, will increase users’
perceived understanding of the Al assistant.

-26.56 < .001
-5.12 <.001
-3.70 <.001
3.06 <.001
4.09 <.001
-1.94 .026
5.35 <.001
-1.00 .16
-1.89 .030
1.75 .043

3.5.6 Post-Hoc Analyses

Mediation Effects

examining these mediation relationships.
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Although not initially hypothesized, the conceptual relationships tested in Hypotheses 1-6
suggest potential mediation pathways linking Al errors to decision performance through
confidence in the Al assistant and information processing efficiency, with configuration

moderating the immediate impact of Al errors. This section reports post-hoc analyses



To account for the repeated-measures structure of the experiment while maintaining
model parsimony, we first divided the dataset according to the two values of the binary
moderator variable (configuration). A nonparametric bootstrap approach was then applied
to test mediation effects without assuming normality. For each mediator variable, this
approach required two separate analyses corresponding to each configuration condition.
Within each condition, we estimated a series of linear mixed-effects models: a full
model predicting decision performance from the independent variable and the mediator,
a reduced model predicting decision performance from the independent variable only,
and a model predicting the mediator from the independent variable. When these models
indicated a possible mediation pattern, we conducted a nonparametric bootstrap analysis
with 5,000 iterations. In this section, we report only significant mediation effects, while
complete model specifications and detailed results are provided in Appendix, Section
C.2.10.

Among the tested mediation pathways, only the confidence in the Al assistant
under no-configuration condition, and attentional resource allocation on the manual task-
relevant elements under the configuration condition suggested potential mediation effects.
In these analyses, Al errors served as the independent variable, confidence in the Al
assistant (or total fixation duration on the task-relevant information after the onset of Al
recommendation) as the mediator, and decision performance as the dependent variable,
with the configuration variable fixed to the value of O (or 1 in case of the mediation test
involving attentional resource allocation on manual task elements).

In the analysis testing mediation through the confidence in the Al assistant, the
mediator model showed that Al errors reduced users’ confidence in the Al assistant (f =
—0.289, p < .001). The outcome model, which included both Al errors and confidence
as predictors of performance, revealed a positive association between confidence in the
AT assistant and decision performance (8 = 0.033, p = .033), while the direct effect of
Al errors on performance remained negative and significant (8 = —0.035, p < .001).
A Monte Carlo simulation with 50,000 iterations was used to estimate the indirect effect.

The average indirect effect was negative (ab = —0.0095), and the 90% confidence interval
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[—0.0181, —0.0010] did not include zero, indicating a statistically reliable mediation
effect at the 90% confidence level.

The mediator model indicated that Al errors were associated with increased
fixation durations (8 = 0.431, p = .031), suggesting stronger post-decision attentional
engagement following erroneous Al recommendations. The outcome model, which
included both Al errors and fixation duration as predictors of decision performance,
revealed a significant negative association between fixation duration and performance
(B = —0.018, p = .038), while the direct effect of Al errors remained negative and
significant (8 = —0.057, p < .001). A Monte Carlo simulation with 50,000 iterations
was conducted to estimate the indirect effect. The average indirect effect was negative
(ab = —0.001), and the 90% confidence interval [—0.018, —0.001] did not include zero,
indicating a statistically significant mediation effect at the 90% confidence level.

These results suggest that when participants had access to Al configuration, Al
errors reduced decision performance partly through their effect on attentional responses.
Specifically, erroneous recommendations led to prolonged post-decision fixations,
reflecting additional cognitive effort or verification behavior, which in turn corresponded

to lower decision performance.

Recovery of Confidence in AI Following an AI Error

In this section, we report our post-hoc analysis examining participants’ recovery from
their initial loss of confidence following Al errors. The analysis aimed to determine
whether configuration influenced how quickly participants restored their confidence in
the Al assistant after encountering an erroneous Al recommendation.

To create a dataset suitable for survival analysis, we applied the following data
processing steps. First, for each participant, we established a baseline level of confidence
in the AI assistant by computing the mean of their reported confidence across the
first fourteen trials with Al assistance but without any Al errors. We then compared
participants’ subsequent trial-level confidence ratings against their baseline confidence

values and computed the number of trials it took for participants to return to or exceed
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their baseline confidence following each Al error. In the survival analysis, the first
observation where a participant’s confidence in the Al assistant equaled or surpassed their
baseline was treated as the stabilization event, and trials prior to that point represented
periods during which the stabilization event had not yet occurred, i.e., confidence had
not yet recovered. Because the analysis focused on the recovery of confidence in the
Al assistant after the first Al error, the dataset excluded trials in which there were
erroneous Al recommendations and all trials a participant completed before encountering
their first erroneous Al recommendation. The dataset used in this analysis contained
1,946 trials, with approximately a 60% censoring rate in both experimental conditions of
configuration. Descriptive statistics of the survival analysis are provided in Table C.32.

Using the trial-level dataset described above, we constructed Kaplan-Meier survival
curves to estimate survival probabilities, defined as the probability that confidence
remained below baseline as a function of the number of trials since the last Al error.
Participants were grouped according to their assigned configuration condition, and a log-
rank test indicated a significant difference between conditions (p = .043), suggesting that
participants with Al configuration access recovered their confidence more rapidly after
Al errors. As illustrated in Figure 3.11, both groups showed a gradual decline in survival
probability (indicating increasing recovery of confidence), and recovery to the baseline
Al confidence levels occurred earlier for those who had Al configuration access.

To complement the nonparametric comparison, we estimated a Cox proportional
hazards model to quantify the effect of Al configuration on the rate of confidence
recovery (Therneau and Grambsch, 2000). In this model, the hazard represents the
instantaneous likelihood that a participant’s confidence returned to or exceeded their
baseline level at a given trial, given that recovery had not yet occurred. The model
revealed a significant positive effect of AI configuration (f = 0.15, p = .041). The
corresponding hazard ratio of 1.16 indicates that, at any given trial after an Al error,
participants in the configuration condition were approximately 16% more likely to regain
their confidence compared to those in the no configuration condition. The model’s

concordance index (C = .52) suggests moderate variability across participants in recovery
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speed. These results reinforce the Kaplan-Meier findings by confirming that configuration
access systematically accelerated participants’ recovery from confidence loss following
Al errors. Details of the Cox model analysis are reported in Appendix, Section C.2, Table

C.33.
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Figure 3.11: Kaplan-Meier survival estimates for confidence recovery following Al
errors. Participants in the configuration condition recovered confidence faster (p = .043).
Risk at 10 trials is zero because no participant experienced an interval longer than 10 trials
before encountering another Al error.

3.6 Discussion

3.6.1 Key Findings

In addition to their promised productivity improvements, Al implementations introduce
three key tensions from a human-centered Al perspective: human autonomy, user trust
and confidence, and users’ perceived complexity (Jiang et al., 2023). This study aims

to examine the effectiveness of Al configuration in mitigating the tension between
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automation and user agency (Jiang et al., 2023). Drawing on the Situation Awareness
(SA) model, it examines how a human-in-the-loop decision-making design, enabled by
an Al configuration access, shapes users’ confidence, attentional responses, and decision
performance in a dynamic, Al-assisted decision-making task in which the Al is prone
to errors at random points in time. The SA model conceptualizes user cognition as
a multi-level process encompassing perception, comprehension, and projection, where
system design features influence how users form, maintain, and recover their awareness
of task context and system behavior (Endsley, 1995; Endsley et al., 2003; Endsley, 2023).
Our findings provide empirical evidence for this framework in the context of imperfect
Al assistance, demonstrating that design features enabling perceived autonomy can both
facilitate user understanding and amplify cognitive responses to Al errors. Below, we
summarize the main results, which are visually presented in Figure 3.10 and summarized
in Table 3.4.

First, as hypothesized in H1, erroneous Al recommendations significantly reduced
users’ confidence in the AI assistant. This finding confirms that Al errors undermine
users’ belief in the reliability of algorithmic advice and aligns with prior work showing
that users continuously evaluate information system outputs and their implications for
decision performance throughout the decision-making process (e.g., the OODA loop
(Endsley and Jones, 1997) and the cybernetics view of IS use behavior (Liang and
Xue, 2009)). It also supports prior research demonstrating that early system failures are
particularly detrimental to users’ confidence calibration in Al systems (Dietvorst et al.,
2015; Anaraky et al., 2020). Moreover, the moderating effect of configuration (H4a) was
negative, indicating that participants with access to Al configuration experienced a larger
decrease in confidence following Al errors. Although user control is often assumed to
enhance perceived autonomy and trust (Haesevoets et al., 2021; Westphal et al., 2023),
our results suggest that exposing system internals may also heighten users’ sensitivity
to errors and help mitigate the out-of-the-loop problem (Endsley et al., 2003). The
faster initial confidence reduction in the configuration condition likely stems from users

attributing responsibility for errors to their own configurations or perceiving the system
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as less autonomous, thereby intensifying confidence loss when outcomes deviate from
expectations. Although confidence in the Al assistant initially declined more sharply
with configuration access, post-hoc analyses show that it also recovered more rapidly to
baseline levels in this condition.

Regarding EEG measures, we observed a slightly unexpected finding: the two con-
ditions showed opposite polarity around 250 ms in response to erroneous recommenda-
tions. Specifically, we observed a negative-going deflection in the no-configuration group,
whereas the configuration group showed a positive-going response in the same time win-
dow. The negative-going activity can be explained by early attentional mechanisms linked
to conflict monitoring or rapid error evaluation in visual tasks. Negative-going deflections
in this latency range, often described as an N200, error-related negativity, or feedback-
related negativity response, reflect an automatic, stimulus-driven allocation of attention
toward unexpected or mismatching information (Folstein and Van Petten, 2008; Luck,
2014; Holroyd and Coles, 2002). In the absence of configuration access, erroneous recom-
mendations appear to have been processed as externally generated anomalies, prompting
a discrepancy-detection response rather than a deeper interpretive process. In contrast,
the positive-going activity observed in the configuration condition aligns with an early
P3a-like orienting component that reflects a higher-level, model-based allocation of at-
tentional resources to events that violate an internal task representation (Polich, 2003).
When users believed they had influenced the AI’s output, errors triggered a context-
updating process rather than a purely stimulus-driven mismatch reaction. This pattern
supports the interpretation that configuration access strengthens attentional responses by
engaging a more deliberate interpretive mechanism when Al errors occur and suggests
that configuration activates distinct cognitive monitoring processes during error detection
and correction, consistent with the SA model’s proposition that system-level engagement
influences users’ perception and comprehension of task states.

Third, the results involving eye-tracking metrics (H3, H4c, and H8) indicate that
a human-in-the-loop interaction design shapes how efficiently users allocate attention

when processing and correcting Al errors. Erroneous recommendations increased fixation
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duration on task-relevant information across all conditions, but this effect was weaker
when users had access to Al configuration. Participants in the configuration condition
spent less time examining task data, suggesting that they relied more on their internal
understanding of how the Al operated and how its outputs related to the task, thereby
reducing the need for prolonged visual verification. Consistent with the Situation
Awareness (SA) model (Endsley, 1995; Endsley et al., 2003), these results imply that
configuration access enhances comprehension (Level 2 SA) and projection (Level 3 SA)
by prompting users to interpret and anticipate task-relevant contextual information more
frequently. This stronger SA, in turn, reduces uncertainty during errors and supports
a more efficient error correction process. This pattern aligns with the EEG evidence
showing that configuration shifts early error processing from mismatch detection to
a more deliberate attentional response that draws on users’ internal task and system
representations.

Fourth, the results for H5 and H7 revealed a consistent relationship between cognitive
states and performance outcomes. Higher confidence in the Al assistant predicted
better task performance (HS), indicating that well-calibrated confidence enables effective
integration of Al recommendations into decision-making. In contrast, prolonged visual
verification (H7) was negatively associated with performance, suggesting that sustained
post-decision fixation reflects uncertainty and cognitive inefficiency. No significant
relationship was observed between P3a amplitude and performance (H6), implying that
neural attentional reactions alone do not directly translate into decision quality without
corresponding improvements in confidence and comprehension.

Taken together, these findings highlight the importance of designing Al systems from
a human-in-the-loop perspective. Providing users with configuration access not only
enhances their understanding of how the Al operates but also supports the development
of accurate confidence and more efficient attentional control during decision-making.
By ensuring that users remain cognitively engaged and capable of managing Al errors
effectively, configuration-based interaction helps mitigate the out-of-the-loop problem

by improving users’ comprehension of both the Al and the task context (Endsley et al.,
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2003). Overall, the results confirm that enabling user involvement in Al-assisted decision
processes fosters situational awareness, confidence calibration, and promotes a more

adaptive and resilient decision-making process.

3.6.2 Theoretical and Methodological Implications

This study offers several theoretical contributions. A central contribution stems from
extending behavioral operations and decision-making research on operations planning
tasks by introducing Al decision support as a source of an additional meta-decision-
making problem (Benzion et al., 2008; Kremer and Minner, 2008; Kremer et al., 2010;
Schweitzer and Cachon, 2000). Rather than focusing on behavioral deviations from
optimal benchmarks or on task-driven sources of difficulty, we redirect attention in the
behavioral newsvendor literature to the design of the human—Al interaction itself and to
the cognitive pathways through which Al assistance shapes decisions. Engaging with a
well-established decision paradigm, as suggested by Wang et al. (2025), strengthens the
theoretical grounding of our approach while maintaining relevance for a broad research
community.

Second, this study extends the literature on the topic of user control over Al
and understanding of Al by testing the impact of configuration under imperfect Al
performance, a condition rarely explored in prior research. While prior studies have
shown that user control enhances confidence in Al and decision performance when Al
systems perform reliably (e.g., Westphal et al. 2023), our results demonstrate that user
control also supports user attention and understanding, which also helps users when the
Al produces errors. By situating these findings within the Situation Awareness (SA)
theory (Endsley, 1995; Endsley et al., 2003), it illustrates that allowing users to configure
how an Al generates its recommendations improves their attention to Al errors, their
understanding, and their projection. These results strengthen the theoretical link between
user control and dynamic confidence calibration, emphasizing that control mechanisms

play a critical role not only in supporting initial confidence in Al but also in sustaining
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effective attentional engagement in task input elements and faster attentional reactions to
Al failures.

Methodologically, this study integrates two well-established experimental paradigms,
the newsvendor decision task and the oddball paradigm, to examine event-related po-
tentials in an ecologically valid decision-making environment. The findings demon-
strate the feasibility of applying event-related potential methods to complex, dynamic
decision-support contexts and reveal that users engage distinct cognitive processes when
confronted with Al errors, depending on whether they had configuration access. By
combining self-reports with eye-tracking data, we further show that fixation duration on
task-relevant elements covaries with confidence in the Al assistant, suggesting that visual
verification behavior may serve as an implicit indicator of confidence. Future research
can build on this approach to evaluate fixation-based or behavioral measures as real-time
indicators of user confidence or uncertainty. Finally, by employing a repeated-measures
design, this study moves beyond the dominant focus on initial use and investigates how

confidence evolves over extended human-Al interaction cycles.

3.6.3 Practical Implications

A key takeaway from this study is that the design of information systems should align
with users’ cognitive preferences while preserving the reliability and performance of the
underlying Al The results demonstrate that when users are meaningfully engaged in the
decision loop, they exhibit stronger attentional responses to Al errors, form a deeper
understanding of system behavior, and recover their confidence in Al more effectively
after Al errors. Below, we discuss the practical implications of these findings from an
enterprise system and human-Al interaction design perspective.

Our findings show that providing users with even limited opportunities to influence
the AI’s reasoning process can enhance their comprehension, attentional processing,
and confidence calibration. Providing users with complete control over model internals

may not always be feasible and safe in enterprise environments. Yet, designers can
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introduce bounded forms of configuration such as adjustable parameter weights, scenario
preferences, tolerance or confidence thresholds, or interpretable settings that shape the
decision context without compromising model integrity. These mechanisms have the
potential to satisfy users’ need for autonomy, increase their engagement with task
inputs, and foster more resilient confidence when the Al occasionally fails to produce
reliable outcomes. In cases where configuration access cannot be granted to users,
designers should consider nudging users to interact with relevant data before receiving
Al assistance by using mandatory review steps, input data quality prompts, checklists, or
other intentional friction elements.

The fixation results indicate that unexpected or erroneous Al outputs create heightened
attentional demands. IS designers can translate this into adaptive support features that
detect uncertainty and respond in real time. Although eye-tracking may not be feasible
in typical enterprise deployments, similar insights can be inferred from cursor movement,
scrolling patterns, extended verification time, or unusual navigation sequences (Grimes
and Valacich, 2015). System designers should investigate methods for detecting such
behavioral cues so that they can design their systems to provide additional clarification,
highlight key variables, present a brief rationale for the recommendation, or deliver
contextual examples.

Finally, because Al systems inevitably produce errors, interfaces should explicitly
support users during such Al error events. This includes surfacing local uncertainty
signals, providing concise justifications or warnings when outputs deviate from typical
patterns, and proposing methods for correction. Systems that prepare users for occasional
mistakes can help prevent algorithm compliance while nurturing user confidence in Al

assistance.

3.6.4 Limitations and Future Research

As with all experimental research, the findings of this study should be interpreted

within its methodological boundaries. First, the Al assistant generated identical
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recommendations for all participants, regardless of whether they had configuration access
or what configurations they submitted. This design choice ensured comparability across
conditions but meant that the study primarily examined participants’ perceived sense
of control rather than the impact of actual control on decision outcomes. Future work
should examine how granting users functional control over Al parameters influences
performance, confidence calibration, and attention allocation during interaction.

Second, to prevent participants from anticipating Al errors, erroneous recommenda-
tions were distributed randomly across trials. As a result, the number of non-erroneous
trials following each error varied across participants, limiting the interpretability of the
post-hoc analysis of confidence recovery. Future studies should systematically manipulate
the timing and frequency of Al errors to more precisely model the temporal dynamics of
confidence recovery.

Third, confidence in the Al assistant was measured using a single-item indicator
to allow repeated assessment across trials while minimizing participant effort. While
suitable for capturing momentary, trial-level evaluations of perceived system ability, this
operationalization may provide a narrower representation of users’ evaluations than multi-
item approaches. Future research should employ more comprehensive measurement
instruments to capture additional facets of users’ assessment of Al capability and examine
how they evolve during longer-term human-Al interaction. In addition, future studies
should compare confidence measured prior to observing objective task outcomes, as in
this study’s design, with confidence measured after objective outcome feedback, to better
understand how performance feedback reshapes users’ evaluations of Al capability.

Fourth, this study focused on system design factors shaping human—AlI interaction;
however, as reflected in the explained variance of 5% in decision performance, outcomes
are likely influenced by a broader set of determinants. Future research should investigate
additional individual- and task-level factors alongside system design characteristics,
including users’ prior experience, domain expertise, cognitive abilities, and task difficulty,
to better understand how personal capabilities and adaptation processes jointly shape

performance outcomes in Al-supported decision environments.
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3.7 Conclusion

This study examines how user involvement in human-Al interaction influences confi-
dence, attention, and performance in Al-assisted decision-making in cases where Al
systems are prone to errors. Grounded in prior human-Al interaction research and the
Situation Awareness (SA) model, it shows that involving users through a configuration
interface enhances understanding of the AI system and supports confidence recovery
after errors. By integrating behavioral, eye-tracking, and neurophysiological measures,
the study finds that although Al errors increase attentional demands, users with con-
figuration access manage these situations more efficiently and regain confidence more
rapidly. These findings extend existing work by demonstrating that human-in-the-loop
design patterns sustain engagement and comprehension even when Al performance is
imperfect. Overall, the results highlight the importance of human-in-the-loop system
design to preserve human attention, engagement, and understanding in dynamic, error-

prone decision environments.
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Conclusion

This thesis aims to address the following research question: How do interface-level
design choices in Al-supported organizational decision systems shape users’ attention,
understanding, confidence calibration, and decision performance? Rather than treating
these outcomes as direct consequences of Al accuracy or adoption, the thesis examines
how they emerge from users’ ongoing interaction with Al systems and from the cognitive
conditions created by interface design. Building on evidence from semi-structured
interviews and quantitative analyses of experimental data, this section synthesizes the
contributions of the three empirical studies in the thesis.

Taken together, the three studies indicate that these cognitive and behavioral outcomes
depend on how system behavior is made visible, interpretable, and actionable to users. In
particular, the findings suggest that interface design influences how users form and revise
mental models of Al systems, how they allocate attention to verification and monitoring
activities, and how they recalibrate their confidence in Al over repeated use.

The first study illustrates that user understanding of Al develops through continued
interaction, as users assess Al behavior by inspecting outputs, questioning recommenda-
tions, and intervening when necessary. The second study shows that Al-to-human inter-
face mechanisms, specifically, transparency and explainability, support users’ understand-
ing in different ways. The results also show a diminished benefit from the combination of
those two mechanisms, highlighting that providing users with more information is not the
optimal solution. On the other hand, the third study shows that users report a higher level

of understanding of Al when they are provided with a human-to-Al interface, namely, an



Al configuration functionality.

The dissertation further shows that confidence calibration is closely tied to interface
design and is dynamic, rather than being a stable attitudinal state. In the qualitative
study, users describe their confidence in Al as being continuously reassessed through
meta-decision-making about delegation. By including Al errors as a within-participants
manipulation in its repeated-measures experimental design, the third study shows that
confidence in Al responds dynamically to system performance. Further analyses show
that temporal changes in confidence in Al are asymmetric: confidence in Al drops
sharply following an Al error, and recovery requires several trials with non-erroneous
Al recommendations. Analyses in the third study also show that Al configuration
functionality improves confidence recovery, highlighting that confidence calibration
depends on users’ perceived ability to anticipate and manage Al behavior. In line with
these findings, the second study shows that an Al-to-human interface, transparency, also
improves confidence in Al.

Attentional measurements from the second and third studies provide additional
evidence for how interface design shapes human-Al interactions. The second study
shows that when transparency or explainability is absent, users increase attentional shifts
between the Al assistant and task-relevant information, indicating greater verification
effort. In repeated interactions, transparency is associated with a reduced need for
verification efforts. The third study extends this result by showing that configuration
access alters early attentional responses to Al errors, shifting processing toward
more deliberate, model-based evaluation rather than purely stimulus-driven mismatch
detection. These findings indicate that interface design influences not only where attention
is directed, but also how users process information and respond to unexpected system
behavior during Al-assisted decision-making.

In sum, the dissertation shows that interface-level design choices can influence
decision performance indirectly, by shaping users’ confidence in Al, their attention
allocation to verification and monitoring, and their ability to recalibrate confidence in

repeated human-Al interactions. Taken together, the thesis responds to calls for research
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on design characteristics of successful conversational systems (Janssen et al., 2020), Al-
based system explanation techniques (Bauer et al., 2021; Maedche et al., 2019), and
human-centered Al applications in organizational decision-making (So6llner et al., 2025).
The remainder of this conclusion discusses implications for research and practice, and

directions for future research.

Theoretical Implications

This thesis makes three primary theoretical contributions to research on human-Al
interaction and Al-supported organizational decision-making. First, it extends Situation
Awareness (SA) theory to Al-supported decision contexts by showing that users’
awareness encompasses not only their understanding of the task environment, but also
their interpretation of how the Al system perceives, processes, and anticipates that
environment. Across the studies, users are shown to continuously evaluate the alignment
between their own situation awareness and their perception of the system’s awareness.
By introducing the notion of attributed system situation awareness, the thesis provides
a theoretical basis for explaining how user confidence in Al develops through ongoing
comparison rather than as a static attitude or one-time judgment (Endsley, 1995; Endsley
et al., 2003).

Regarding the second source of theoretical contributions, this thesis clarifies the
conceptual distinction between transparency and explainability by disentangling and
operationalizing these two frequently conflated design constructs. Drawing on established
definitions in the literature, transparency is conceptualized as system-level information
that supports users’ general understanding of Al behavior, whereas explainability is
understood as output-level justifications tied to specific recommendations (Chen et al.,
2014; Vilone and Longo, 2021). By independently manipulating these constructs within
the same study and illustrating their instantiation in a contemporary GenAl assistant
context, the thesis responds to Whetten’s (1989) call for clearly defined constructs situated

within a coherent nomological network.
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The third theoretical contribution stems from theorizing and empirically testing
relationships between these design constructs and user cognition and behavior. Building
on the SA model, the thesis examines how transparency, explainability, and configuration
shape users’ confidence calibration, attention allocation, and decision performance over
repeated interactions. The findings clarify when and how design attributes improve
or hinder performance by showing that their effects depend on the interaction stage,
task dynamics, and the cognitive demands introduced by the interface. In line with
Whetten’s (1989) view that theoretical contributions arise from changes to causal maps,
the results demonstrate that interface-level design choices influence Al use through
dynamic processes of understanding, verification, and delegation, rather than through
binary adoption or reliance mechanisms (Bansal et al., 2021; Dietvorst et al., 2015; Allen
and Choudhury, 2022; Anaraky et al., 2020).

Finally, this thesis extends research on behavioral operations and organizational decision-
making by examining human-Al interaction within the well-established newsvendor prob-
lem, a central experimental paradigm in operations management (Benzion et al., 2008;
Kremer and Minner, 2008; Kremer et al., 2010; Schweitzer and Cachon, 2000; Wang
et al., 2025). Prior work in this literature has largely focused on task difficulty, be-
havioral biases, or deviations from normative benchmarks. By introducing Al decision
support into this setting and systematically varying interface-level design features, the
thesis highlights how interaction design shapes users’ cognition and behavior during
Al-supported decision-making. Using a well-known decision context as an analytical
baseline strengthens the interpretability of the findings and illustrates how established

paradigms can be leveraged to study contemporary human-Al interaction phenomena.

Methodological Contributions

This thesis makes several methodological contributions to the empirical study of human-
Al interaction by demonstrating how cognitive and behavioral processes can be examined

in ecologically valid, repeated-interaction settings. Rather than treating Al use as a
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one-shot advice-taking event, the experimental studies modeled decision-making as an
ongoing process in which users repeatedly interacted with the same Al system under
evolving conditions. By involving multiple trials and repeated measures, the experimental
designs captured how user confidence, attention allocation, and performance developed,
deteriorated, and recovered over time. This approach enabled the investigation of
adaptation in verification behavior and the calibration of confidence in Al.

Second, the thesis illustrates the value of integrating behavioral, attentional, and
neurophysiological measures within a single research program. Eye-tracking was used
to capture attention allocation and attention shift rates as indicators of verification effort
and information-seeking behavior. Drawing on prior work in reading, problem-solving,
and diagnostic reasoning (Rayner et al., 2011; Engbert et al., 2005; Jacob and Karn,
2003; O’Neill et al., 2011), fixation durations on task-relevant information and transitions
between interface elements were treated as behavioral signals of uncertainty and reliance
on Al support. Across studies, these measures covaried with self-reported confidence and
performance, supporting their use as implicit indicators of user states during Al-assisted
decision-making.

Third, the thesis contributes methodologically by addressing calls in NeurolS for
greater ecological validity in the study of cognition during information system use
(Balapour and Riedl, 2025). By embedding AI assistants within a realistic ERP-
based business simulation, the research demonstrates how controlled experimentation
can be combined with complex, domain-relevant decision tasks. This design enabled
the use of real-time physiological measures, including eye-tracking and EEG, to
capture attention allocation, attention shifts, and early neural responses as indicators
of information processing during Al-assisted decision-making. Moreover, by modeling
human-AlI interaction as a temporal process across repeated trials, the thesis empirically
demonstrates that cognitive responses to Al evolve over time, highlighting the importance
of longitudinal designs for studying Al-supported decision-making.

Finally, the thesis contributes methodologically by illustrating how the systematic

design of GenAl assistants can be used as an experimental manipulation tool. To
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maintain experimental control, multiple GenAl assistants were configured through
carefully constructed system prompts and controlled interface-level visibility changes to
manipulate transparency and explainability while preserving response consistency. With
this approach, the second study demonstrates how GenAl behavior can be experimentally
shaped in a replicable manner, providing guidance for future studies seeking to investigate
interface-level Al design features. Together, these design and measurement choices
offer methodological guidance for future experimental work on human-AlI interaction in

settings that reflect continued, real-world system use.

Practical Implications

Taken together, the three studies suggest that effective deployment of Al in organizational
decision-making requires moving beyond a purely technical, performance-oriented view
of Al systems toward a cognitive, human-centered perspective. The findings show that
user outcomes are shaped not only by the accuracy of Al outputs, but also by how well
systems help users understand what the Al is doing, how it reaches its recommendations,
and how its behavior may change over time. From a practical standpoint, this implies
that Al systems should be designed to support users’ situation awareness and help them
decide when and how to use Al recommendations during the decision-making process.

A central implication across the studies is the importance of giving users control
over the level of Al involvement. Users do not rely on Al in a fixed or continuous
manner; instead, they repeatedly decide whether to accept, question, or override Al
recommendations as situations unfold. Al systems should therefore allow users to easily
adjust how much support the Al provides at any point during the decision-making process.
In practice, this means enabling users to influence inputs, adjust settings, or intervene
in recommendations without friction, rather than forcing them to either fully accept Al
outputs or abandon the system altogether. Such designs help users remain engaged while
maintaining flexibility in how Al support is used.

The findings also indicate that presenting more information to users does not neces-
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sarily improve decision outcomes. Providing extensive transparency and explainability
features at the same time can increase cognitive demands without yielding additive ben-
efits. Instead, the results point to an adaptive design approach in which different types
of information are emphasized at different stages of use. Early interactions benefit from
transparency that helps users form an initial understanding of how the AI works at an
abstract level, while later interactions benefit more from targeted explanations that support
verification, error handling, and confidence calibration.

Finally, the studies highlight the practical value of attending to how users interact with
Al systems over time. Patterns of attention, verification, intervention, and responses to Al
errors provide meaningful signals about whether users understand and trust the system.
Even when advanced sensing technologies such as eye-tracking are not available, similar
insights can be inferred from behavioral cues such as repeated overrides, interaction
timing, or navigation behaviors (Grimes and Valacich, 2015). Using these signals to adapt
system behavior and interface design may allow organizations to improve Al support over

time while preserving user autonomy and trust.

Future Research Opportunities

The findings of this thesis highlight the relevance of longitudinal research designs for
understanding human-Al interaction as an evolving process. While the present studies
capture repeated interactions within controlled experimental sessions, they primarily
reflect early-stage engagement rather than long-term use. Future research should therefore
examine how attention allocation, confidence calibration, understanding, and decision
performance develop over extended periods of interaction, particularly after stable usage
patterns and habits emerge. Longitudinal field studies could investigate when reliance
behaviors stabilize, how confidence evolves before and after exposure to objective
performance feedback, and how users recalibrate delegation strategies following repeated
Al successes and failures.

Future research should also further examine the cognitive mechanisms underlying
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observed behavioral effects. Although this thesis interprets findings through the lens of
situation awareness, alternative explanations related to cognitive load, information over-
load, or interruption effects may operate alongside attentional processes. Experimental
designs that directly manipulate these mechanisms, or combine behavioral measures with
richer physiological indicators, would help disentangle the specific cognitive pathways
through which interface design influences human-Al interaction outcomes.

Another important direction concerns ecological realism and system design assump-
tions. The experimental studies relied on simulated decision environments and predefined
configuration interfaces to ensure experimental control. Future work should investigate
how the identified mechanisms operate in real organizational Al systems, where models
continuously learn and evolve. Moreover, it should be noted that allowing users complete
configuration of an Al system may not always be a feasible method to improve user
attention. Future research should investigate adaptive or system-initiated personalization
as alternative means of maintaining user attention.

At the measurement level, future studies should expand the operationalization of
key constructs. Confidence in Al was measured using a single-item indicator to enable
repeated assessment across trials; however, richer multi-item instruments could capture
broader evaluative dimensions and distinguish confidence assessed before observing
objective outcomes from confidence measured after performance feedback. Similarly,
future work should further investigate performance outcomes using designs capable
of capturing greater behavioral variance across longer time horizons, which may
improve explanatory power and clarify how decision performance evolves beyond initial
interaction stages.

Beyond the individual level, an important direction for future research lies in
understanding how Al perceptions and interaction experiences propagate within teams
and organizations. Individual users’ confidence in Al, attributed system awareness, or
willingness to rely on recommendations may shape other team members’ perceptions
through communication, observation, and shared decision processes. Future studies

could examine how heterogeneous individual experiences with Al converge into shared
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team-level understandings, how these collective perceptions influence coordination and
reliance, and how organizational norms and policies regarding Al use emerge over time.
Finally, future research should investigate intervention mechanisms aimed at educat-
ing end users and increasing awareness of ethical and privacy-related issues surrounding
Aluse. As many Al systems are deployed as software-as-a-service solutions, user data are
often stored and processed by external providers. Future work could examine how users
understand these data practices, how privacy concerns influence interaction and adoption,
and which design interventions or educational approaches effectively increase public
awareness of data usage and privacy risks. Integrating these questions with cognitive and
behavioral outcomes would support a more comprehensive understanding of responsible

and sustainable human-Al interaction.
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A.1 Methods

A.1.1 Semi-Structured Interview Guide

All interviews were semi-structured, and the questions presented here served as prompts.
When appropriate, respondents were asked to provide additional details. The probing
suggestions were used by researchers to ask follow-up questions and elicit additional
insights.

Part 1: Introduction and Overview

Goal: Understand the participant’s professional task requirements, individual expertise,
and situational awareness requirements to accomplish their tasks. Probing suggestions

in this part target individual and task factors.
1. Can you describe your role at the company?
* Probe for factors: Goals and roles; Experience; Abilities.
2. In which contexts do you use (or have you used) this system?

* Follow-up: Could you provide example tasks for which you use this system?

* Probe for factors: Task characteristics, Situation awareness requirements.

Part 2: Human-AlI Interaction Mechanisms within the Task Context
Goal: Understand the nature of human-Al interaction, users’ task delegation to Al, and
the perceived importance of the system for task execution. Probing suggestions in this

part target individual, system, and task factors.
3. How would you describe your interaction with the system?

* Follow-up: Does using the system help you understand what is occurring

within your business?

* Probe for factors: Communication with Al; Collaboration with Al; Control
over Al; Task repetition; Automation level; Task complexity; Presentation of Al

predictions; Al predictions; Delegation of tasks to Al

il



4. Do you have the expertise to configure the business strategy used by the system?

* Ifno: Who assists you with configuration?

* Follow-up: How frequently does this strategy need to be reconfigured?

» Probe for factors: Control over Al; Perceptions of Al (perceived Al reliability,
confidence in Al perceived influence in Al recommendations).

5. Could you perform your job without this system?

* Ifyes: How would you accomplish the tasks you currently use this system
for?

* [fyes: Is there anything the system does better?

* If no: What is the system doing that could not be obtained or performed

without it?

* Probe for factors: Situation awareness requirements; Collaboration with Al;
Interactions with Al; Workload; Task complexity; Procedures; User goals;

System design.

Part 3: Perceptions of Al
Goal: Evaluate perceptions concerning Al reliability, confidence in Al, participants’

perceived understanding of AL

6. Do you know how the system works to generate its suggestions?
* Follow-up: Would knowing more about how information is processed by
the system be useful to you?

* Follow-up: Do you think this system has all the necessary input attributes

to make a good decision?

* Follow-up: Do you see the system as being rather static or as learning over

time?

il



» Probe for factors: Perceived understanding of Al, Perceived transparency of

Al Perceived influence in AI recommendations.
7. How confident are you in the solutions suggested by the system?
* Follow-up: Do you evaluate the output of the system or use the results
directly?

* Follow-up: What do you do when you feel the system’s suggestions are out

of calibration (e.g., ignore, override, reconfigure)?

* Follow-up: To what extent do you find the system and its outputs, plans,

and recommendations to be reliable?

* Follow-up: Are you as confident in the system today as you were when you

first started using it? If different, what has changed?

* Probe for factors: Attitudes concerning Al reliability, confidence in AL

8. Reflecting on when you were first tasked with using the system, describe that

onboarding process and your initial experience.

* Probe for factors: Perceived understanding of Al, user experience, user

abilities.

9. How could this system be improved to be more helpful for you and your

business?

10. Would you recommend this system to someone performing your role?

Closing: Ask for additional remarks, appreciate their time and interest.
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B.1 Methods

B.1.1 Manipulation Check Study

® Ice Cream Oracle

The Intelligent Demand Forecasting Assistant

Hello ' ! | am your demand forecasting assistant.
1 aim to help you make accurate and efficient demand forecasts.
* Previous Performance:

o According to previous tests, the model's confidence can vary between 64% and 92%.

What is the forecasted demand for the next week? (week 21)

708

The forecasted demand for week 21 is 708 units.
This forecast is based on several factors:

® Seasonality: The model is highly sensitive to seasonal patterns, which significantly impact ice cream demand.
®  Weather Forecasts: Warmer weather typically increases ice cream demand. For week 21, spring conditions are expected, which may
contribute to higher demand.

* Previous Week's Demand: The demand for the previous week (week 20) was 684 units.

Given these variables, the model forecasts a demand of 708 units for the upcoming week with a confidence level of 91%.

Ask me a question about your dataset

Figure B.1: Screenshot of the GenAl assistant interaction shown to participants in Group
1 during the manipulation check study. This version represents the low transparency and
high explainability condition.



@ Ice Cream Oracle

The Intelligent Demand Forecasting Assistant

Hello .+ ! 1am your demand forecasting assistant.
| aim to help you make accurate demand forecasts based on historical sales data and weather forecasts. Here's how I do it:
* Goal:

o Maximize profits.

* Used Dataset:
o Sales data from the last two years (your company's database).
o Pricing data from the last two years (your company's database).
o Weather forecasts for the upcoming week (weather.com).
* Methods:
o The datais used to estimate the baseline, trends, and patterns in sales.

= The estimated parameters are then used in a forecasting method to get the next week's sales estimate.

* Previous Performance:

o The model's confidence can vary between 64% and 92%.

What is the forecasted demand for the next week?

() Writing code v
Iwill now proceed with the following steps to forecast the demand for the next week using the Holt-Winters method:
1. Load and Prepare Data: The data has been loaded successfully. The dataset consists of weekly demand values.
2. Set Parameters: | will set the parameters for the Holt-Winters method, assuming yearly seasonality.
3. Fitthe Model: | will fit the Holt-Winters model to the data.
4. Forecast: | will forecast the demand for the next week.
Let's proceed with the forecasting.
v Code v

Using the Holt-Winters method with yearly seasonality, I've forecasted the demand for the next week. The process involved fitting the model
to the historical data and then generating the forecast.

Confidence Level: 90%

Forecasted Demand for Next Week:

708

Ask me a question about your dataset >

Figure B.2: Screenshot of the GenAl assistant interaction shown to participants in Group
1 during the manipulation check study. This version represents the high transparency and
no explainability condition.
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Table B.1: Manipulation check items and t-tests results.

Item Item Details Group 1 Mean  Group 2 Mean p-value N

Trl It is clear to me what data sources are used 5.55 5.07 .013 187
to generate recommendations.

Tr2 I can access a great deal of information that 5.02 4.61 .056 187
explains how the system works.

Att Please select "Somewhat agree" as a re- - - - -
sponse to this question.

Tr3 I can see plenty of information about the 491 4.45 .038 187
system’s inner logic.

Ex1 The system provides information on the 4.75 5.14 112 187

specific data values that led to the output
forecast of 708 units.

Ex2 I can see the specific values that produced 4.09 4.85 .004 187
the output of a 708 units forecast.

Transparency Composite of Trl, Tr2, Tr3 5.16 4.71 .009 187

Explainability Composite of Ex1, Ex2 442 4.99 015 187

B.1.2 The Design of GenAl Assistants as Experimental Stimuli

e ) [ ] [ ]
o Game state as oDATA feed [ ] User prompts with embedded game state data [--- ]
Al responses
" —— ——
SAP Server Web Server, Al Assistant Front-End OpenAl Assistants API
Debian Linux and NGINX gpt-40-2024-05-13
Python 3.9.2 Code interpreter on
Streamlit 1.33.0 Temperature: 0.6

Top-p: 1.0

Participant PC
SAP GUI v.770
Custom Al Assistant as a Webapp

Figure B.3: Tech stack used in the design of the experimental stimuli.
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® Ice Cream Oracle - Prototype Yellow

The Intelligent Demand Forecasting Assistant

Hello ' ! I am your demand forecasting assistant.
| aim to help you make accurate and efficient demand forecasts.
¢ Previous Performance:
According to previous tests, the model's confidence can vary between 64% and 92%.

Ask me to generate a demand forecast!

What is your recommendation?

Confidence Level: 88.7%

Forecasted Sales: 1050

Figure B.4: An example conversation with the GenAl assistant in the low transparency &
low explainability condition.

® Ice Cream Oracle - Prototype Purple

The Intelligent Demand Forecasting Assistant

Hello ' ! I am your demand forecasting assistant.
| aim to help you make accurate and efficient demand forecasts.
* Previous Performance:
According to previous tests, the model's confidence can vary between 64% and 92%.

Ask me to generate a demand forecast!

What is your recommendation?

91% Confidence

Forecasted Ice Cream Demand for Week 32: 1016

The forecast model is highly sensitive to seasonality and weather forecasts. Considering we are in the summer season,
favorable weather conditions significantly influence ice cream demand. The previous week's demand was 1041 units.
This historical demand, combined with the current season's weather conditions, primarily drove the forecasted value for

the upcoming week.

Figure B.5: An example conversation with the GenAl assistant in the low transparency &
high explainability condition.



@ Ice Cream Oracle - Prototype Pink

The Intelligent Demand Forecasting Assistant

Hello . ! 1am your demand forecasting assistant.

I aim to help you make accurate demand forecasts based on historical sales data and weather forecasts. Here’s how | do
it:

* Goal:

Maximize profits.

Used Dataset:
> Sales data from the last two years (your company's database).
> Pricing data from the last two years (your company's database).

Weather forecasts for the upcoming week (weather.com).

Methods:
The data s used to estimate the baseline, trends, and patterns in sales.

= The estimated parameters are then used in a forecasting method to get the next week's sales estimate.

Previous Performance:
> The model's confidence can vary between 64% and 92%.

Ask me to generate a demand forecast!

What s your recommendation?

v Code v

For the forecast, | will use the Holt-Winters i ing method, which is well-suited for data with

seasonality, trends, and irregular components. Here is a step-by-step explanation of the process:

1. Load the data: We have loaded the historical data, which includes the week number, temperature, precipitation,
wind speed, ice cream demand, and some other factors.

2. Prepare the data: We will focus on the demand data and use the past weeks' data to forecast the demand for week
32

3. Fitthe Holt-Winters model: We wil fit the Holt-Winters model using the historical demand data. The model
parameters (alpha, beta, gamma) will be estimated based on the data.

4. Forecast for the next week: Using the fitted model, we will forecast the demand for week 32.

Now, let's proceed with the forecasting.

Step-by-Step Forecasting Process:
1. Load and prepare the data:

> We will use the historical demand data up to week 31.

2. Fit the Holt-Winters model:

The model will account for trends and seasonality in the data.

3. Forecast for the next week (week 32):
We will generate the forecast and calculate the confidence level.
Let's implement this in Python.

v Code v

Using the Holt-Winters exponential smoothing method, we have forecasted the ice cream demand for week 32.

Forecast Summary:

 Forecasted Demand for Week 32: 1016 units

« Confidence Level: 88%
Based on our objective to ensure stock availability, | recommend planning for 1016 units of ice cream for week 32.
Forecasted Demand:

1016 units

Figure B.6: An example conversation with the GenAl assistant in the high transparency
& low explainability condition.



@ Ice Cream Oracle - Prototype Grey

The Intelligent Demand Forecasting Assistant

Hello - ! 1 am your demand forecasting assistant.

I aim to help you make accurate demand forecasts based on historical sales data and weather forecasts. Here’s how | do
it:

* Goal:

Maximize profits.

Used Dataset:
o Sales data from the last two years (your company's database).
Pricing data from the last two years (your company's database).

© Weather forecasts for the upcoming week (weather.com).

Methods:
The data is used to estimate the baseline, trends, and patterns in sales.

= The estimated parameters are then used in a forecasting method to get the next week's sales estimate.

Previous Performance:
The model's confidence can vary between 64% and 92%.

Ask me to generate a demand forecast!

Whatis your recommendation?

V' Code v

To provide a forecast recommendation for week 32, | will use the Holt-Winters method, which is suitable for capturing

trends, and level in time series data. Here s a step-by-step explanation of the process:

Step-by-Step Process Explanation:
1. Data Preparation:

> Load the data and focus on the columns Week , Temperature , Precipitation , Wind_speed ,and
Tce_Crean_Demand .
> Use historical demand data up to the current week (week 31) for forecasting purposes.

2. Holt-Winters Parameters:

> Alpha (a): Smoothing level parameter, which controls the level component.
Beta (B): Smoothing trend parameter, which controls the trend component.
o Gamma (y): Smoothing seasonal parameter, which controls the seasonal component.
» Seasonal Periods: Set to 52, assuming yearly seasonality based on weekly data.
3. Model Fitting:

Fit the Holt-Winters model to the historical demand data.

Use additive components for level, trend, and seasonality.

L

Forecasting:

2 Generate a forecast for week 32.

Provide a confidence level for the forecast recommendation.

Let's proceed with the calculations and generate the forecast for week 32.

V' Code v

Forecast Recommendation for Week 32

Using the Holt-Winters method, | have generated the forecast for week 32. Here's a detailed breakdown of the
recommendation:

1. Previous Week's Demand:

> The demand for week 31 was 1030 units.
2. Forecasted Demand for Week 32:

The forecasted demand for week 32 is approximately 1024 units (rounded up to the nearest integer).

3. Confidence Level:

The confidence level for this forecast is 90.1%.

Discussion

The forecasted demand for week 32 is derived based on the following factors:

Seasonality: The Holt-Winters method assumes yearly seasonality, capturing the annual demand patterns for ice

cream.

Weather Conditions: Temperature, precipitation, and wind speed are significant predictors of ice cream demand.
These factors have been considered in the historical data used for forecasting.

Previous Week's Demand: The demand for the previous week (1030 units) provides a reference point for the
current forecast.

Figure B.7: An example conversation with the GenAl assistant in the high transparency
& high explainability condition.



B.1.3 Measurement Model

Table B.2: Measurement items.

Measures

Adapted from

Perceived
Understanding

Automation
Induced
Complacency
Potential

Computer
Self-Efficacy

Confidence in
GenAl
Decision
Confidence

From the explanation, I understand how the Al model works.

This explanation of how the Al model works is satisfying.

This explanation of how the Al model works has sufficient detail.

This explanation of how the AI model works seems complete.

This explanation of how the AI model works tells me how to use it.

This explanation of how the Al model works is useful to my goals.

This explanation of the Al model shows me how accurate the AI model is.
This explanation lets me judge when I should trust and not trust the AI model.

When I have a lot to do, it makes sense to delegate a task to automation.

If life were busy, I would let an automated system handle some tasks for me.
Automation should be used to ease people’s workload.

If automation is available to help me with something, it makes sense for me to
pay more attention to my other tasks.

Even if an automated aid can help me with a task, I should pay attention to its
performance.

Distractions and interruptions are less of a problem for me when I have an
automated system to cover some of the work.

Constantly monitoring an automated system’s performance is a waste of time.
Even when I have a lot to do, I am likely to watch automation carefully for errors.
It’s not usually necessary to pay much attention to automation when it is running.
Carefully watching automation takes time away from more important or
interesting things.

I could complete the job using SAP...

...if there was no one around to tell me what to do as I go.
...if I had never used a package like it before.

...if I had only the software manuals for reference.

...if I had seen someone else using it before trying it myself.
...if I could call someone for help if I got stuck.

...if someone else had helped me get started.

...if I had a lot of time to complete the task.

...if I had just the built-in help facility for assistance.

...if someone showed me how to do it first.

...if I had used similar packages like this one before to do this task.

Please rate your level of confidence in the Al forecasting system.

Please rate your level of confidence in your decision.

(Hoffman et al.,
2023)

(Merritt et al.,
2019)

(Compeau and
Higgins, 1995)

(Chong et al., 2022)
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Table B.3: Perceived Understanding item descriptive statistics

Item Mean SD Min Max Skewness Kurtosis Item-Total r
Understand1 5.16 1.57 1.00 7.00 -1.12 0.55 0.76
Understand2 4.76 1.68 1.00 7.00 -0.71 -0.44 0.83
Understand3 4.52 1.77 1.00 7.00 -0.41 -0.97 0.83
Understand4 4.46 1.67 1.00 7.00 -0.38 -0.94 0.81
Understand5 470 1.70 1.00 7.00 -0.74 -0.47 0.72
Understand6 5.32 1.39 1.00 7.00 -0.91 0.33 0.70
Understand7 4.63 175 1.00 7.00 -0.38 -1.12 0.71
Understandg 451 1.72 1.00 7.00 -0.39 -0.78 0.52
Table B.4: Perceived Understanding scale inter-item correlations.
Under-
Under- Under- Under- Under- Under- Under- Under- stand8
stand1 stand2 stand3 stand4 stand5 stand6 stand7
Understand1 1.00
Understand2 0.77 1.00
Understand3 0.77 0.80 1.00
Understand4 0.68 0.75 0.82 1.00
Understand5 0.65 0.64 0.64 0.59 1.00
Understand6 0.48 0.65 0.57 0.60 0.56 1.00
Understand? 0.50 0.60 0.61 0.66 0.57 0.63 1.00
Understand8 0.43 0.41 041 0.41 0.45 0.50 0.46 1.00
Table B.5: Factor Loadings of Perceived Understanding Items
Item All Items, Standardized Loading Selected Items, Standardized Loading
Understand1 0.821 0.831
Understand2 0.887 0.893
Understand3 0.905 0.914
Understand4 0.868 0.862
Understand5 0.732 0.720
Understand6 0.692 0.666
Understand7 0.710 -
Understand8 0.503 -
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Table B.6: AICP item descriptive statistics. (r) indicates reversed items.

Item Mean SD Min Max Skewness Kurtosis Item-rTotal
AICP_1 4.02 0.74 2 5 -0.79 0.91 0.34
AICP 2 4.00 0.82 2 5 -0.75 0.28 0.30
AICP_3 4.51 0.54 3 5 -0.37 -1.19 0.34
AICP 4 4.18 0.78 2 5 -0.97 0.95 0.42
AICP_5(r) 3.65 0.72 3 6 0.89 0.43 0.18
AICP_6 3.21 0.90 2 5 0.16 -0.92 0.41
AICP_7 2.44 0.89 1 5 0.71 0.08 0.18
AICP_8(r) 493 1.07 3 7 0.22 -0.96 0.24
AICP_9 2.81 0.83 1 4 0.18 -1.22 0.46
AICP_10 3.18 0.78 2 4 -0.31 -1.34 0.42
Table B.7: AICP scale inter-item correlations.

AICP_1 AICP.2 AICP_3 AICP 4 AICP 5() AICP_6 AICP_7 AICP_8(r) AICP_9
AICP_1 L00%
AICP_2 0.50%%  1.00%*
AICP_3 0.3gxx 036" o
AICP_4 033 036% 034 o
AICP 5(1)  0.01 012 001 0.05 1.00%+
AICP_6 0.21 0.26 029% 028  0.03 100+
AICP_7 007 -0.15 -0.10 -0.11  027* 042 100
AICP_8(r)  0.05 0.00 0.22 0.19 0.11 0.02 0.09 1.00%*
AICP_9 0.15 029%  0.06 0.30%  0.27% 0.08 0.16 0.25 100+
AICP_10 0.12 0.00 0.00 0.21 0.17 0.30% 025 0.25 0465 100+

* Represents significance at the 0.05 level. ** Represents significance at the 0.01 level. Items 5 and 8 were treated as reverse measures.

Table B.8: CFA Loadings for Workload Alleviation Subscale

Item Standardized Loading
AICP_1 0.662
AICP_2 0.689
AICP_3 0.575
AICP_4 0.542
AICP_6 0.406
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Table B.9: CFA Loadings for Monitoring Subscale

Table B.10: Computer Self-Efficacy item descriptive statistics

Item Standardized Loading
AICP_5 0.363
AICP_7 0.335
AICP_8 0.356
AICP_9 0.682
AICP_10 0.666

Item Mean SD Min Max Skewness Kurtosis Item;Total
cse_1 6.21 2.15 1.00  10.00 -0.73 -0.27 0.66
cse_2 5.50 2.62 1.00  10.00 -0.06 -1.29 0.80
cse_3 6.14 2.20 1.00  10.00 -0.13 -0.86 0.52
cse_4 7.15 2.04 2.00  10.00 -0.54 -0.63 0.63
cse_S 8.17 1.75 2.00 10.00 -1.12 1.24 0.64
cse_6 8.38 1.75 2.00 10.00 -1.32 1.84 0.57
cse_7 7.42 1.90 3.00 10.00 -0.44 -0.61 0.59
cse_8 6.61 2.12 1.00  10.00 -0.84 0.34 0.66
cse_9 8.76 1.55 3.00 10.00 -1.71 2.97 0.59
cse_10 8.04 1.40 4.00 10.00 -0.47 0.05 0.48
Table B.12: Factor Loadings of Computer Self-Efficacy Items

Item All Items, Standardized Loading Selected Items, Standardized Loading

cse_1 0.420 -

cse_2 0.321 -

cse_3 0.420 -

cse_4 0.852 0.824

cse_5 0.544 0.575

cse_6 0.799 0.827

cse_7 0.652 0.614

cse_8 0.450 -

cse_9 0.833 0.860

cse_10 0.735 0.737
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Table B.11: Computer Self-Efficacy scale inter-item correlations.

cse_1 cse_2 cse_3 cse_4 cse_5 cse_6 cse_7 cse_8 cse_9 cse_10
ese_l gows
ese2 gsper 100
e I PT
oot g4pmr 043Er 038 100+
cse5 014 007 018 oo
cse 6 0.1 009 gapes 070%  057F%  1.00%
ese T (g 033 031 o023 e
cse8  0.32%  035%  028%  031% 025 029% oo
ese 9 g3gus  O11 026 geges 0520 0700 055 020 g
cse 10 02 0T 08 s gaper 0.60%F 040 0529 0.66%*  1.00%

* Represents significance at the 0.05 level. ** Represents significance at the 0.01 level.

B.1.4 Experimental Task Instructions

Task Instructions, Page 1

The following text and the supplementing Figure B.8 were shown on the first page of

instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions

whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Welcome to your new job at ERP Dairy! ERP Dairy is a natural ice cream distributor

in the German market.

As a wholesaler, ERP Dairy purchases units of ice cream from dairy co-ops to sell

them to grocery stores.
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Welcome to Your New Job!

ERPsimLab

HEC MONTREAL

© ERPsim Lab, HEC Montréal vty BATON

Figure B.8: Experimental task instructions, page 1 visual supplement.

Task Instructions, Page 2

The following text and the supplementing Figure B.9 were shown on the second page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

As the demand forecaster, your job is to analyze the historical demand data,
understand trends and seasonalities, and submit your sales forecasts to your suppliers.

Each week, you determine the number of units that you expect to sell, and then submit

that sales estimate to your suppliers as a purchase order.
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Logistics Game Design

Your job:

How many units

this week?
DAIRY COOPERATIVE ERP Dairy
(SUPPLIER) (YOUR ;
COMPANY) Customer Locations
ERPsimLab ‘ © ERPsim Lab, HEC Montréal B/ATON

HEC MONTREAL

Figure B.9: Experimental task instructions, page 2 visual supplement.

Task Instructions, Page 3

The following text and the supplementing Figure B.10 were shown on the third page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Let’s explore the tool you will be using: the SAP demand forecasting interface (see
the screenshot below).

You will see the pricing information on top of the screen. Sales price is what your
customers pay, unit cost is what you pay for each unit. Your product is a natural ice cream
with a shelf life of one week only. Therefore, if you order excess ice cream, you sell them
at a huge discount, 50 euros per unit. Salvage price indicates the discounted sales price
of the excess units you ordered. The pricing information will be constant throughout the
experiment.

Below the pricing information, you will see the weekly past demand chart. You are
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expected to use this data to predict your sales for the next week. On this chart, week
numbers start from January 1st, and your customers are located in Germany. Therefore,
you can deduct your ice cream demand seasonality using the week numbers.
One year has 52 weeks, weeks from 20 to 35 are often summer months in the North.
Once you make your estimation, you must input that quantity into the textbox on the
screen and click accept.

Example data chart:

= spem Help (& _B

»3- P4 Al-Based Forecast Calculation

Quantiy Demended

Your forecast

] ’ estimate goes here

rrrrrrr

Figure B.10: Experimental task instructions, page 3 visual supplement.

Task Instructions, Page 4

The following text and the supplementing Figure B.11 were shown on the fourth page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

When you submit your forecasts, the business simulation will advance by a week, and

you will be presented with a performance report.
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On this report, you will see how much you saved or lost compared to an average
decision-maker.

There is also an overall forecasting error measure: MAPE. The lower the MAPE is,
the better you are doing. A MAPE lower than 10% means you are doing an acceptable

job.

r a
Compared to an average decision maker in this field
L

you lost 1,562.80 Euros

MAPE <10% :

Forecasted Market Demand Exceeding Inventory Sales Lost

ce Cream 560 504 56 0

Figure B.11: Experimental task instructions, page 4 visual supplement.

Task Instructions After Trial Block, Page 1

The following text and the supplementing Figures B.12, B.13, B.14 were shown on the
first page of instructions after the trial block, before participants start engaging with the
experimental tasks:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Now, you will learn about the three important parameters in a forecasting model. You
do not need to know all details for today’s task, but it’s a good idea to have a basic
understanding.

Smoothing is the weight of recent data points in the forecast. Its parameter, alpha,

indicates how much importance the model will allocate to the most recent observation
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compared to the demand history.
If the smoothing parameter is lower, forecasts are similarly impacted by older and
recent sales data. If it’s higher, forecasts consider recent data more, and forecasts might

be impacted by irregular spikes.

Quantity

— Demand
Forecast (low alpha)
....... Forecast (high alpha)

Time
Smoothing parameter (alpha)

Figure B.12: Experimental task instructions, visual supplement for page 1 after the trial
block.

Trend is the slope of the time series data. A higher value of the trend parameter gives

more weight to the trend.

2010
Year

Trend parameter

Figure B.13: Experimental task instructions, visual supplement for page 1 after the trial
block.
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Seasonality is the effect of periodic fluctuations in the market. A higher seasonality
parameter gives more weight to the seasonal component, making the forecast more

sensitive to changes in the seasonal pattern.

2005 2010 2015
Year

Seasonality parameter

Figure B.14: Experimental task instructions, visual supplement for page 1 after the trial
block.

Task Instructions After Trial Block, Page 2

The following text and the supplementing Figures B.15 were shown on the second page of
instructions after the trial block, before participants start engaging with the experimental
tasks:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Your employer has acquired an artificial intelligence (Al)-powered decision support
agent to assist demand forecasting experts with their daily tasks.

This agent communicates using natural language, can read data, and runs customized
forecasts for your virtual company.

In this experiment, we ask you to interact with this chat-based agent at least once each
virtual week. You may ask as many follow-up questions as needed.

The agent will be displayed on the right side of your screen, while the decision

interface will be on the left. Once you determine your demand forecasts, use the interface
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on the left to submit your decision and advance the simulation time. You can see an

example screenshot of the tools you will use below.

Al-Based Forecast Calculation

Wore @® Ice Cream Oracle

Hello /!

Figure B.15: Experimental task instructions, visual supplement for page 2 after the trial
block.

B.2 Results

B.2.1 Descriptive Statistics

Table B.13: Block-Level Descriptive Statistics

Transparency Explainability Explanation Satisfaction (SD) N

0 0 4.08 (1.55) 28
0 1 4.79 (1.19) 29
1 0 5.29 (0.97) 26
1 1 4.97 (1.28) 19
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Table B.14: Trial-Level Behavioral Descriptive Statistics. Performance values are
calculated using a loss function. Higher performance values are better, and the highest
possible performance value is 0.

T E Conf. in GenAl (SD) Decision Confidence (SD) Performance (SD) N

0 0 4.36 (1.45) 4.60 (1.34) -1027 (1480) 257
0 1 4.53 (1.22) 4.94 (0.97) -1012 (849) 218
1 0O 5.02 (1.31) 5.05 (1.18) -978 (897) 221
I 1 4.75 (1.15) 4.80 (0.90) -1180 (1008) 151

Table B.15: Eye-Tracking Descriptive Statistics

T E Verif. Saccades (SD) Fix. Duration (SD, ms) Total Time (SD, ms) N

0 O 23.7 (14.9) 15569 (13225) 68988 (49874) 245
0 1 21.2 (14.0) 16483 (12893) 86564 (57998) 207
1 0 23.2 (16.1) 13614 (9275) 76902 (53031) 204
1 1 21.0 (15.0) 12610 (7768) 88251 (57809) 143

Table B.16: Attention Shift Saccades on First Trial

T E Initial Saccades (SD) N

0 0 40.0 (20.1) 24
0 1 34.9 (18.7) 24
1 0 35.4 (26.3) 17
1 1 31.0 (21.0) 15
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Conditions Low Transparency & Low Explainability =®=High Transparency & Low Explainability

=®- Low Transparency & High Explainability High Transparency & High Explainability
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Figure B.16: Attention shift rates over trial numbers within an experimental block. The
plot indicates that on average, participants reduced their attention shift rates by about 50%
after having used the same GenAl assistant in similar cases for 10 times.

B.2.2 Hypothesis Testing

Table B.17: Linear Mixed-Effects Model Predicting Perceived Understanding (Hla-Hlc)

Fixed Effect Estimate Std. Error p-value
Intercept 0.254 0.405 532
Transparency 0.243 0.051 <.001***
Explainability 0.125 0.050 016"
Log(Baseline Performance) -0.035 0.052 496
Exp. Block Number -0.005 0.032 .866
AICP-W 0.061 0.033 .068
CSE -0.026 0.126 .835
Transparency x Explainability -0.219 0.080 .008**
Random Effects:

Participant Intercept Variance 0.028 (SD =0.167)

Residual Variance 0.025 (SD =0.157)

Note: N = 102 observations, 57 participants. REML criterion: 0.5.
R? (Marginal / Conditional): 0.175/0.613
Significance codes: ***p < .001, **p < .01, *p < .05
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Table B.18: Linear Mixed-Effects Model Predicting Confidence in the GenAl Assistant
(H2a-H2c)

Fixed Effect Estimate Std. Error p-value
Intercept 0.575 0.034 <.001***
Transparency 0.122 0.037 .0015**
Explainability 0.017 0.036 .639
Trial Number (within block) -0.002 0.002 357
Exp. Block Number -0.008 0.023 132
Transparency x Explainability -0.098 0.057 .088
Random Effects:

Participant Intercept Variance 0.017 (SD =0.132)

Participant:Block Intercept Variance 0.010 (SD = 0.099)

Residual Variance 0.021 (SD =0.145)

Note: N = 847 observations, 103 blocks, 57 participants. REML criterion: -604.3.
R? (Marginal / Conditional): 0.048 / 0.583
Significance codes: ***p < .001, **p < .01, *p < .05, 'p < .10

Table B.19: Linear Mixed-Effects Models Predicting Log(Decision Performance) at the
Block Level (H3)

Fixed Effect Model 1: With Perceived Understanding Model 2: Direct Effects Only
Estimate (SE) Estimate (SE)
Intercept 0.163 (0.226) 0.184 (0.222)
Perceived Understanding 0.087 (0.064) —
Transparency 0.012 (0.040) 0.029 (0.038)
Explainability 0.002 (0.038) 0.015 (0.037)
Log(Baseline Performance) -0.028 (0.029) -0.031 (0.028)
Exp. Block Number -0.062 (0.025)* -0.064 (0.026)*
AICP-W 0.005 (0.018) 0.010 (0.017)
Complacency Potential -0.006 (0.068) -0.009 (0.066)
Transparency x Explainability -0.087 (0.058) -0.099 (0.057)

Random Effects: Participant Intercept SD = 0.057 (M1), 0.045 (M2); Residual SD = 0.126 (M1), 0.130 (M2)
Model Fit: REML = -79.3 (M1), -81.3 (M2); N = 102; 57 participants

R? (Marginal / Conditional): 0.113 / 0.263 (M1), 0.093 / 0.191 (M2)

Significance codes: ***p < .001, **p < .01,*p < .05, p<.1
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Table B.20: Linear Mixed-Effects Models Predicting Log(Decision Performance) at the
Trial Level (H4)

Fixed Effect Model 1: With Confidence in GenAI  Model 2: Total Effect Only
Estimate (SE) Estimate (SE)

Intercept 0.267 (0.021)*** 0.302 (0.015)***

Confidence in GenAl 0.061 (0.026)* —

Transparency 0.026 (0.015)* 0.033 (0.015)*

Explainability 0.003 (0.015) 0.005 (0.015)

Trial Number (within block) 0.017 (0.002)*** 0.017 (0.002)***

Exp. Block Number -0.037 (0.010)*** -0.037 (0.010)***

Transparency x Explainability -0.061 (0.023)** -0.067 (0.023)**

Random Effects: Participant Intercept SD = 0.044 (M1), 0.043 (M2); Residual SD = 0.134
Model Fit: REML = -898.8 (M1), -898.7 (M2); N = 847; 57 participants

R? (Marginal / Conditional): 0.147 / 0.228 (M1), 0.141 / 0.220 (M2)

Significance codes: ***p < .001, **p < .01, *p < .05, p < .1

Table B.21: Linear Mixed-Effects Model Predicting Log(Fixation Duration) (HS)

Fixed Effect Estimate (SE), p
Intercept 0.667 (0.023), p < .001***
Transparency -0.060 (0.015), p < .001***
Explainability -0.042 (0.015), p = .004**
Exp. Block Number -0.015 (0.009), p = .103
Trial Number (within block) 0.008 (0.002), p < .001***
Transparency x Explainability 0.015 (0.023), p = .503

Random Effects: Participant Intercept SD = 0.092; Residual SD = 0.116
Model Fit: REML = -1007; N = 799 trials; 57 participants

R? (Marginal / Conditional): 0.063 /0.423

Significance codes: ***p < .001, **p < .01, *p < .05, p < .1

Table B.22: Linear Mixed-Effects Model Predicting Log(Attention Shift Rate) (H6)

Fixed Effect Estimate (SE), p
Intercept 3.630 (0.093), p < .001***
Transparency -0.133 (0.059), p = .024*
Explainability -0.083 (0.058), p = .155
Exp. Block Number -0.203 (0.037), p < .001***
Trial Number (within block) -0.054 (0.006), p < .001***
Transparency x Explainability 0.097 (0.092), p = .294

Random Effects: Participant Intercept SD = 0.393; Residual SD = 0.463
Model Fit: REML = 1194.5; N = 799 trials; 57 participants

R? (Marginal / Conditional): 0.076 / 0.463

Significance codes: ***p < .001, **p < .01, *p < .05, p< .1
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Table B.23: Linear Mixed-Effects Models Predicting Log(Decision Performance) at the
Trial Level (H7)

Fixed Effect Model 1: With Attention Allocation Model 2: Total Effect Only
Estimate (SE) Estimate (SE)

Intercept 0.340 (0.038)*** 0.267 (0.025)***

Log(Fixation Duration) -0.109 (0.042)** —

Transparency 0.029 (0.017) 0.034 (0.017)*

Explainability -0.002 (0.017) 0.002 (0.017)

Trial Number (within block) 0.020 (0.002)*** 0.019 (0.002)***

Exp. Block Number -0.044 (0.011)*** -0.042 (0.012)***

Transparency x Explainability -0.071 (0.026)** -0.070 (0.026)**

Random Effects: Participant Intercept SD = 0.045 (M1), 0.044 (M2); Residual SD = 0.152
Model Fit: REML = -658.5 (M1), -656.3 (M2); N = 799; 57 participants

R? (Marginal / Conditional): 0.143 /0.212 (M1), 0.136 / 0.203 (M2)

Significance codes: ***p < .001, **p < .01, *p < .05, p<.1

Table B.24: Linear Mixed-Effects Models Predicting Log(Decision Performance) at the
Trial Level (H8)

Fixed Effect Model 1: With Attention Shift Rate Model 2: Total Effect Only
Estimate (SE) Estimate (SE)

Intercept 0.319 (0.045)*** 0.267 (0.025)***

Log(Attention Shift Rate) -0.014 (0.010) —

Transparency 0.033 (0.017) 0.034 (0.017)*

Explainability 0.000 (0.017) 0.002 (0.017)

Trial Number (within block) 0.018 (0.002)*** 0.019 (0.002)***

Exp. Block Number -0.045 (0.012)*** -0.042 (0.012)***

Transparency x Explainability -0.069 (0.026)** -0.070 (0.026)**

Random Effects: Participant Intercept SD = 0.045 (M1), 0.044 (M2); Residual SD = 0.152
Model Fit: REML = -650.8 (M1), -656.3 (M2); N = 799; 57 participants

R? (Marginal / Conditional): 0.137 / 0.206 (M1), 0.136 / 0.203 (M2)

Significance codes: ***p < .001, *p < .01, *p < .05, p< .1

Table B.25: Linear Mixed-Effects Model Predicting Log(Decision Performance)

Fixed Effect Estimate Std. Error  p-value
Intercept 0.277 0.053 <.001**
Perceived Understanding 0.047 0.034 .166
Confidence in the GenAl 0.056 0.031 .068-
Log(Fixation Duration) -0.142 0.053 .008**
Log(Attention Shift Rate) 0.009 0.013 .509
Transparency 0.014 0.019 452
Explainability -0.003 0.017 .859
Exp. Block Number -0.050 0.012 <.001***
Trial Number (within block) 0.018 0.002 <.001***
Transparency x Explainability -0.060 0.027 .029*
Random Effects:

Participant Intercept Variance 0.002 (SD = 0.050)

Residual Variance 0.023 (SD =0.151)

Note: N =799 observations, 57 participants. REML criterion: -649.6.
R? (Marginal / Conditional): 0.158 / 0.240
Significance codes: ***p < .001, **p < .01, *p < .05, 'p < .10
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Conditions=#Low Transparency & Low Explainability == High Transparency & Low Explainability

== ow Transparency & High Explainability == High Transparency & High Explainability

1.00-

0.75-

0.50-

% Not Stabilized

0.25-

p = 0.0096

0.00-

0 2 4 6 8 10
Trial Number (Within Block)

Figure B.17: Kaplan-Meier fit plot corresponding to post-hoc analyses. This plot indicates
that the conditions with high transparency reach stabilization, i.e., 30% of a participant’s
initial attention shift rates, faster.
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Conditions=#Low Transparency & Low Explainability == High Transparency & Low Explainability

== ow Transparency & High Explainability = High Transparency & High Explainability

1.00-

0.75-

0.50-

% Not Stabilized

0.25-

p = 0.0097

0.00-

0 2 4 6 8 10
Trial Number (Within Block)

Figure B.18: Kaplan-Meier fit plot corresponding to post-hoc analyses. This plot indicates
that the conditions with high transparency reach stabilization, i.e., 50% of a participant’s

initial attention shift rates, faster.
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Conditions=#Low Transparency & Low Explainability == High Transparency & Low Explainability

== ow Transparency & High Explainability = High Transparency & High Explainability

1.00-

0.75-

0.50-

% Not Stabilized

0.25-

p = 0.024

0.00-

0 2 4 6 8 10
Trial Number (Within Block)

Figure B.19: Kaplan-Meier fit plot corresponding to post-hoc analyses. This plot indicates
that the conditions with high transparency reach stabilization, i.e., 55% of a participant’s

initial attention shift rates, faster.
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Conditions=#Low Transparency & Low Explainability == High Transparency & Low Explainability

== ow Transparency & High Explainability = High Transparency & High Explainability

1.00-

0.75-

0.50-

% Not Stabilized

0.25-

0.00-

0 2 4 6 8 10
Trial Number (Within Block)

Figure B.20: Kaplan-Meier fit plot corresponding to post-hoc analyses. This plot
illustrates the test where the stabilization threshold is set at 60% of a participant’s initial

attention shift rates.
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C.1 Methods

C.1.1 Measurement Model

Table C.1: Measurement items.

Measures Adapted from
Perceived The Al forecasting system provided suggestions based on my true interests. (De Vreede et al.,
Autonomy The Al suggestion system let me do things my own way. 2021)

The Al suggestion system allowed me to be in control of what I did.

Perceived From the explanation, I understand how the Al model works. (Hoffman et al.,
Understanding  This explanation of how the Al model works is satisfying. 2023)

This explanation of how the AI model works has sufficient detail.

This explanation of how the AI model works seems complete.

(excluded) This explanation of how the Al model works tells me how to use it.

This explanation of how the AI model works is useful to my goals.

This explanation of the Al model shows me how accurate the AI model is.

This explanation lets me judge when I should trust and not trust the AI model.

Automation When I have a lot to do, it makes sense to delegate a task to automation. (Merritt et al.,
Induced If life were busy, I would let an automated system handle some tasks for me. 2019)
Complacency Automation should be used to ease people’s workload.

Potential If automation is available to help me with something, it makes sense for me to
pay more attention to my other tasks.
Even if an automated aid can help me with a task, I should pay attention to its
performance.
Distractions and interruptions are less of a problem for me when I have an
automated system to cover some of the work.
Constantly monitoring an automated system’s performance is a waste of time.
Even when I have a lot to do, I am likely to watch automation carefully for errors.
It’s not usually necessary to pay much attention to automation when it is running.
Carefully watching automation takes time away from more important or
interesting things.
Computer I could complete the job using SAP.. (Compeau and
Self-Efficacy ...if there was no one around to tell me what to do as I go. Higgins, 1995)
...if I had never used a package like it before.
...if I had only the software manuals for reference.
..if T had seen someone else using it before trying it myself.
...if I could call someone for help if I got stuck.
...if someone else had helped me get started.
...if I had a lot of time to complete the task.
...if I had just the built-in help facility for assistance.
...if someone showed me how to do it first.
...if I had used similar packages like this one before to do this task.
Confidence in ~ Please rate your level of confidence in the Al forecasting system. (Chong et al., 2022)
the Al
Decision Please rate your level of confidence in your decision.
Confidence
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Table C.2: AICP item descriptive statistics. (r) indicates reversed items.

Item Mean SD Min Max Skewness Kurtosis Item-rTotal
AICP_1 4.26 0.61 3 5 -0.19 -0.68 0.20
AICP_2 4.28 0.72 2 5 -0.80 0.49 0.20
AICP_3 4.57 0.58 3 5 -0.91 -0.25 0.19
AICP_4 4.15 0.87 2 5 -0.88 0.15 0.33
AICP_5 3.33 0.47 3 4 0.72 -1.52 -0.15
AICP_6 3.39 0.93 1 5 -0.34 -0.43 0.27
AICP_7 2.63 1.04 1 5 0.30 -0.98 0.31
AICP_8 4.72 1.03 3 7 0.08 -0.94 0.63
AICP_9 2.67 1.03 1 5 0.19 -0.98 0.33
AICP_10 3.20 0.98 1 5 -0.25 -1.13 0.42

Table C.3: AICP scale inter-item correlations. (r) indicates reversed items.

AICP_1 AICP_2 AICP_3 AICP_4 AICP_5 AICP_6 AICP_7 AICP_8 AICP_9 AICP_10

AICP_1

AICP_2

AICP_3

AICP_4

AICP_5

AICP_6

AICP_7

AICP_8

AICP_9

AICP_10

1.00

03g%x 100
026 g 7pm
0.30%  032%
007 -0.28
0.09 026
-0.16  -0.04
0.19 005
000 -0.23
0.02  -0.05

1.00

0.22 1.00
-0.20 -0.29%
0.20 0.34%
-0.09 0.28%*
0.05 0.17
-0.13 0.03
-0.04 -0.01

1.00
0.09  1.00

025 018 1.00

024 021 025

005 000 gpee 100
015 008 031% Lo (e

1.00

* Represents significance at the 0.05 level. ** Represents significance at the 0.01 level.
Items 5 and 8 were treated as reverse measures.

Table C.4: Factor Loadings for the AICP - Workload Alleviation Subscale

Item Standardized Loading
AICP_1 0.398
AICP_2 0.963
AICP_3 0.748
AICP_4 0.340
AICP_6 0.278
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Table C.5: Factor Loadings for the AICP - Monitoring Subscale

Item Standardized Loading
AICP_5 0.130
AICP_7 0.405
AICP_8 0.808
AICP_9 0.742
AICP_10 0.687

Table C.6: Computer Self-Efficacy item descriptive statistics

Item Mean SD Min Max Skewness Kurtosis Item;Total
cse_1 5.48 2.53 1 10 -0.31 -0.89 0.65
cse_2 4.69 2.63 1 9 -0.01 -1.23 0.63
cse_3 6.25 2.49 1 10 -0.67 -0.24 0.65
cse_4 7.67 2.23 1 10 -1.25 0.84 0.59
cse_5S 8.29 2.03 1 10 -1.99 4.56 0.70
cse_6 8.42 1.64 1 10 -1.96 6.45 0.80
cse_7 7.60 2.35 1 10 -1.17 0.72 0.59
cse_8 6.65 2.52 1 10 -0.85 -0.02 0.58
cse_ 9 8.63 1.93 1 10 -2.55 7.35 0.61
cse_10 8.35 1.67 1 10 -1.85 5.69 0.62
Table C.7: Computer Self-Efficacy scale inter-item correlations.
cse_1 cse_2 cse_3 cse_4 cse_S cse_6 cse_7 cse_8 cse_9
cse_10

cse_1 1.00

cse_2 0.81%* 1.00

cse_3 050%%  (.55%* 1.00

osed gagex 5o oazex 100

©eS  s7ex  gsser 055wk gasex 100

e gaerr 046k 053 060+ oearx 100

cse 7 034% 032% o 021 0.47 065t 100

e ggqre 0317 gage 0337 gagee gspee gsper 10O

csed 023 09033 g g os1e 0713 0630 osger OO

0.30* 1.00

cse_10 0.36%*  0.53%*%  0.52%* 0.42%F  0.66%* 0.40%F  044%*  (0.49%*
* Represents significance at the 0.05 level. ** Represents significance at the 0.01 level.
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Table C.8: Factor Loadings of Computer Self-Efficacy Items

Item Standardized Loading

cse_1 0.61
cse_2 0.60
cse_3 0.66
cse_4 0.65
cse S 0.73
cse_6 0.89
cse_7 0.68
cse_8 0.61
cse_9 0.72
cse_10 0.69

Table C.9: Perceived Autonomy item descriptive statistics.

Item Mean SD Min Max Skewness Kurtosis Item-Total r
PA_I 4.42 1.47 1 7 -0.49 -0.51 0.47
PA_2 5.19 1.62 1 7 -0.77 -0.38 0.41
PA_4 5.15 1.58 1 7 -0.99 0.25 0.46
Table C.10: Perceived Autonomy scale inter-item correlations.
PA_I PA_2 PA_4
PA_I 1.00
PA_2 0.35%* 1.00
PA_4 0.42%%* 0.35%%* 1.00
* Represents significance at the 0.05 level. ** Represents significance at the 0.01 level.
Table C.11: Factor Loadings of Perceived Autonomy items
Item Standardized Loading
PA_1 0.65
PA_2 0.54
PA_4 0.64
Table C.12: Perceived Understanding item descriptive statistics.
Item Mean SD Min  Max Skewness Kurtosis Item-rTotal
exp_sat_1 4.50 1.69 1 7 -0.56 -0.73 0.67
exp_sat_6 4.50 1.69 1 7 -0.53 -0.73 0.60
exp_sat_7 3.42 1.88 1 7 0.44 -1.04 0.60
exp_sat_8 4.10 1.78 1 7 -0.24 -1.05 0.60
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Table C.13: Perceived Understanding scale inter-item correlations.

exp_sat_1 exp_sat_ 6 exp_sat_7 exp_sat_8
exp_sat_1 1.00

exp_sat_6  0.49%* 1.00
exp_sat_7  0.49%* 0.57** 1.00
exp_sat_8  0.65%* 0.41%#* 0.43%* 1.00

* Represents significance at the 0.05 level. ** Represents significance at the 0.01 level.

Table C.14: Factor Loadings of Explanation Satisfaction Items

Item Standardized Loading
exp_sat_1 0.81
exp_sat_6 0.64
exp_sat_7 0.65
exp_sat_8 0.74

C.1.2 Experimental Task Instructions
Task Instructions, Page 1

The following text and the supplementing Figure C.1 were shown on the first page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Welcome to your new job at ERP Dairy! ERP Dairy is a natural ice cream distributor
in the German market.

As a wholesaler, ERP Dairy purchases units of ice cream from dairy co-ops to sell

them to grocery stores.
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Welcome to Your New Job!

ERPsimLab

HEC MONTREAL

© ERPsim Lab, HEC Montréal vty BATON

Figure C.1: Experimental task instructions, page 1 visual supplement.

Task Instructions, Page 2

The following text and the supplementing Figure C.2 were shown on the second page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

As the demand forecaster, your job is to analyze the historical demand data,
understand trends and seasonalities, and submit your sales forecasts to your suppliers.

Each week, you determine the number of units that you expect to sell, and then submit

that sales estimate to your suppliers as a purchase order.
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Logistics Game Design

Your job:

How many units

this week?
DAIRY COOPERATIVE ERP Dairy
(SUPPLIER) (YOUR ;
COMPANY) Customer Locations
ERPsimLab ‘ © ERPsim Lab, HEC Montréal B/ATON

HEC MONTREAL

Figure C.2: Experimental task instructions, page 2 visual supplement.

Task Instructions, Page 3

The following text and the supplementing Figure C.3 were shown on the third page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Let’s explore the tool you will be using: the SAP demand forecasting interface (see
the screenshot below).

You will see the pricing information on top of the screen. Sales price is what your
customers pay, unit cost is what you pay for each unit. Your product is a natural ice cream
with a shelf life of one week only. Therefore, if you order excess ice cream, you sell them
at a huge discount, 50 euros per unit. Salvage price indicates the discounted sales price
of the excess units you ordered. The pricing information will be constant throughout the
experiment.

Below the pricing information, you will see the weekly past demand chart. You are
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expected to use this data to predict your sales for the next week. On this chart, week
numbers start from January 1st, and your customers are located in Germany. Therefore,
you can deduct your ice cream demand seasonality using the week numbers.
One year has 52 weeks, weeks from 20 to 35 are often summer months in the North.
Once you make your estimation, you must input that quantity into the textbox on the

screen and click accept.

= sSystem Help <0

».2‘ P4 Al-Based Forecast Calculation

Quentiy Demanded

Your forecast

) ’ estimate goes here

AAAAAA

Figure C.3: Experimental task instructions, page 3 visual supplement.

Task Instructions, Page 4

The following text and the supplementing Figure C.4 were shown on the fourth page of
instructions, before participants start engaging with the tasks in the trial block:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

When you submit your forecasts, the business simulation will advance by a week, and

you will be presented with a performance report.
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On this report, you will see how much you saved or lost compared to an average
decision-maker.

There is also an overall forecasting error measure: MAPE. The lower the MAPE is,
the better you are doing. A MAPE lower than 10% means you are doing an acceptable

job.

=
Compared to an average decision maker in this field,
L

you lost 1,562.80 Euros.

MAPE<10%: &

Y our overall MAPE is 5%.

Forecasted Market Demand Exceeding Inventory Sales Lost
Ice Cream 560 504 56 0
Close

Figure C.4: Experimental task instructions, page 4 visual supplement.

Task Instructions After Trial Block, Page 1

The following text and the supplementing Figures C.5, C.6, C.7 were shown on the first
page of instructions after the trial block, before participants started engaging with the
experimental tasks:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button anytime to continue to the next page of instructions.

Now, you will learn about the three important parameters in a forecasting model. You
do not need to know all details for today’s task, but it’s a good idea to have a basic

understanding.
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Smoothing is the weight of recent data points in the forecast. Its parameter, alpha,
indicates how much importance the model will allocate to the most recent observation
compared to the demand history.

If the smoothing parameter is lower, forecasts are similarly impacted by older and
recent sales data. If it’s higher, forecasts consider recent data more, and forecasts might

be impacted by irregular spikes.

Quantity

— Demand
Forecast (low alpha)
....... Forecast (high alpha)

Time
Smoothing parameter (alpha)

Figure C.5: Experimental task instructions, visual supplement for page 1 after the trial
block.

Trend is the slope of the time series data. A higher value of the trend parameter gives

more weight to the trend.

100-

1990 2000 2010 2020 2030
Year

Trend parameter

Figure C.6: Experimental task instructions, visual supplement for page 1 after the trial
block.
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Seasonality is the effect of periodic fluctuations in the market. A higher seasonality
parameter gives more weight to the seasonal component, making the forecast more

sensitive to changes in the seasonal pattern.

' ' '
2005 2010 2015

Year

Seasonality parameter

Figure C.7: Experimental task instructions, visual supplement for page 1 after the trial
block.

Task Instructions After Trial Block, Page 2

The following text and the supplementing Figure C.8 were shown on the second
page of instructions after the trial block, before participants started engaging with the
experimental tasks:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button when you are done.

Your employer purchased an artificial intelligence (Al) powered decision support
system that helps demand forecasting experts in their daily tasks.

This system works on a different interface as shown on the screenshot below.

* First, it presents the information you previously used to make forecasting decisions.

* When you click the calculate suggestions button, it calculates demand forecasting

estimates using a sophisticated algorithm and presents the results.
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Sales Prices(€) Unit Cost(€) Salvage Price(€)

Ice Cream: 126.25 91.80 50.50

‘Wesekly Demand

700

600

{

500

400

Quantity Demanded

300

200

7 8 9 10 11 12 13 14 15 16 17 18 18 20 21 22 23 24 25 26

- Ice Cream

Calculate Al-Based Forecasts

Suggested Forecast (units): b

Figure C.8: Experimental task instructions, visual supplement for page 2 after the trial
block.

Task Instructions After Trial Block, Page 3 for Participants Who Had

Configuration Screen Access in Their Assigned Between-Subjects Condition

The following text and the supplementing Figure C.9 were shown as the third page of
instructions after the trial block for participants assigned to the "configuration screen
access" condition:

Please read the text explaining the scenario at your own pace and ask questions

whenever needed.

xlv



You can press the next button when you are done.

Although this system is highly sophisticated, as other Al systems, it is not perfect.
Therefore, you should evaluate its suggestions and explained factor weights, and make
adjustments, if necessary.

Although the inner workings of this Al system are not completely transparent, this
system will first ask for your input, and adjust its suggestions based on what you know
about the dairy market.

The system will ask you for three parameters’ weights, and then it will analyze the
data to design its forecasting model for the next week.

Remember that the Al system will ask you these three parameters each week. You
will control how the Al system responds to the demand data. So you will need to think
about the market conditions and adjust the system according to what you think is the best
condition for providing the best forecast.

After taking your input, the Al system will analyze the past data, and determine the

most suitable set of parameters based on market conditions and your input.

* To accept Al suggestions as-is, you can click on the "Accept" button.

* To make adjustments on Al suggestions, you will first need to click on the "Edit

Values" button first.

* When you are done editing, you can proceed to the upcoming week by using the

"Accept" button.
Task Instructions After Trial Block, Page 3 for Participants in the AI without any
configuration screen Condition

The following text and the supplementing Figure C.9 were shown as the third page
of instructions after the trial block for participants assigned to the Al without any

configuration screen condition:
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Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button when you are done.

Although this system is highly sophisticated, as other Al systems, it is not perfect.
Therefore, you should evaluate its suggestions and explained factor weights, and make
adjustments, if necessary.

Although the inner workings of this Al system are not completely transparent, the
application developers informed us that the system determines three parameters on its
own, based on its perceptions of the demand. You have no control over these parameters,
and we don’t know how the system analyzes past data to identify them. However, the
system explains the parameter weights as you see on the bottom half of the screen.

After taking your input, the Al system will analyze the past data, and determine the

most suitable set of parameters based on market conditions and your input.

* To accept Al suggestions as-is, you can click on the "Accept" button.

* To make adjustments on Al suggestions, you will first need to click on the "Edit

Values" button first.

* When you are done editing, you can proceed to the upcoming week by using the

"Accept" button.
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Sales Prices(€) Unit Cost(€) Salvage Price(€)

Ice Cream: 126.25 91.80 50.50
‘Wesekly Demand

:700

-\\/,"-..,.. VN - 600
N Lo >4 \r--""-.v-" : B
500 &
= =
L ]
| (=]
Ca00 £
£ £
B =3

300

- 200

| L

7 8 9 10 11 12 13 14 15 16 17 18 18 20 21 22 23 24 25 26

-w|ce Cream

Calculate Al-Based Forecasts

Suggested Forecast (units): 856

Al System's Perceptions of the Market Demand

Movering average: 5/7
Trend damping effect: 3/7
Seasonality effect: 317
Accept Edit Values

Figure C.9: Experimental task instructions, visual supplement for page 3 after the trial
block.

Task Instructions After Trial Block, Page 4

The following text and the supplementing Figure C.10 were shown as the fourth

page of instructions after the trial block, before participants started engaging with the
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experimental tasks:

Please read the text explaining the scenario at your own pace and ask questions
whenever needed.

You can press the next button when you are done.

Before we start, we have a request: For our brain measurements to work, we ask you
to click the calculate button only after you analyzed the data chart and have an estimated
forecast in your mind.

We also ask you to look at the Al suggestion textbox when you click the calculate

button.

Sales Prices(€) Unit Cost(€) Salvage Price(€)

ce Cream 126.25 91.80 50.50

Weekly Demand

| Analyze data first

Quantity Demanded

s 20 21 22 T 23 24 ' 25 26 27 28 28 30 31 a2 33 34 35 36 a7 38

-
- lce Cream

Calculate Al-Based Forecasts Then click on the button

-
? 88 And fixate your gaze on this area.
Suggested Forecast (units): [h j

Figure C.10: Experimental task instructions, visual supplement for page 4 after the trial
block.
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C.2 Results

C.2.1 Descriptive Statistics

Table C.15: Block-Level Descriptive Statistics for Perceived Understanding of Al

Configuration Mean SD N
0 (absent) 377 149 25
1 (present) 452 120 23

Table C.16: Descriptive Statistics for Al Errors on Correction Behavior

Al Error Mean Correction Applied SD N
0 11.8 15.6 2609
1 155.0 559 711

Table C.17: Linear Mixed-Effects Model Predicting Correction Behavior (Error Manipu-
lation Check)

Fixed Effect Estimate Std. Error  p-value
Intercept 2.010 0.226 <.001***
Configuration -0.033 0.098 740
Al Error 3.039 0.063 < .001%**
Computer Self-Efficacy (CSE) -0.056 0.284 .846
Configuration x Al Error State -0.116 0.093 212
Random Effects:

Participant Intercept Variance 0.091 (SD = 0.302)

Residual Variance 1.173 (SD =1.083)

Note: N = 3,252 observations, 47 participants. REML criterion: 9,844.1.
R? (Marginal / Conditional): 0.543 /0.576.
Significance codes: ***p < .001, **p < .01, *p < .05, 'p < .10.

Table C.18: Trial-Level Descriptive Statistics by Configuration and Error States

Configuration Al Error Confidence in AI  Trial Duration  Performance N
Mean SD Mean SD Mean SD
0 0 0.579 0.218 22.4 17.0 -744 567 1355
0 1 0.272 0.226 243 12.7 -1202 1230 372
1 0 0.581 0.223 22.1 17.3 =748 618 1200
1 1 0.199 0.209 23.0 9.2 -1336 1394 325




Table C.19: Trial-Level Descriptive Statistics by Configuration and Error States

Configuration Al Error  Post-click fixation duration  Post-click fixation rate N
Mean SD Mean SD
0 0 0.65 2.75 1.01 4.01 1355
0 1 1.20 4.30 1.59 5.11 372
1 0 0.46 2.03 0.57 2.45 1200
1 1 0.53 1.92 0.54 1.96 325

C.2.2 Hypotheses 1 and 4a

Table C.20: Linear Mixed-Effects Model Predicting Confidence in the Al Forecasting
System (H1 & H4a)

Fixed Effect Estimate Std. Error  p-value
Intercept 0.436 0.093 <.001***
Configuration 0.006 0.040 939
Al Error -0.289 0.011 <.001**
Computer Self-Efficacy (CSE) 0.166 0.117 .083
Configuration x Error -0.082 0.016 <.001***
Random Effects:

Participant Intercept Variance 0.018 (SD =0.134)

Residual Variance 0.032 (SD =0.180)

Note: N = 2,602 observations, 47 participants. REML criterion: -1365.
R? (Marginal / Conditional): 0.306 / 0.555 (approx.).
Significance codes: ***p < .001, **p < .01, *p < .05, p < .10

C.2.3 Hypotheses 2 and 4b

Table C.21: Linear Mixed-Effects Model Predicting P3a Amplitude (H2 & H4b)

Fixed Effect Estimate Std. Error p-value
Intercept 0.021 0.320 .98
Configuration 0.479 0.472 .16
Al Error -1.608 0.435 <.001
Configuration x Error 1.993 0.651 .001
Random Effects:

Participant Intercept Variance 1.358 (SD = 1.165)

Residual Variance 44.759 (SD = 6.690)

Note: N = 2,290 observations, 47 participants. REML criterion: 15242.5.
R? (Marginal / Conditional): 0.011 / 0.040
Significance codes: **p < .001, **p < .01, *p < .05
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C.2.4 Hypotheses 3 and 4c

Table C.22: Linear Mixed-Effects Model Predicting Post-Fixation Duration (H3 & H4c)

Fixed Effect Estimate Std. Error p-value
Intercept 1.200 0.189 <.001***
Configuration -0.031 0.082 .85
Al Error 0.075 0.018 <.001***
Computer Self-Efficacy -0.478 0.238 .026*
Configuration x Error -0.052 0.027 .026*
Random Effects:

Participant Intercept Variance 0.075 (SD = 0.275)

Residual Variance 0.092 (SD =0.304)

Note: N = 2,602 observations, 47 participants. REML criterion: 1385.4.
R? (Marginal / Conditional): 0.042 / 0.472 (approximate)
Significance codes: ***p < .001, **p < .01, *p < .05, 'p < .10

C.2.5 Hypothesis 5

Table C.23: Linear Mixed-Effects Model Predicting Task Performance (HS)

Fixed Effect Estimate Std. Error  p-value
Intercept 0.289 0.019 <.001**
Confidence in the Al Assistant 0.061 0.011 <.001**
Computer Self-Efficacy 0.006 0.02 91
Random Effects:

Participant Intercept Variance 0.0003 (SD =0.018)

Residual Variance 0.0215 (SD =0.146)

Note: N = 2,602 observations, 47 participants. REML criterion: -3580.9.
R? (Marginal / Conditional): 0.012 /0.026.
Significance codes: ***p < .001, **p < .01, *p < .05, p < .10.

C.2.6 Hypothesis 6

Table C.24: Linear Mixed-Effects Model Predicting Task Performance (H6)

Fixed Effect Estimate Std. Error p-value
Intercept 0.313 0.0169 <.001***
P3a Amplitude (Pz) -0.0005 0.00046 .16
Computer Self-Efficacy 0.011 0.022 .80
Random Effects:

Participant Intercept Variance 0.00016 (SD =0.013)

Residual Variance 0.0217 (SD =0.147)

Note: N = 2,290 trials, 47 participants. REML = -2229.8.
R? (Marginal / Conditional): 0.001 / 0.008
Significance codes: ***p < .001, **p < .01, *p < .05, 'p < .10

lii



C.2.7 Hypothesis 7

Table C.25: Linear Mixed-Effects Model Predicting Task Performance (H7)

Fixed Effect Estimate Std. Error  p-value
Intercept 0.328 0.019 <.001**
Visual Verification (log(post fixation duration)) -0.015 0.0077 .03*
Computer Self-Efficacy 0.0086 0.021 .85
Random Effects:

Participant Intercept Variance 0.00018 (SD =0.013)

Residual Variance 0.0217 (SD =0.147)

Note: N = 2,602 observations, 47 participants. REML criterion: -3607.7.
R? (Marginal / Conditional): 0.002 / 0.010 (approximate)
Significance codes: ***p < .001, **p < .01, *p < .05, p < .10

C.2.8 Decision Performance

Table C.26: Linear Mixed-Effects Model Predicting Log(Decision Performance)

Fixed Effect Estimate Std. Error  p-value
Intercept 0.374 0.023 <.001***
P3a (Pz) -0.0004 0.0004 .398
Confidence in the Al 0.058 0.012 <.001***
Log(Post-Fixation Duration) -0.012 0.008 132
Trial Number -0.002 0.0002 <.0017*
Computer Self-Efficacy (CSE) -0.003 0.024 .896
Random Effects:

Participant Intercept Variance 0.00028 (SD =0.017)

Residual Variance 0.02073 (SD =0.144)

Model Fit:

REML Criterion -2301.8

Observations N =12290, 47 participants

R? (Marginal / Conditional) 0.045/0.058

Significance codes: **p < .001, *p < .01, *p < .05, Tp < .10
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C.2.9 Hypothesis 8

Table C.27: Linear Model Predicting Perceived Understanding of the Al System (HS8)

Fixed Effect Estimate Std. Error p-value
Intercept 0.364 0.157 .012*
Configuration 0.117 0.067 .043*
Computer Self-Efficacy (CSE) 0.153 0.198 220
Model Fit:

Residual Std. Error 0.231 (df =45)

Multiple R? 0.077

Adjusted R? 0.036

F-statistic 1.88 on 2 and 45 df, p = .165 (two-tailed)

Note: N = 48 observations.
R? (raw / adjusted): 0.077 / 0.036
Significance codes: ***p < .001, **p < .01, *p < .05, Tp < .10

C.2.10 Post-Hoc Mediation Analyses

Table C.28: Linear Mixed-Effects Models for Mediation via Confidence in Al in the
"Configuration" Condition

Fixed Effect Model 1: Outcome (DV) Model 2: Total Effect Model 3: Mediator (Confidence)
Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 0.297 (0.033)*** 0.302 (0.033)*** 0.294 (0.158)*

Al Error -0.058 (0.010)*** -0.065 (0.012)*** -0.371 (0.012)***

Confidence in Al -0.018 (0.021)

CSE 0.054 (0.042) 0.06 (0.042) 0.359 (0.202)
Random Effects: Participant

Model Fit: REML =-1219 (M1), -1124.4 (M2), -586.4 (M3); N = 1219; 22 participants

R? (Marginal / Conditional): 0.030 /0.041 (M1), 0.031 / 0.040 (M2), 0.375 / 0.564 (M3)
Significance codes: ***p < .001, **p < .01, *p < .05, p<.1

Table C.29: Linear Mixed-Effects Models for Mediation via Confidence in Al in the "No
Configuration" Condition

Fixed Effect Model 1: Outcome (DV)  Model 2: Total Effect Model 3: Mediator (Confidence)
Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 0.334 (0.019)*** 0.318 (0.021)*** 0.492 (0.116)***

Al Error -0.045 (0.009)*** -0.035 (0.010)*** -0.289 (0.011)***

Confidence in AT 0.033 (0.018)* —

CSE -0.0002 (0.023) -0.004 (0.024) 0.092 (0.148)

Random Effects: Participant

Model Fit (REML): -1457.4 (M1), -1454.6 (M2), -782.1 (M3); N = 1383 trials; 25 participants

R? (Marginal / Conditional): 0.019 / 0.026 (M1), 0.022 / 0.029 (M2), 0.245 / 0.550 (M3)

Indirect Effect (Bootstrap, 5,000 simulations): ab = —0.01, 95% CI [—0.0197, 0.0007]; 90% CI [—0.018, —0.001]
Significance codes: ***p < .001, **p < .01,*p < .05, p<.1
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Table C.30: Linear Mixed-Effects Models for Mediation via Attention Allocation on
Manual Task Elements in the "Configuration" Condition

Fixed Effect Model 1: Outcome (DV)  Model 2: Total Effect Model 3: Mediator (Fixation)
Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 0.297 (0.033)*** 0.315 (0.033)*** 10.328 (3.950)*

Al Error -0.058 (0.010)*** -0.057 (0.010)*** 0.431 (0.230)*

Log(Fixation Duration) — -0.0018 (0.0010)* —

CSE 0.054 (0.042) 0.036 (0.042) -10.175 (5.060)*

Random Effects (Participant Intercept SD / Residual SD):

MI1: 0.016/0.150; M2:0.014/0.150; M3: 3.053 /3.545

Model Fit (REML): -1129.6 (M1), -1120.8 (M2), 6619.1 (M3)

Sample: N = 12109 trials; 22 participants

R? (Marginal / Conditional): 0.030 / 0.041 (M1), 0.033 / 0.042 (M2), 0.076 / 0.469 (M3)

Indirect Effect (Monte Carlo, 50,000 simulations): ab = —0.0009, 95% CI [—0.0024, 0.0001]; 90% CI [—0.0021, —0.0000)
Significance codes: ***p < .001, " p < .01,*p < .05, p < .1

Table C.31: Linear Mixed-Effects Models for Mediation via Attentional Responses in the
"No Configuration" Condition

Fixed Effect Model 1: Outcome (DV)  Model 2: Total Effect = Model 3: Mediator (Fixation)
Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 0.334 (0.019)*** 0.340 (0.020)*** 6.377 (3.246)*

Al Error -0.045 (0.009)*** -0.044 (0.009)*** 0.719 (0.213)**

Log(Fixation Duration) — -0.00093 (0.00080) —

CSE -0.0002 (0.023) -0.0048 (0.024) -4.447 (4.152)

Random Effects (Participant Intercept SD / Residual SD):

MI1: 0.012/0.141; M2:0.013/0.141; M3: 4.085/3.509

Model Fit (REML): -1457.4 (M1), -1446.3 (M2), 7497.6 (M3)

Sample: N = 1383 trials; 25 participants

R? (Marginal / Conditional): 0.019 /0.026 (M1), 0.020 / 0.028 (M2), 0.027 / 0.587 (M3)
Significance codes: ***p < .001, **p < .01,*p < .05, p< .1

C.2.11 Post-Hoc Analysis of Confidence Recovery Following Al

Errors

Table C.32: Summary of Censored and Uncensored Observations by Experimental
Condition

Condition Total Recovered (Event) Censored
No Configuration 974 377 61.29%
Configuration 972 404 58.44%

Table C.33: Cox proportional hazards model of confidence recovery

Predictor Coef. SE HR (95% CI) )4
Configuration 0.15 0.07 1.16[1.01, 1.33] .041
n = 1,946, Events = 781, Concordance C = 0.52
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