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Abstract: Advances in large language models (LLMs) have
enabled conversational agents (CAs) to invoke external
functions dynamically, yet little is known about how dif-
ferent tool-calling (TC) strategies affect user experience.
This study compares two approaches — automatic execution
based on conversational context versus user-confirmed exe-
cution - using a German-language CA in a business-travel
scenario. In a between-subjects experiment, 451 employed
adult participants (aged 18-65) were randomly assigned
to one of the two TC conditions, completed a structured
travel request interaction, and then rated their perceived
trust (PTru), autonomy (PA), transparency (PTrn), ease of
use (PEU), and usefulness (PU). Our findings indicate that TC
strategy had a significant overall impact on users’ combined
perceptions, and that demographic factors — particularly
age — played a critical role in shaping these responses, high-
lighting the need for adaptive, inclusive design practices
that balance automation with user control.

CCS Concepts « Human-centered computing — Human
computer interaction (HCI) — Interactive systems and tools
» Human-centered computing — Interaction design — Sys-
tems and tools for interaction design.

Keywords: conversational agent; function calling; tool call-
ing; large language models

*Corresponding author: Darius Hennekeuser, University of Applied
Sciences Bonn-Rhein-Sieg, Sankt Augustin, Germany,

E-mail: darius.hennekeuser@h-brs.de.
https://orcid.org/0009-0005-8443-1872

Daryoush Daniel Vaziri, David Golchinfar and Dirk Schreiber, Univer-
sity of Applied Sciences Bonn-Rhein-Sieg, Sankt Augustin, Germany.
https://orcid.org/0000-0003-2025-9637 (D. D. Vaziri).
https://orcid.org/0000-0002-7785-3891 (D. Golchinfar)

Gunnar Stevens, University of Siegen, Siegen, Germany.
https://orcid.org/0000-0002-4490-7187

1 Introduction

The expanding capabilities of large language models
(LLMs), such as OpenAr’s GPT series, Meta’s LLaMA series,
and Mistral AI’s Mistral series, offer significant potential for
advancing conversational agents (CAs).'~> A key develop-
ment is the ability of LLMs to connect CAs with external
services, addressing long-standing challenges in functional-
ity and integration.* While earlier, rule-based CAs already
supported interactions with external systems, these integra-
tions were typically implemented through rigid, rule-based
pipelines in which user utterances were matched to pre-
defined intents and templates. Once an intent was identi-
fied, the system deterministically triggered backend actions
— such as database queries or external API calls — through
handcrafted mappings between intents, entities, and func-
tions. As documented in prior work, for example, classi-
cal architectures executed “information retrieval from the
Backend through external APIs calls or Database requests”
only after successful intent recognition.’ Such systems were
effective in narrow domains but suffered from brittleness,
limited language understanding, and high manual engineer-
ing effort. For example, prior research has shown that users
desire richer integrations, such as controlling home devices
or transferring health data.®’ Such demands highlight that
CAs are no longer judged only by their language processing
skills but also by how seamlessly they can execute useful
actions across systems — a shift from earlier rule-based
approaches, where function execution depended on brit-
tle intent—action mappings, toward more flexible, context-
aware integrations enabled by LLMs. Such demands high-
light that CAs are no longer judged only by their language
processing skills but also by how seamlessly they can exe-
cute useful actions across systems.

To support these integrations, emerging system archi-
tectures combine LLMs with external knowledge and ser-
vices. Retrieval-augmented generation (RAG), for instance,
allows CAs to access real-time information sources beyond
their training data.® More recently, LLMs have been trained
with tool-calling (TC) capabilities, enabling them not only to
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retrieve information but also to act — by invoking functions,
APIs, or other services in machine-readable formats such as
JSON."2° This represents a step change: CAs can now dynam-
ically trigger external processes, broadening their role from
conversation partners to versatile digital assistants.

Yet the way TC is implemented introduces new design
trade-offs. Functions can be executed automatically when
sufficient conversational context is available, streamlining
interactions but potentially reducing user control. Alterna-
tively, execution can be delayed until the user explicitly
confirms the tool-call, increasing transparency and auton-
omy but adding extra steps. These two approaches raise
fundamental questions about user experience: Do people
trust automated executions, or do they prefer confirmation?
How do such strategies shape perceptions of autonomy,
transparency, usefulness, and ease of use?

Despite the importance of these questions, research has
not yet examined how different TC strategies affect user per-
ceptions in CAs. Moreover, demographic differences such as
age and gender may interact with these strategies, shaping
preferences in ways that current design guidelines do not
account for. Addressing this gap is critical for advancing
inclusive and adaptive CA design.

Research Question: How do different TC approaches
(automatic execution vs. user-confirmed execution) affect
user perceptions of trust, autonomy, transparency, effi-
ciency and usefulness in interactions with a CA?

In this comparative quantitative study with two groups,
we aim to understand how different TC techniques affect
user interaction metrics within a chatbot environment.
Specifically, we explore two distinct approaches: function
execution based solely on conversational context (CA 1)
and function execution that requires a user confirmation
prompt before proceeding (CA 2). By using the same LLM
with two distinct techniques (automatic function execution
vs. confirmation-based function execution), we create two
experimental groups to evaluate the comparative effects of
these TC strategies. The study scenario involves participants
completing a business trip application form by interacting
with a chatbot. Therefore, the target group was defined as
current employees.

Using Multivariate Analysis of Variance (MANOVA)
and Permutational Multivariate Analysis of Variance (PER-
MANOVA), we analyze whether these TC techniques influ-
ence a set of dependent variables, such as perceived
trust (PTru), perceived autonomy (PA), perceived trans-
parency (PTrn), perceived ease of use (PEU), and per-
ceived usefulness (PU). Additionally, we investigate whether
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age and gender, in combination with the CA-setting (auto-
matic execution vs. user-confirmed execution), and as sin-
gle independent variables, impact the dependent variables.
MANOVA/PERMANOVA allows us to assess if the combined
impact of the techniques results in significant differences
across multiple dependent measures. Following the multi-
variate analyses, we conduct Analyses of Variance (ANOVAs)
to further explore univariate effects, identifying which spe-
cific dependent variables contribute to the observed multi-
variate differences. This approach enables us to determine
whether prompting users for confirmation before executing
functions significantly enhances the quality of interaction
compared to executing functions autonomously based on
context alone. The findings from this study provide insights
into optimizing TC strategies for enhanced user experience
in conversational Al systems.

2 Literature review and hypotheses
development

2.1 Augmenting LLMs with external
integrations

The generative pre-training of large language models
(LLMs) has demonstrated large gains on varying language
generation tasks, such as question answering, machine
translation, reading comprehension, summarization and
coding.'*-> However, pure text generative tasks usually do
not involve the integration of external services or functions.
As LLMs increasingly serve as the core of autonomous,
goal-directed systems, recent research describes this devel-
opment under the concept of agentic Al Agentic Al systems
exhibit capabilities such as planning, tool use, interpreta-
tion of user goals, and adaptive decision-making. Unlike
earlier symbolic agents, modern agentic systems rely on
LLM-driven orchestration, where agency emerges from gen-
erative reasoning and dynamic tool use rather than explicit
rule-based planning.'® In tool-learning frameworks, this
agency is operationalized through the model’s ability to
understand a user’s intent, select appropriate tools, and iter-
atively execute actions based on feedback, enabling LLMs to
function as controllers rather than mere text generators."”
Retrieval-Augmented Generation (RAG) enhances LLMs
by integrating real-time external data, improving responses
beyond static training.® In education, RAG-powered chat-
bots pull course materials to tailor student support.'®-2° In
customer service, RAG with LLMs accesses a restaurant’s
knowledge graph to answer specific queries.?' Overall, RAG
+ LLM integration boosts accuracy and relevance across
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domains, enabling Conversational Agents (CAs) to handle
broader queries with contextually rich interactions.?

While RAG-applications paired with LLMs provides an
external integration of textual knowledge in the LLM, it
does not enable the LLM to execute certain tasks based
on the conversation. To address the inability to perform
specific tasks, Tool-Calling (TC) has emerged as a valuable
approach. TC enables LLMs to interact with external sys-
tems — APIs, databases, or computational tools — to exe-
cute particular functions within the context of a conversa-
tion, effectively expanding the model’s capabilities beyond
text generation.”>~> From the perspective of agentic Al
research, TC represents a shift from passive text genera-
tion to the active use of tools, a capability identified as
a core ingredient of modern agent architectures. Recent
foundational work highlights that LLM-based agents can
function as controllers that reason about user goals, select
appropriate tools, and execute multi-step plans to achieve
them. This aligns with broader developments in agentic AL,
where autonomy increasingly emerges from the orchestra-
tion of tool use, feedback integration, and iterative decision-
making rather than symbolic planning alone.'®

Early systems such as Toolformer demonstrate how
LLMs can autonomously decide when and how to use tools
such as calculators or knowledge databases, which helps
them handle tasks requiring precise computations or up-to-
date information. Toolformer achieves this by training the
LLM to recognize situations where external information or
computation enhances response accuracy and then calling
the appropriate API accordingly.?

Similarly, models like Granite-Function Calling inte-
grate multi-task learning approaches to improve generaliz-
ability and handle complex workflows, which involve call-
ing multiple functions in sequence or even creating new
tools as needed.”>?” Such advancements are crucial for
enhancing LLMs’ reliability and versatility across domains
with high precision demands, such as finance and health-
care.s

TC thus represents a foundational shift in how LLMs
can handle complex, real-world tasks, moving from static
models to dynamic systems capable of interacting with the
environment. This advancement enables LLMs to serve as
robust agents that not only respond to queries but also
execute specialized functions, thus broadening the scope of
what conversational Al can achieve.??

Current model series of OpenAl, like GPT-40 or models
of MistralAlI support TC to enable users to connect to user
defined functions or APIs to build applications designed for
individual use cases.>* An example on how TC with such
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models works, is shown in the mistral docs and will be
described here.’

The LLM is provided with functions formatted in JSON
schema:

L

{

"type": "function",

"function": {

"name": "retrieve_payment_status",
"description": "Get payment status of a
transaction",

"parameters": {

"type": "object",

"properties": {

"transaction_id": {

"type": "string",

"description": "The transaction id.",

3

}’

"required": ["transaction_id"],

}:

}’

}7

// . . . additional function definitions. . .

]

Functions can then be executed based on the conversational
context. E.g., the prompt “What’s the status of my trans-
action T1001?” would lead to a tool-call, also formatted in
JSON-schema:

{"name": "retrieve_payment_status",
"arguments": {"transaction_id": "T1001"}}

The tool-call can then be handled as an external func-
tion (e.g., an API) and a response from the API, such as
{"status": "Paid"} can be sent back to the LLM to con-
tinue the conversation with the result of the tool-call.’
Altogether, TC represents a foundational mechanism
through which LLMs gain the ability to act — not just to
speak. As the literature on tool learning shows, connecting
LLMs with external tools is central to the emergence of agen-
tic capabilities, enabling CAs to execute complex workflows,
handle real-world tasks, and operate as autonomous digital
assistants rather than purely conversational systems.!”

2.2 Conceptual background of user
perception dimensions

Before turning to the hypotheses, it is useful to briefly
outline the key user-perception dimensions that guide our
analysis. Prior research on human-Al interaction and tech-
nology acceptance highlights five constructs as central
for evaluating CAs: perceived trust, perceived autonomy,
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perceived transparency, perceived ease of use, and per-
ceived usefulness. Perceived trust (PTru) reflects whether
users believe the system acts reliably and without causing
harm, a foundational predictor of continued engagement.>
Perceived autonomy (PA), grounded in Self-Determination
Theory (SDT), captures users’ sense of volition and control
in the interaction, which is especially relevant when CAs
proactively execute actions.*! Transparency concerns users’
understanding of how and why a system behaves in certain
ways, which becomes increasingly important when Al mod-
els invoke external services.” Perceived ease of use (PEU)
and perceived usefulness (PU) stem from the Technology
Acceptance Model (TAM) and represent how effortless and
beneficial users expect the system to be.** Together, these
dimensions form the theoretical basis for assessing how
different tool-calling strategies influence user experience.
We discuss each construct in detail in the following sections.

While established usability instruments such as the Sys-
tem Usability Scale (SUS)** and the User Experience Ques-
tionnaire (UEQ)* are widely used to assess general usabil-
ity, parts of their constructs — particularly learnability and
ease-of-use — conceptually overlap with TAM’s perceived
ease of use (PEU). However, TAM focuses specifically on
the cognitive evaluations that predict technology accep-
tance, making PEU and PU more appropriate for studying
how users assess tool-calling strategies in conversational
agents.®

2.3 Hypothesis development

To investigate how Tool-Calling (TC) techniques in CAs
influence user perceptions, we propose that prompting
users for confirmation before executing functions versus
autonomous function execution significantly impacts user
outcomes. Specifically, the combined dependent variables
— pereceived trust (PTru), perceived autonomy (PA), per-
ceived transparency (PTrn), perceived ease of use (PEU), and
perceived usefulness (PU) — are expected to differ hetween
these two techniques (H1). Furthermore, demographic fac-
tors, specifically age and gender, are examined as moder-
ators, since existing literature underscores their influence
on user perceptions in technology interactions. Age moder-
ates PA, as younger individuals tend to exhibit heightened
privacy concerns, affecting their sense of autonomy when
interacting with Al-driven systems.*® Moreover, Generation
Z, as digital natives, highly values transparency in inter-
actions, suggesting age differences in responses to trans-
parent or autonomous Al behaviours.” Additionally, gen-
der differences have been shown to moderate technology
acceptance factors such as PEU and PU. Women, particu-
larly older women, place more emphasis on PEU,*® whereas
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men tend to prioritize PU, focusing on productivity and
performance expectancy.®®* Consequently, we hypothesize
significant moderation effects by gender (H2) and age (H3)
on the relationship between TC techniques and the com-
bined dependent variables. Therefore, we derive the follow-
ing main hypothesis:

H1: There will be a significant difference in the
combined scores of the dependent variables between
CA 1 (autonomous function execution) and CA 2 (user-
confirmation prompted execution).

H2: Gender will significantly moderate the relationship
between TC technique (CA 1 vs. CA 2) and the combined
dependent variables.

H3: Age will significantly moderate the relationship
between TC technique (CA 1 vs. CA 2) and the combined
dependent variables.

The subsequent chapters will elaborate further on
the proposed relationships between TC techniques and
the dependent variables, including detailed exploration
through sub-hypotheses.

2.3.1 Perceived trustin CAs

The perception of trust among users of conversational
agents (CAs) is shaped by multiple factors, including interac-
tivity, humanness, perceived usefulness (PU), and the social
and technological contexts in which these agents are used.
Studies have shown that higher interactivity — where users
can engage in fluid, responsive conversations — boosts per-
ceived trust (PTru), as it makes interactions seem more gen-
uine and aligned with human expectations.**! Humanness,
characterized by the chatbot’s ability to mimic human-like
qualities such as empathy and contextual understanding,
further strengthens PTru, as users tend to be more receptive
to agents that feel personable and adaptive.*>#

Perceived ease of use (PEU) and perceived usefulness
(PU) are other critical contributors to PTru. When users
find chatbots helpful in achieving their goals efficiently and
without technical hurdles, they are more likely to PTru and
continue using these systems.*>** Initial trust is essential,
especially in newer technologies, as it often determines
long-term user engagement and loyalty. Furthermore, the
perceived risk associated with the use of CAs — particularly
concerning privacy and data security — can modulate PTru
levels, with higher perceived risks diminishing PTru and,
consequently, usage intention.*0*

PTru in CAs is intricately linked to user concerns
regarding privacy and personal data processing. Several
studies have highlighted that users’ PTru in these technolo-
gies is significantly impacted by their perceptions of how
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their personal data is handled, as well as the associated risks
of data misuse, 0414546

Large language models (LLMs) with tool-calling (TC)
capabilities may heighten concerns about privacy and data
processing, particularly when users are not informed about
which parts of their conversational data trigger these tool-
calls. TC allows LLMs to interact dynamically with external
systems, enabling them to retrieve, process, or store data
based on the user’s input. Without explicit user awareness
or consent, this capability may feel invasive, as users may be
unaware of which specific queries or types of information
prompt external processing. Therefore, we formulate Hla,
H2a and H3a:

Hla: There will be a significant difference in PTru
scores between CA 1, which executes functions based solely
on conversational context, and CA 2, which executes func-
tions only after receiving a user confirmation prompt.

H2a: Gender will significantly moderate the relation-
ship between TC technique and PTru.

H3a: Age will significantly moderate the relationship
between TC technique and PTru.

2.3.2 Perceived autonomy in CA interactions

Perceived autonomy (PA), a fundamental concept in Self-
Determination Theory (SDT) developed by Deci and Ryan,
is pivotal in understanding user interactions with conver-
sational agents (CAs). SDT emphasizes three essential psy-
chological needs — autonomy, competence, and relatedness
— that drive human motivation and well-being. Among
these, PA — the sense of volition and alignment of actions
with personal values — plays a crucial role in fostering
intrinsic motivation and satisfaction.!

Studies have found that findings of SDT are also appli-
cable to use cases around CA applications. Specifically, PA
in interactions with CAs is shaped by four primary fac-
tors. First, sufficient choice and transparency enhance user
autonomy by providing multiple options and clear explana-
tions for decisions or recommendations. This transparency
is particularly important in real-time applications, like nav-
igation systems, where the immediate consequences of Al
decisions directly impact users.”’ Second, personalization
of options based on user preferences increases autonomy
by fostering alignment with individual values and inter-
ests. Third, decision-making assistance, especially in sce-
narios requiring support, can enhance PA when designed
to empower rather than control users. Finally, privacy and
data security concerns play a critical role. A lack of clarity or
invasiveness in data use threatens users’ sense of autonomy,
diminishing their willingness to engage with CAs.*’
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In addition to technology adoption, PA is an antecedent
to key technology acceptance factors, such as perceived use-
fulness (PU) and perceived ease of use (PEU). Systems that
satisfy autonomy needs tend to foster higher user satisfac-
tion and acceptance, while those that diminish autonomy
can have the opposite effect. For instance, in chatbot inter-
actions, users reported greater satisfaction when they felt
free to engage with the system based on their preferences.
Conversely, high levels of proactive guidance, which felt
overly directive, reduced PA and satisfaction. This effect
extended to mental well-being, with autonomy satisfaction
mediating positive outcomes. However, excessive guidance
limited the system’s overall ability to improve well-being,
suggesting the need for a balance between assistance and
user-centered design.*84?

In our study setting, PA might differ for users for CA 1
and CA 2, since CA 1 triggers tool-calls (TCs) just based on
the conversational context and does not require the user’s
confirmation of the tool-call execution. This might make
users feel less autonomous about the conversation and the
data processing. Therefore, we formulate the following H2a,
H2b and H2c:

H1b: There will be a significant difference in PA scores
between CA 1, which executes functions based solely on
conversational context, and CA 2, which executes functions
only after receiving a user confirmation prompt.

H2h: Gender will significantly moderate the relation-
ship between TC technique and PA.

H3b: Age will significantly moderate the relationship
between TC technique and PA.

2.3.3 Perceived transparency in CA interactions

Another factor which is essential in Al applications is per-
ceived transparency (PTrn), as it can significantly enhance
users’ trust, particularly when paired with features like
control and visualization. According to a study by Yu and
Li, visualizing the impact of control increased PTrn and
trust in an e-learning platform. This visualization allowed
users to understand better the algorithm’s behaviour, which
indirectly explained why recommendations were suitable.
It helped users refine their mental model of how the system
operated, contributing to higher perceived trust (PTru) and
comprehension.”

Furthermore, PTrn can also improve user perceptions
in social AI applications like chatbots. Research conducted
by Xu et al. has found that providing upfront explanations
about how a chatbot works reduces feelings of unpre-
dictability and discomfort, increases users’ willingness to
engage with the AL and enhances their perception of the
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chatbot’s social intelligence. This effect is especially strong
among users with less prior knowledge of Al, making PTrn
a key factor in building trust and fostering positive interac-
tions.’!

Additionally, PTrn can enhance the effectiveness of Al-
driven digital endorsers. Wang and Qiu have found that
when Al-based endorsers disclose their artificial nature,
consumers report higher trust, engagement, and purchase
intentions. This effect is mediated by mind perception,
which refers to the extent to which users attribute human-
like qualities to AL PTrn boosts both perceived agency (abil-
ities like reasoning and planning) and perceived experience
(empathy and emotional depth), making Al endorsers seem
more relatable and credible, and ultimately increasing their
persuasive power.>

In the context of our study, PTrn may vary depending
on how the large language model (LLM) handles tool-calls
and user involvement. CA 1, which executes tool-calls auto-
matically without notifying or confirming with users, may
appear less transparent, leaving users unsure about what
actions were taken or how their data was used. In con-
trast, CA 2, which asks for explicit user confirmation before
executing tool-calls, may enhance PTrn by making system
actions visible and controllable.

Hic: There will be a significant difference in PTrn
scores between CA 1, which executes functions based solely
on conversational context, and CA 2, which executes func-
tions only after receiving a user confirmation prompt.

H2c: Gender will significantly moderate the relation-
ship between TC technique and PTrn.

H3c: Age will significantly moderate the relationship
between TC technique and PTrn.

2.3.4 Perceived ease of use in CA interactions

The increasing complexity of digital systems and software
solutions has made perceived ease of use (PEU) a crit-
ical determinant in the adoption and sustained utiliza-
tion of technology. Despite technological advancements
that continue to extend the functional capabilities of sys-
tems, user acceptance remains contingent not only on the
usefulness of these systems but also on how easily they
can be used.

A foundational definition of perceived PEU was estab-
lished by Davis, who defined it as “the degree to which a
person believes that using a particular system would be
free of effort.” This definition, emerging from the context
of the Technology Acceptance Model (TAM), highlights that
effort is a finite resource users allocate among multiple
tasks.” Thus, a system that minimizes the effort required
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for operation is inherently more attractive and more likely
to be adopted.

Indeed, as highlighted in recent research on conver-
sational agents (CAs), systems that are easy to use — offer-
ing intuitive interaction, user-friendly interfaces, and low
cognitive demand - significantly increase the likelihood
of acceptance and sustained usage. The studies reviewed
show that the lower the effort required to engage with the
system, the higher the probability that users will adopt it.
Conversely, if users perceive a system as too complicated
or cumbersome, this can act as a major barrier to adoption,
regardless of the system’s usefulness.>*

The significance of PEU extends beyond mere conve-
nience. Systems that are difficult to navigate or operate
can impede users’ ability to achieve intended outcomes,
thereby undermining both personal productivity and orga-
nizational efficiency. As Davis (1989) posited, even when
users recognize a system’s potential usefulness, they may
reject it if the effort required to utilize it outweighs the antic-
ipated benefits. Hence, PEU plays a pivotal role in determin-
ing whether users are willing to engage with a system, even
when its functional benefits are evident.”

In the context of our study, PEU is likely to differ
between CA 1 and CA 2, as they follow different approaches
to function execution. CA 1, which triggers tool-calls auto-
matically based on conversational context, may reduce the
perceived effort required from users because it handles
tasks without requiring explicit confirmation. However, this
could also come at the cost of reduced (perceived autonomy)
PA or perceived transparency (PTrn). On the other hand,
CA 2, which requires explicit user confirmation before exe-
cuting tool-calls, may increase user effort due to additional
steps in the interaction but may enhance users’ sense of
control and awareness.

Thus, investigating how wusers perceive the PEU
between these two LLM behaviours is essential, as it
can influence both short-term interaction satisfaction
and long-term technology adoption. Understanding this
trade-off between automation (reduced effort) and control
(potentially increased effort) will help design more effective
and user-friendly Al-driven conversational systems.

H1d: There will be a significant difference in per-
ceived PEU scores between CA 1, which executes func-
tions automatically without user confirmation, and CA 2,
which requires explicit user confirmation before executing
functions.

H2d: Gender will significantly moderate the relation-
ship between TC technique and perceived PEU.

H3d: Age will significantly moderate the relationship
between TC technique and perceived PEU.
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2.3.5 Perceived usefulness in CA interactions

In the realm of information systems research, perceived
usefulness (PU) has long been recognized as a pivotal deter-
minant of whether individuals and organizations choose to
adopt new technologies. As originally framed by Davis, PU
is defined as “the degree to which a person believes that
using a particular system would enhance his or her job
performance”.”® This definition underscores a core princi-
ple: users are more inclined to embrace technologies when
they expect tangible gains — such as increased efficiency,
effectiveness, or overall productivity — in their tasks.

The influence of PU is evident across various con-
texts, from productivity tools in corporate environments
to consumer-facing applications. A system might possess
cutting-edge features, or robust technical capabilities yet
remain underutilized if end users do not perceive a clear
link between the system’s functionality and their personal
or professional objectives. This practical, outcome-focused
view places PU at the heart of the TAM,>® where it consis-
tently emerges as a stronger predictor of user intentions and
behaviour than many other factors. This practical, outcome-
oriented perspective positions PU at the core of the TAM,*
where it consistently proves to be a significant predictor of
user intentions and behavior.

Recent empirical work on CAs further underscores the
centrality of PU in shaping user adoption. For instance, a
study of older adults’ interactions with chatbots during the
COVID-19 pandemic revealed that PU had a direct positive
effect on usage intentions, outstripping demographic fac-
tors such as age and gender in predictive power>* In a
similar vein, an integrative review of health care chatbots
identified performance expectancy — closely mirroring the
concept of PU - as the most influential factor determining
whether both patients and professionals choose to adopt
a given system.” These findings collectively reinforce the
notion that when users see tangible, outcome-focused ben-
efits — whether in terms of efficiency gains or improved
health outcomes - they are far more inclined to integrate
new technologies into their routines.

In the context of CA 1, which automatically executes
tool-calls based on context, users may experience greater
efficiency because the system handles tasks proactively,
potentially increasing PU. By contrast, CA 2, which requires
explicit user confirmation, may make task completion feel
more deliberate but also more effortful — even if it offers
greater control and clarity. How users weigh automation
against the need for manual oversight will likely affect
whether they perceive the system as “useful” for achieving
meaningful outcomes.
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Therefore, examining whether the automated
approach of CA 1 or the user-confirmation approach
of CA 2 leads to stronger PU, can offer vital insights
for designing conversational experiences that balance
efficiency, control, and ultimate task performance.

H1le: There will be a significant difference in PU scores
between CA 1, which automates function execution, and CA
2, which requires explicit user confirmation before execut-
ing functions.

H2e: Gender will significantly moderate the relation-
ship between TC technique and PU.

H3e: Age will significantly moderate the relationship
between TC technique and PU.

2.3.6 Direct effects of demographics

While our conceptual model emphasizes Age and Gender as
moderators of the effect of chathot setting on user percep-
tions, the statistical analysis also includes direct effects of
these demographic variables on the dependent variables.
Including Age and Gender as predictors ensures proper
model specification when testing interaction terms (e.g.,
Group X Age, Group X Gender). This means that beyond
potential moderation, we also test whether Age and Gen-
der independently explain variance in perceived auton-
omy, trust, transparency, ease of use, and usefulness.
Although these direct effects are not part of the core the-
oretical hypotheses, they are reported in order to pro-
vide a complete and transparent account of the statistical
results.

2.3.7 Conceptual model

To bring together our proposed relationships, we have
developed a comprehensive conceptual model (see
Figure 1). At its core, this model posits that the mode
of tool-calling (TC) - automatic execution versus
user-confirmed execution - directly impacts five key
user perceptions: perceived trust (PTru), perceived
autonomy (PA), perceived transparency (PTrn), perceived
ease of use (PEU), and perceived usefulness (PU) (H1).
In addition, we theorize that two demographic factors,
age and gender, will moderate these effects: age shaping
the strength and direction of each functional link (H3),
and gender influencing how users weigh control versus
convenience (H2). By mapping both the direct paths
from TC technique to each outcome and the interaction
paths via age and gender, this model provides a unified
framework for testing our hypotheses in a single, integrated
analysis.
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Figure 1: Hypothesized model: function-calling technique’s effects on user perceptions, with age and gender as moderators.

3 Methodology

3.1 Research design

This chapter details the methodological approach used to
compare two distinct tool-calling (TC) strategies within a
conversational agent (CA). The study was conducted in two
separate phases, each featuring one of the two approaches.
The following sections describe the study design, partic-
ipant recruitment, materials used, procedure, and data
analysis.

3.1.1 Study design overview

The study employed a between-subjects experimental
design to investigate the effects of two distinct tool-calling
(TC) methods implemented in a German-language conversa-
tional agent (CA). The experiment consisted of two phases,
each utilizing a different TC strategy.

The study was situated within a business-trip plan-
ning scenario, in which participants interacted with the
CA to complete a standardized travel request. We chose
this scenario because it offers a clear, structured work-
flow that involves providing information, checking inferred
details, and triggering external functions — steps that are
essential for comparing different tool-calling strategies in a

controlled way. Importantly, the task might be familiar to
most employed participants, which helps reduce domain-
specific learning effects and allows observed differences to
more confidently be attributed to the tool-calling behavior
rather than to the task itself.

Phase 1: In the first phase, the CA (powered by CA
1) automatically executed external functions as soon as it
inferred sufficient context from the participant’s input. The
process was entirely automated, and no confirmation from
the participant was required before executing the function.
Figure 2 illustrates this workflow, where the CA directly pro-
cesses the participant’s request for a business trip without
seeking further approval.

Phase 2: In the second phase, the CA (powered by CA
2) followed a confirmation-based approach. After gathering
sufficient context from the conversation, it presented the
inferred details to the participant for confirmation before
proceeding with the tool-call. The confirmation gateway
parsed the LLM output for the tool-call and automatically
reprompted the large language model (LLM) to ask for
confirmation. Only after receiving explicit approval via
the tool-call confirm_business_trip_request did the CA exe-
cute the function. Figure 3 depicts this process, highlight-
ing the confirmation step as a critical difference compared
to Phase 1.
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Participant

CA1
Hello, I need help {
planning my
business trip. My
name is Anna
Schneider and I live
in Hamburg. I have _)
to travel to Munich
on 30 September
2025 to attend a
strategic business
conference.

‘arguments’: {
'residence': 'Hamburg',
'destination': 'Munich!',
'date": '30.09.2025'

}
}

user.)

The business trip request for Anna Schneider
to Hamburg on 30 September 2025 has been (—J
created.

Figure 2: Exemplary conversation flow with CA 1.

Both phases employed the same scenario and instruc-
tions to ensure that any observed differences in user expe-
rience or performance could be attributed solely to the TC
strategy rather than variations in task content or context.

Participants were randomly invited to one of the
two phases, meaning each participant interacted with
only one version of the conversational agent (CA). After
completing the assigned scenario, participants were
directed to a questionnaire measuring the dependent
variables: perceived trust (PTru), perceived autonomy
(PA), perceived transparency (PTrn), PEU, and perceived
usefulness (PU).

3.1.2 Participants and recruitment

Participants were recruited via Bilendi, an online panel
provider established in 1999 that supplies research samples
for both academic and commercial studies. Bilendi operates
research panels across several European countries and
maintains a database of more than two million registered
members. Panelists are profiled along demographic
and behavioural dimensions, allowing researchers to
apply detailed inclusion criteria when drawing samples.
Recruitment procedures follow common industry standards
such as double opt-in registration and compliance with
ESOMAR guidelines, helping ensure data quality and panel

'name': '"Anna Schneider",

(Backend-Operation, not visible to the
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'name': 'create_business_trip_request’,

'purpose': 'strategic business conference’,

5> @D

—
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reliability.®® Individuals invited to participate were

required to meet three primary criteria:

1. They had to be adults (18 years or older).

2.  They needed to reside in Germany and be fluent in
German, as both the conversational agent (CA) inter-
face and questionnaire were presented exclusively in
German.

3. They had to confirm that they were currently employed,
either full-time or part-time, to match the work-related
scenario.

Upon completing the study, participants received an incen-
tive of 2 Euros, deemed suitable compensation for the time
and effort invested. A roughly equal number of participants
was allocated to each phase of the experiment (CA 1 vs. CA
2), aiming to secure balanced sample sizes and enhance the
comparability of results.

3.1.3 Instruments

We measured perceived trust (PTru), perceived autonomy
(PA), perceived transparency (PTrn), perceived ease of use
(PEU), and perceived usefulness (PU) using validated mea-
surement scales from prior research. Specifically, PTru was
measured using items adapted from Corritore et al. (2005),
demonstrating strong reliability in their study (Cronbach’s
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'name': 'create_business_trip_request’,

'purpose': 'strategic business conference’, ’ E

Confirmation gateway

2025 to attend a } }
SHEGE/EUBIness (Backend-Operation, not visible to the
conference. -
I am about to create your business trip
request with the following details:
+ Name: Anna Schneider
Yes, please ‘ + Residence: Hamburg ( )
proceed. + Purpose: Strategic business conference
+ Destination: Munich
- Date: 30.09.2025
Would you like me to proceed?
{
‘name': 'confirm_business_trip_request’,
‘arguments": {
\ ) ‘confirmation': 'yes'
}

}

(Backend-Operation, not visible to the

user.)

The business trip request for Anna Schneider
to Hamburg on 30 September 2025 has been (——J

created.

Figure 3: Exemplary conversation flow with CA 2.

a = 0.84).%7 PA items were adapted from Nguyen et al. (2022),
based on SDT, also exhibiting high reliability (Cronbach’s
a = 0.93).3%°%% The items measuring PTrn were adapted
from Wang and Benbasat (2016), who studied its impact
on user trust in recommendation agents.*> Lastly, PEU and
PU were measured using the original items from Davis’
TAM.> All measurement items and their validation results
are presented in the results section. The measurement
items were first translated using DeepL and then indepen-
dently reviewed by two native German speakers, who made

—

—

Conversation logs /
Tool call logs

any necessary adaptations. These revised translations were
subsequently compared and discussed until a final consen-
sus version was agreed upon.

3.1.4 Procedure

Data collection was carried out in two phases — one for each
tool-calling (TC) condition — although the general procedure
remained consistent across both phases.

Step 1: Recruitment.
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Eligible participants were invited via the Bilendi panel.

Step 2: Screening.

Participants confirmed that they were currently
employed and within the required age range. Those who
did not meet these requirements were not allowed to
continue in the study. They also consented to anonymous
data processing.

Step 3: Interaction with the Chatbot.

Here, participants were directed to the chatbot inter-
face. They were hriefed on the scenario of creating a busi-
ness travel request for a trip from Hamburg to Munich on
September 30, 2025, in the role of Anna Schneider.

— In Phase 1 (CA 1), the CA automatically invoked exter-
nal functions upon recognizing the necessary travel
information.

— InPhase 2 (CA 2), the CA requested explicit user confir-
mation before calling each external function.

Throughout the conversation, participants could pose ques-
tions or provide details to the chatbot until they successfully
received a confirmation message indicating that the travel
request had been created.

Step 4: Return to Questionnaire and Completion.

Once participants were satisfied that the chatbot had
processed their request, they navigated back to the online
questionnaire. They were then asked to confirm they had
finished the task successfully, provide demographic infor-
mation (age, gender), and rate their experiences based on
multiple-item scales covering perceived trust (PTru), per-
ceived autonomy (PA), perceived transparency (PTrn), per-
ceived ease of use (PEU), and perceived usefulness (PU).

Step 5: Debriefing and Incentive.

Upon submitting the final responses, participants were
shown a thank you page, which reiterated the confidential-
ity of the data and indicated that their incentive of 2 Euros
would be processed through the Bilendi platform. Figure 4
illustrates the process of a participant’s involvement.

3.1.5 Data analysis

A rank-transformed MANOVA served as our primary statis-
tical technique to investigate the impact of tool-calling (TC)
strategy on the five dependent variables. In this approach,
each outcome was averaged (PA_avg, PTru_avg, PTrn_avg,
EOU_avg, PU_avg) and replaced by its overall sample rank
to mitigate violations of multivariate normality and homo-
geneity of covariance. We then fit the factorial model using
Pillai’s Trace to assess whether the combined ranks of
PA_avg, PTru_avg, PTrn_avg, EOU_avg and PU_avg differed
between automatic and user-confirmed execution groups.
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In addition, a PERMANOVA was conducted as a comple-
mentary nonparametric approach. PERMANOVA is based
on distance matrices and permutation testing and does not
require multivariate normality or homogeneity of covari-
ance matrices. Including PERMANOVA allows for valida-
tion of results under more flexible assumptions, ensuring
robustness of findings.

Prior to conducting the MANOVA and PERMANOVA, the
dataset was screened for missing values, outliers, and poten-
tial violations of normality, linearity, and homoscedasticity.
Since a statistically significant difference emerged from the
MANOVA, follow-up univariate ANOVAs were conducted to
determine which specific dependent variables were notably
influenced by the TC strategy.

3.2 LLM selection, training procedure
and prompt design

Deciding upon which LLM to use for our study, we used the
Berkeley Function-Calling Leaderboard, which is a bench-
mark developed by researchers at UC Berkeley to evaluate
the performance of large language models (LLMs) specifi-
cally on their ability to correctly invoke and execute func-
tions based on natural language instructions.’® Due to lim-
ited computing resources, we were bound to use a model of
a size of maximum 8 billion parameters. Additionally, as the
participants of the study were German speaking, we needed
a model with German speaking capabilities. Therefore, we
only considered models which were providing information
about German speaking capabilities. Based on these con-
straints the Qwen2.5-7b-Instruct offered a promising overall
accuracy of 56.7 on the leaderboard and multilingual capa-
bilities.®

However, the Qwen2.5-7b-Instruct demonstrated weak-
nesses in specific benchmark categories critical to our
research goals, notably in Irrelevance Detection and Rele-
vance Detection, achieving accuracy scores of only 77.78 %
and 69.08 %, respectively. Irrelevance Detection refers to
scenarios where none of the provided functions are relevant
to the user’s query, and the model is expected not to invoke
any function. Conversely, Relevance Detection involves sce-
narios where at least one provided function is relevant and
should be invoked, though precise correctness of the invo-
cation parameters is not assessed.®

To maintain a strong overall performance while mini-
mizing hallucinations, we decided to further fine-tune the
model specifically targeting improvements in these two
categories. Our dataset consisted of various self-created
German tool-calling (TC) examples and the apigen-synth-
trl dataset by argilla-warehouse and the ToolACE dataset
from Team-ACE.%>%3 Additionally, we used data specifically
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Figure 4: Study workflow: Participant engagement, LLM interaction, and data collection flow.

designed to make the model learn when to ignore and when
to invoke provided functions, by also adding samples where
the conversation was not relevant to the provided functions.
The full dataset consisted of 92,496 samples.

The training process consisted of one training epoch
targeting only 50 % of the LLM’s layers with the highest
signal-to-noise ratio, calculated using Random Matric The-
ory,in order to reduce GPU memory use, accelerate training,
while maintaining the performance of full fine-tuning meth-
0ds.%* As a result, the model achieved an overall accuracy of
55.04 %, with notable improvements in specific categories
— 83.33 % for relevance detection and 80.37 % for irrele-
vance detection.

3.3 Technical infrastructure

In this study, the conversational agent (CA) environment
operates through three core services, each running as a
separate Docker container:

1. Database Service (PostgreSQL5).

The first service manages all data storage, includ-
ing user-session information, conversation transcripts,
tool-call logs, and any pending trip requests. By preserv-
ing this data in a dedicated database container, the sys-
tem can reliably track both user activities and model-
generated outputs. Storing these records is essential for
auditing of system actions (e.g., invoked tool calls). Post-
gresSQL was chosen as a reliable, industry-standard
relational database that ensures stable storage of ses-
sion and tool-call data.

2. User Interface (Streamlit®).

The second service provides the main user inter-
face and business logic. Implemented in Streamlit, it
hosts a web-based interface enabling participants to
interact with the CA. Upon receiving user inputs, the
application consults the database to retrieve session
context and then dispatches requests to the large lan-
guage model (LLM) service. Once the LLM responds,
the application processes any returned outputs (such
as tool-call requests) and updates the database accord-
ingly. This layer thus orchestrates the end-to-end
workflow: authenticating users, storing messages, and
ensuring that each step of the conversation is recorded.
A screenshot of the user interface can be found in the
Appendix A.1. Streamlit was used because it enables
fast prototyping of simple web interfaces, which is suf-
ficient for a controlled research demo.

LLM Service (VLLM®7).

The third service handles inference by running a
pretrained LLM in a container configured to accept
chat completion requests. When the application for-
wards user messages, the LLM produces appropriate
responses and may request the execution of external
functions. All computations related to language pro-
cessing occur in this service, which can be scaled or
replaced independently of the database or application
layers. This separation ensures that updates to the
model architecture or parameters do not disrupt the
rest of the system. vLLM was selected because it pro-
vides efficient LLM inference, an OpenAl-compatible
API, and native support for tool-calling required by our
system.



DE GRUYTER

4 Results

4.1 Data screening, preparation,
and participant demographics

A total of 1,063 individuals accessed the online question-
naire. Of these, 505 participants ultimately completed the
survey — 251 in Group A and 254 in Group B (Group A
interacted with CA 1, Group B interacted with CA 2). Another
242 participants began the survey but did not finish (135 in
Group A; 107 in Group B). Additionally, 171 respondents were
removed due to exceeding predefined demographic quotas
(79 in Group A; 92 in Group B). A further 145 participants
were excluded after failing the control question (72 in Group
A; 73 in Group B).

After excluding non-completes and ineligible respon-
dents, 487 cases remained, of which 25 participants were
removed due to outlier management (see 4.2). The remain-
ing 462 participant’s answers were used for further descrip-
tive analysis.

Descriptive statistics for age indicated a mean of 45.94
(SD = 12.64) for the entire sample, with the youngest partic-
ipant being 19 years old and the oldest 78 years old. Broken
down by experimental group, Group A (n = 233) had a mean
age of 45.91 (SD = 12.45), whereas Group B (n = 229) had a
mean age of 45.97 (SD = 12.86).

Regarding gender, the final sample comprised 234
females, 228 males. In Group A, 119 participants were female
and 114 were male. In Group B, 115 were female and 114 were
male.

All variables were transformed using a custom scaling
process based on known scale ranges. Specifically, variables
from the following constructs were scaled according to their
maximum values (min-max scaling): perceived autonomy
(PA) (scale from 1to 5), perceived trust (PTru) (scale from 1to
7), perceived transparency (PTrn) (scale from 1 to 7), ease of
use (EOU) (scale from 1 to 7), and perceived usefulness (PU)
(scale from 1 to 7). Subsequently, the Likert items for each
construct were averaged to generate the following mean
scores: PA_avg, PTru_avg, PTrn_avg, EOU_avg, and PU_avg.

4.2 Outlier management and testing
statistical assumptions

Since the model investigated gender as a moderator, it was
crucial to ensure a statistically significant and robust data
base. Due to the low number of respondents identifying
as diverse or choosing not to specify their gender (three
participants were diverse, one participant did not specify),
these cases were excluded from the analysis to maintain
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statistical validity. In addition, one participant was excluded
because they were under 18 years of age, in line with the
study’s eligibility criteria.

Outliers were initially identified and removed using
two methods: the interquartile range (IQR) method and
the Mahalanobis distance method, both applied separately
within each experimental group. The IQR method identified
univariate outliers based on the lower and upper bounds
(Q1 - 15X IQR, Q3 + 1.5 X IQR) calculated within each
group, reducing the sample by 16 cases.

Subsequently, multivariate outliers were assessed
using Mahalanobis distance. The threshold for identifying
outliers was determined using the chi-squared distribution,
with degrees of freedom equal to the number of averaged
constructs (df = 5) and a significance level of 0.001. This
cutoff is recommended by Tabachnick and Fidell (1996) as
a standard criterion for detecting extreme multivariate
outliers in psychological research.®® This resulted in a cutoff
value of 20.52, meaning that any case with a Mahalanobis
distance exceeding this value was considered an outlier.
Based on this criterion, 4 cases were flagged, reducing the
dataset from 466 to 462 participants.

To test the assumptions for the MANOVA, we examined
absence of multicollinearity and singularity, linearity, multi-
variate normality and homogeneity of covariance matrices
according to Warne.® All test results are described in the
following sections.

Multicollinearity was assessed separately within each
group using Pearson correlation matrices of the dependent
variables. In Group A, pairwise correlations ranged from
r = 0.46 to 0.67, while in Group B they ranged from r
= 0.46 to 0.62. These moderate correlations indicate that
the dependent variables are sufficiently related to justify
MANOVA, without being so highly intercorrelated as to sug-
gest redundancy. Tabachnick & Fidell (2012) recommend
that inter-construct correlations should remain below r =
0.90 to avoid redundancy, which our findings (Group A: r
= 0.46-0.67; Group B: r = 0.46-0.62) comfortably meet.”
In addition to supporting the absence of multicollinear-
ity, these correlations also demonstrate the approximately
linear relationships among dependent variables required
for MANOVA. Furthermore, because Age was included as a
covariate, we tested linearity between Age and each depen-
dent variable by comparing linear and quadratic models. In
all cases, the quadratic term was non-significant, confirming
that the covariate relationships could be assumed to be
linear.

Multivariate normality was assessed using Mardia’s
test across the five averaged constructs. The results indi-
cated a significant departure from normality (HZ = 4.47,



196 = D.Hennekeuser et al.: Balancing automation and control

p < 0.001), suggesting that the assumption of multivariate
normality was not met. Consistently, Shapiro—Wilk tests
for univariate normality also showed significant deviations
from normality for each dependent variable: PA (W = 0.951,
p < 0.001), PTru (W = 0.968, p < 0.001), PTrn (W = 0.977, p
< 0.001), EOU (W = 0.969, p < 0.001), and PU (W = 0.954,
p < 0.001). Together, these results demonstrate violations of
the assumption of normality, both univariate and multivari-
ate.”!

Lastly, the assumption of homogeneity of covariance
matrices was tested using Box’s M test.”> The result was
statistically significant, y2(15) = 31.54, p = 0.007, indicating
that the covariance matrices across groups were not equal
at the conventional o = 0.05 level. However, it is important
to note that Box’s M test is highly sensitive to sample size and
deviations from multivariate normality and may become
significant even with minor violations when large samples
are involved. In light of this, some authors recommend
using more conservative significance thresholds, such as «
= 0.001.7>™ Applying such criteria would suggest a more
cautious interpretation of this result. Despite the significant
test statistic, the extent of the violation may not be practi-
cally meaningful.

We attempted various transformation techniques,
including logarithmic, square root, and inverse, to address
the lack of normality and homoskedasticity. However, none
of these transformations succeeded in normalizing the
data or achieving homoskedasticity. Therefore, to preserve
data integrity and interpretability, we proceeded with the
analysis without transforming the data.

According to Warne,® when the assumptions of multi-
variate normality and homoscedasticity (equality of covari-
ance matrices) are not met, it is recommended to proceed
with MANOVA using the Pillai’s Trace statistic. Pillai’s Trace
is considered the most robust MANOVA test statistic under
assumption violations, as it is less sensitive to deviations
from normality and unequal covariance matrices compared
to other statistics like Wilks’ Lambda, Hotelling’s Trace, and
Roy’s Largest Root. Therefore, despite the lack of normal-
ity and homoscedasticity in our data, we conducted the
MANOVA analysis using Pillai’s Trace as the primary test
statistic.

Additionally, PERMANOVA was conducted. Unlike
MANOVA, PERMANOVA does not assume multivariate
normality and is robust to deviations from covariance
homogeneity, particularly in balanced designs. It relies
on permutation testing and geometric partitioning of
a distance matrix, making it well-suited for analysing
multivariate differences under relaxed distributional
assumptions. Therefore, PERMANOVA was employed
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as a complementary method to validate the robustness
of the findings derived from the MANOVA, using a
distribution-free framework.”

4.3 Measurement reliability

To assess the internal consistency of each multi-item scale,
Cronbach’s alpha values were computed. All five scales
demonstrated reliability above 0.70. In particular, perceived
autonomy (PA), perceived transparency (PTrn), ease of use
(EOU), and perceived usefulness (PU) all achieved alpha
values above 0.90. Perceived trust (PTru) showed an alpha of
0.83.Table 1summarizes the item groupings and Cronbach’s
alpha values for each scale.

4.4 Results of MANOVA and PERMANOVA

A MANOVA was conducted to examine the effects of tool-
calling (TC) strategy (statistically treated as a group variable
in the analysis), gender, birth year, and their interactions
on the combined dependent variables: PA_avg, PTru_avg,
PTrn_avg, EOU_avg, and PU_avg. As shown in Table 2, signif-
icant multivariate effects were observed for Group (Pillai’s
Trace = 0.024, F(5, 452) = 2.26, p = 0.047), Gender (Pillai’s
Trace = 0.035, F(5, 452) = 3.23, p = 0.007), and Birth year
(Pillai’s Trace = 0.030, F(5, 452) = 2.84, p = 0.016). Neither
the Group X Gender interaction (Pillai’s Trace = 0.017, p =
0.158) nor the Group X Birth year interaction (Pillai’s Trace
= 0.017, p = 0.159) reached statistical significance.

To complement the MANOVA and account for potential
violations of multivariate normality and covariance homo-
geneity, a PERMANOVA was conducted using Euclidean dis-
tance and 9,999 permutations. The model included group,
gender, birth year, and their interactions.

The overall model was statistically significant, F(5, 456)
= 3.33, p = 0.001, indicating that the multivariate distri-
bution of the dependent variables differed significantly
across the predictor combinations. The model accounted for
approximately 3.52 % of the total variance in the data (R?
= 0.035), with the remaining 96.48 % attributed to residual
(unexplained) variance (see Table 3).

The results of both MANOVA and PERMANOVA con-
sistently indicate that TC strategy, gender, and birth year
are associated with significant differences in the combined
outcome variables of PA_avg, PTru_avg, PTrn_avg, PEU_avg,
and PU_avg. The significant interaction between group and
birth year suggests that the effect of TC strategy may vary
depending on participants’ age. While MANOVA assump-
tions were partially violated, the converging evidence from
the distribution-free PERMANOVA supports the robustness
of these findings.
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Table 1: Scale reliability and Cronbach’s alpha values.
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Scale Items Cronbach’s alpha
PA PA1: Ifelt like I could decide how to complete the tasks. 0.927
PA2:Ifelt like I could pretty much be myself when completing the tasks.
PA3: When doing the tasks, I had an opportunity to decide for myself how to go about my work.
PA4: I felt like I had flexibility to decide how to complete the tasks.
PAS5: 1 could control how the tasks were done.
PAG6: I felt like I could manage my own work while completing the tasks.
PTru PTrul: I expect this chatbot will not take advantage of me. 0.805
PTru2: I believe this chatbot is trustworthy.
PTru3: I believe this chatbot will not act in a way that harms me.
PTru4: I trust this chatbot.
PTrn PTrn1: The chatbot makes its reasoning process clear to me. 0.939
PTrn2: It is apparent to me how the algorithm of the chatbot handles the data of incoming inquiries.
PTrn3: It is apparent to me how the algorithm of the chatbot generates the answers.
PTrn4: I do not understand how the chatbot performs its job.
PTrn5: I easily understand the chatbot’s reasoning process.
PTrn6: It is easy for me to understand the inner workings of the chatbot.
EOU EOU1: Learning to operate the chatbot would be easy for me. 0.923
EOU2: I would find it easy to get the chatbot to do what I want it to do.
EOU3: My interaction with the chatbot would be clear and understandable.
EOU4: I would find the chatbot to be flexible to interact with.
EOUS: It would be easy for me to become skillful at using the chatbot.
EOUG6: I would find the chatbot easy to use.
PU PU1: Using the chatbot in my job would enable me to accomplish tasks more quickly. 0.979
PU2: Using the chatbot would improve my job performance.
PU3: Using the chatbot in my job would increase my productivity.
PU4: Using the chatbot would enhance my effectiveness on the job.
PU5: Using the chatbot would make it easier to do my job.
PU6: I would find the chatbot useful in my job.
Table 2: MANOVA multivariate tests (Pillai’s Trace). Table 3: PERMANOVA results.
Effect Pillai’s Trace F Df p Sig. Source Df Sum of sqs R? F P Sig.
Intercept 0.231 2716 5452  <0.001 % Model 5 2.940 0.0352 3.33 0.001 o
Group 0.024 226 5,452 0.047 *  Residual 456 80.504 0.9648
Gender 0.035 323 5452 0.007 **  Total 461 83.444 1.0000
Group X gender 0.017 1.60 5,452 0.158  n.s. — - -
Birth year 0.030 284 5452 0.016 B Sllgnllﬂcance codes - *p < 0.05, **p < 0.01, ***p < 0.001, n.s., not
Group X birth year 0077 160 5452 0159 ns Significant

Significance codes - *p < 0.05, **p < 0.01, ***p < 0.001, n.s., not
significant.

4.5 Univariate effects: follow-up ANOVAs

Before conducting univariate ANOVAs on each of the
five dependent variables (PA_avg, PTru_avg, PTrn_avg,
EOU_avg, and PU_avg), assumptions of normality and
homogeneity of variances were tested in accordance with
the recommendations by Stahle and Wold (1989).7 Residual
normality was assessed using the Shapiro—Wilk test,”’ and
Levene’s test’® was used to examine the homogeneity of
variances across groups.

The Shapiro—Wilk test indicated statistically significant
deviations from normality in the residuals for all five depen-
dent variables (p < 0.001). However, Levene’s test showed no
significant violations of homoscedasticity for any variable
(p > 0.05), suggesting that the assumption of equal variances
was met.

Even if normality was violated, ANOVA is considered
robust to such violations — particularly in studies with
large sample sizes and approximately equal group sizes.
This is supported by extensive empirical research,’7°-8
which demonstrates that the Type I error rate and statisti-
cal power of ANOVA remain largely unaffected under such
conditions.
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Table 4: Summary of ANOVA results for each dependent variable.
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Effect PA_avg (p_adj) PTru_avg (p_adj) PTrn_avg (p_adj) EOU_avg (p_adj) PU_avg (p_adj)
Group n.s. (1.000) n.s. (1.000) n.s. (0.213) n.s. (1.000) n.s. (1.000)
Gender n.s. (1.000) n.s. (1.000) n.s. (1.000) n.s. (1.000) 0.012*
Age n.s. (0.236) n.s. (0.440) 0.005** n.s. (0.440) <0.001***
Group X age n.s. (0.409) n.s. (1.000) n.s. (1.000) n.s. (0.337) n.s. (1.000)
Group X gender n.s. (1.000) n.s. (1.000) n.s. (1.000) n.s. (0.262) n.s. (1.000)

Significance codes - *p < 0.05, **p < 0.01, ***p < 0.001, n.s., not significant.

Therefore, one-way and interaction ANOVAs were con-
ducted to explore the individual effects of group, gender,
birth year, and their interactions on each outcome vari-
able. To control for inflation of the Type I error rate across
the multiple ANOVAs, p-values were adjusted using the
Holm method. The table below summarizes the F-values and
adjusted p-values for each effect across the five dependent
variables (Table 4):

The ANOVA results reveal that the TC strategy did
not have a significant effect on any individual depen-
dent variable when considered separately. However, the
MANOVA indicated that TC strategy significantly influenced
the combined set of outcomes, suggesting a distributed
impact across the overall construct profile rather than a
strong effect on a single measure. In contrast, birth year
showed strong main effects on both transparency (PTrn)
and usefulness (PU), while gender significantly affected

FC |
Setting *

usefulness (PU). These findings suggest that demographic
variables — particularly age and gender — exert robust
effects on specific constructs, whereas the TC strategy influ-
ences the broader multivariate perception profile.

4.6 Final model

In this section, we present our integrated conceptual frame-
work in Figure 3. It synthesizes the hypothesized direct
effects of tool-calling (TC) technique on five key user per-
ceptions — trust, autonomy, transparency, ease of use, and
usefulness — as well as the moderating roles of age and gen-
der on these relationships. Path coefficients are annotated
with significance levels: *p < 0.05, **p < 0.01, and ***p <
0.001.

Figure 5 shows that, in line with our hypotheses, TC
technique exerts a modest but significant multivariate effect

PEU

PU

PTru

PA

PTrn

Figure 5: Function-calling effects on user perceptions, moderated by age and gender (*p < 0.05; **p < 0.01; ***p < 0.001).
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on the combined user perceptions (H1). Gender did not
significantly moderate the relationship between TC strat-
egy and user perceptions (H2 not supported), nor did age
(H3 not supported). Instead, both gender and age exhibited
significant direct effects on user perceptions, with gender
influencing perceived usefulness (PU) and age influencing
both transparency (PTrn) and usefulness (PU).

In the univariate follow-up tests, none of the direct
effects on individual perceptions — PTru (H1a), PA (H1b),
PTrn (Hlc), PEU (H1d), or PU (Hle) — reached significance.
Likewise, no TC X gender interactions were significant for
any outcome (H2a-H2e not supported). Age also did not
significantly moderate the impact of technique on any of the
outcomes (H3a—H3e not supported).

The following section discusses these results consider-
ing existing research and theoretical, as well as practical
implications.

5 Discussion

This study investigated how different tool-calling (TC) strate-
gies in CAs — automatic execution versus user-confirmed
execution — affect user perceptions of trust, autonomy,
transparency, ease of use, and usefulness. Drawing on
a between-subjects experimental design with 462 partici-
pants, we evaluated the impact of these strategies across
demographic factors such as gender and age.

While the overall multivariate analyses revealed sta-
tistically significant differences between TC strategies, the
univariate results suggest that these effects are distributed
across the outcome profile rather than concentrated in any
single construct. By contrast, age and gender exerted direct
effects on user perceptions, with age influencing trans-
parency and usefulness, and gender influencing usefulness.
These findings indicate that demographic factors play a
more prominent role in shaping individual perceptions,
whereas TC strategy primarily impacts the broader mul-
tivariate experience profile. In the following sections, we
discuss the theoretical and practical implications of these
results.

5.1 Theoretical implications

Building on the significant multivariate result for our full
models (MANOVA/PERMANOVA), we now turn to its the-
oretical implications. The fact that tool-calling (TC) strat-
egy, age, and gender jointly shape users’ perceptions sug-
gests that existing theories of technology acceptance and
human-agent interaction must extend beyond a simple
focus on automation versus control. In particular, our
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findings connect directly to the Technology Acceptance
Model (TAM), as both perceived usefulness (PU) and per-
ceived ease of use (PEU) were significantly influenced by
demographic factors. Rather than assuming uniform effects
of execution strategy, our results indicate that user charac-
teristics — especially age and gender — play a decisive role
in shaping how CA interactions are evaluated. This under-
scores the importance of integrating demographic context
into TAM-based accounts of adoption and sustained use of
CAs.

Our finding that the age of the participants significantly
predicts PA suggests that age influences how users experi-
ence control in CA interactions. Although prior CA research
has rarely explored age-related differences in autonomy,
Sheldon, Houser-Marko, and Kasser (2006) report that indi-
viduals tend to experience increased autonomy and well-
being as they progress from early adulthood into middle
age, potentially making older users particularly sensitive
to autonomy-supportive mechanisms.®® Our results indicate
that demographic characteristics, particularly age and gen-
der, had a significant effect on participants’ perceptions of
autonomy (PA). Rather than being primarily driven by the
tool-calling strategy itself, differences in PA appear more
strongly linked to these demographic factors, underscoring
the importance of considering user characteristics when
evaluating conversational agent interactions.

Regarding the age and gender effects on PU, extensive
empirical research in HCI and TAM contexts has examined
how user demographics moderate PU. Gender differences
have been consistently observed. For example, in workplace
studies of new software adoption, men’s usage decisions
rely more strongly on PU, whereas women rely more on
PEU and social influence.**3* Venkatesh and Morris (2000)
followed 342 employees over 5 months and found men’s
intentions were predominantly driven by PU, while women
were influenced more by PEU and by others’ opinions (sub-
jective norm).*

Age differences in PU show a somewhat different pat-
tern. Classic TAM-based studies indicate older adults do
not necessarily doubt a technology’s PU but often struggle
more with usability. For instance, a study of office IT use
found older staff perceived email and word processors as
significantly less easy to use than younger users did, yet
they rated the PU of these tools similarly to younger users.3
Interestingly, our study revealed a contrasting result: age
had a significant impact on PU, suggesting that older and
younger adults differ in how useful they perceive CAs with
external services. Further research is therefore required



200 = D.Hennekeuser et al.: Balancing automation and control

to better understand these age-related differences, particu-
larly in contexts where CAs interact with external functions
and APIs.

For the last significant effect, research on PTrn across
age groups is still limited. However, emerging evidence sug-
gests age might play a role. For example, Gedrimiene et al.
(2023) found that older users rated an Al system as signifi-
cantly less transparent than younger users, despite report-
ing similar levels of trust. This aligns with the idea that
younger, more digitally native users may require less expla-
nation to feel a system is transparent, while older users ben-
efit from more explicit clarity. Our findings reinforce this
pattern, highlighting the need for age-aware transparency
strategies in CA design, especially when external services
are involved.®

The multivariate analyses confirmed our first hypoth-
esis (H1): the tool-calling strategy alone had a statistically
significant effect on the combined set of dependent vari-
ables. In addition, both age and gender showed signifi-
cant main effects at the multivariate level, highlighting that
demographic characteristics also play an important role in
shaping user perceptions. These results suggest that while
the choice of execution strategy matters, user demograph-
ics independently influence how the interaction is experi-
enced. The moderation hypotheses (H2 and H3) therefore
received partial support in that gender and age were sig-
nificant predictors in the MANOVA, although their specific
univariate moderation effects were less consistent.

To conclude the theoretical discussion, it is important to
reflect on the hypothesized effects that were not supported
in our study. Although the overall multivariate model was
statistically significant — indicating that TC strategy, age, and
gender jointly shape user perceptions — the majority of indi-
vidual hypotheses (Hla—Hle, H2a-H2e, and H3a-H3e) did
not reach significance on the univariate level. Specifically,
we did not find significant differences in PTru, PTrn, PEU,
or PU based solely on the TC strategy (Hla, Hlc, H1d, Hle),
nor did gender or age significantly moderate any of these
relationships (H2a—H2e and H3a-H3e).

Nonetheless, the significant multivariate effect of tool-
calling strategy underscores the need for further research
to clarify its specific impact on individual user perceptions.
Future studies should investigate under which conditions
and in which contexts execution strategies influence trust,
autonomy, transparency, ease of use, and usefulness more
directly, as the absence of clear univariate effects in our
study leaves important questions open.

The null results at the univariate level are nonethe-
less valuable, as they suggest that users’ experiences with
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tool-calling CAs may be shaped more strongly by demo-
graphic characteristics — such as age and gender — than
by the execution strategy itself. At the same time, the sig-
nificant multivariate effect of the tool-calling strategy indi-
cates that it does play a role in shaping overall user percep-
tions, even if its influence on individual outcomes was not
directly observable. This raises important questions: under
what circumstances does strategy affect specific perceptions
such as trust, transparency, or usefulness? Do these effects
become more salient in particular domains, such as health-
care or finance, or with repeated use over time? Future
research should continue to investigate these dynamics,
ideally through longitudinal and domain-specific studies, to
better understand how demographic factors and execution
strategies jointly shape perceptions of autonomy, ease of
use, and other key outcomes.

5.2 Practical implications

The findings of this study carry several important practical
implications for the design and deployment of CAs, partic-
ularly those that involve external TC capabilities. Although
TC strategy did not significantly affect individual outcomes
such as trust, autonomy, transparency, ease of use, or useful-
ness when considered separately, the overall multivariate
analyses (MANOVA and PERMANOVA) demonstrated that
execution mode exerted a modest but significant influence
on the combined set of user perceptions. This suggests that
while no single construct was strongly shaped by strategy
alone, the aggregate profile of user experience was affected.
From a practical standpoint, this indicates that TC design
choices should not be dismissed as irrelevant: execution
strategy shapes how users evaluate CAs holistically, even if
its influence on individual perceptions is diffuse.

To illustrate the practical relevance of this aggregate
effect, consider domain-specific applications. For example,
in the healthcare domain, digital consent mechanisms
face strong demands for transparency, human oversight,
and user control.®%®” Users tend to accept conversational
agents for routine health inquiries but expect fallback
to human agents when stakes are higher.3 Confirmation-
based execution could enhance patient safety by ensuring
that sensitive health data is only transmitted with explicit
consent. In finance, users interacting with conversational
agents highly prioritize assurances around privacy, security,
and risk before consenting to automation.®” Even among
users exposed to similar financial assistants, those with
lower initial trust amplify concerns of danger and uncer-
tainty.’® Moreover, perceived risk moderates the translation
of usability and trust into behavioral intent in banking CA
adoption.”’ Automatic execution may streamline routine
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account inquiries but requires heightened transparency for
high-stakes transactions.

Drawing on insights from the TAM, and current HCI
research, we propose actionable guidelines tailored to dif-
ferent user demographics, especially in terms of age and
gender.

First, the results highlight that ease of use percep-
tions are strongly shaped by age, independent of execution
strategy. Younger participants consistently rated PEU higher
than older participants, suggesting that they found the CA
more intuitive and less effortful to use across conditions.
This aligns with TAM research showing that age influences
ease of use perceptions, with older adults often report-
ing greater difficulty in adapting to new technologies.?”~%*
Importantly, our data indicate that confirmation prompts
did not differentially disadvantage older users; rather, the
overall age-related gap in PEU persisted across both tool-
calling strategies. For CA designers, this underscores the
importance of addressing age-related usability differences
through accessible interface design and supportive guid-
ance, rather than relying solely on automation to reduce
interaction complexity.

Second, our results imply that gender did not signif-
icantly moderate the effects of TC strategy on user per-
ceptions, but it did have a significant impact on PU. This
suggests that gender plays an important role in shaping
how users evaluate the utility of CAs, even if it does not
alter the effectiveness of specific TC strategies. For example,
Venkatesh and Morris (2000) found that men and women
rely on different predictors of technology use: men priori-
tize PU, whereas women are more influenced by PEU and
social norms.* Although gender effects were not significant
in our sample, these distinctions should not be ignored in
broader applications. Inclusive design practices — such as
allowing users to customize the CA’s voice and persona or
avoiding gendered stereotypes in agent behaviour - are
essential for equitable user experiences.

Third, although our model did not find a significant
main or interaction effect of the FC setting on PTrn, it
remains a theoretically and practically relevant design con-
sideration. Importantly, our results did show a significant
main effect of age on PTrn, with younger participants rating
transparency higher than older participants. This suggests
that age shapes how users perceive the clarity of CA oper-
ations, independent of execution strategy. Design practices
such as clearly labelling external data sources, providing
user confirmations before executing functions, and offering
brief explanations of system actions are still aligned with
human-Al interaction guidelines.”> Such measures may be
particularly valuable for older users, for whom explicit
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transparency cues can help bridge perceived gaps in system

comprehensibility. These strategies may also prove useful

in specific use cases or user groups where transparency
becomes more salient.

Finally, practical deployment of TC CAs should incorpo-
rate adaptive interaction strategies informed by the signifi-
cant multivariate effect observed in our study. Although no
single dependent variable (trust, autonomy, transparency,
ease of use, usefulness) was individually shaped by the TC
setting, the significant multivariate result demonstrates that
execution mode influences the overall profile of user per-
ceptions. This implies that TC design choices meaningfully
affect how users experience a CA holistically, even if the
precise dimension of influence varies across contexts or
user groups.

From a design perspective, this means that execution
strategies should not be treated as interchangeable defaults.
Instead, CA developers could:

— Differentiate execution mode by task type: apply auto-
matic execution for low-risk, routine actions (e.g.,
retrieving account balances) while requiring confir-
mation for high-stakes tasks (e.g., financial transfers,
health data sharing).

— Enable user-selectable modes: offer onboarding options
where users choose a preferred interaction style — auto-
matic, confirm-first, or adaptive — acknowledging that
preferences may differ by demographic group.

— Adapt dynamically: use lightweight user modeling (e.g.,
inferring age or interaction preferences from behavior)
to adjust confirmation frequency or explanation detail
in real time.

These strategies operationalize the observed multivariate
effect: even modest, diffuse influences of TC setting can
shape the aggregate user experience. By embedding adap-
tive or configurable TC modes, CAs can balance efficiency
with control, ensuring that automation design choices
actively account for their demonstrated impact on user per-
ceptions. This approach aligns with inclusive design prin-
ciples,®® supporting sustained adoption across diverse user
groups.

In sum, this study underscores the importance of
demographic-sensitive design in CA interactions. Devel-
opers and UX practitioners should adopt evidence-based
strategies that account for users’ cognitive and emotional
needs, balancing automation with control, and ensuring
PTrn in external service integration. Doing so will not only
enhance PEU, but also promote PTru, accessibility, and long-
term engagement with CAs. Furthermore, this study empha-
sizes that human-in-the-loop approaches might be valuable
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during the application of Al models — providing real-time
oversight, corrective feedback, and adaptive intervention to
ensure Al behaviors remain aligned with users’ needs and
contexts, not just during model training®’ but throughout
deployment and use.

6 Conclusions

This study investigated how two distinct TC strategies in
German-language CAs — automatic execution based on con-
versational context (CA 1) versus user-confirmed execution
(CA 2) — shape users’ perceptions of trust, autonomy, trans-
parency, ease of use, and usefulness. Employing a between-
subjects experimental design with 462 participants and
complementary MANOVA and PERMANOVA analyses, we
found that the overall TC approach exerts a modest but
statistically significant multivariate effect on combined user
perceptions. However, univariate follow-up tests revealed
that this effect did not translate into significant differ-
ences on individual constructs of PTru, PTrn, PEU, or PU.
Instead, demographic factors — particularly age and gender
— emerged as stronger predictors, with age significantly
influencing PU and PTrn, and gender showing a significant
effect on PU.

Our findings extend technology acceptance and
human-agent interaction theories by demonstrating
that the benefits and drawbacks of automated versus
user-confirmed tool-calls are better understood when
considered alongside demographic context. The absence
of univariate strategy effects on PTru, PTrn, PEU, and PU
suggests that execution mode alone may not be the decisive
factor shaping the given variables. Instead, age and gender
exerted stronger direct influences: younger participants
rated PU and PTrn higher than older participants, and men
rated PU higher than women.

For practitioners, this underscores the importance
of designing adaptive conversational agents that address
demographic differences directly — for example, by sim-
plifying explanations and usability features for older users
while emphasizing utility and task performance for younger
ones. While TC strategy should not be ignored given its
significant multivariate effect, tailoring interfaces to demo-
graphic user profiles appears to be the more effective route
for improving trust, usability, and long-term adoption.

7 Limitations and future research

This study has several limitations that should be
considered. First, our use of a single German-language
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business-travel scenario may limit the generalizability
of findings to other domains, tasks, languages, or
cultural contexts. Future research should replicate
this comparison across diverse use cases (e.g., healthcare,
finance), languages, and interaction modalities (e.g.,
voice vs. text). Second, we recruited via a single online
panel (Bilendi), which may introduce self-selection
bias and yield a relatively homogeneous sample. We
also did not measure participants’ technical literacy,
prior experience with chatbots or Al or task-specific
expertise — all of which likely moderate PEU, PTru,
and related perceptions. Subsequent studies should
purposively sample across different experience levels
and include objective assessments of Al familiarity. Third,
the cross-sectional design captures only immediate,
post-interaction perceptions and cannot speak to how these
perceptions evolve over time or with repeated use. Fourth,
although monetary incentives (2 € per participant) were
necessary to ensure timely recruitment, they may have
affected participants’ motivation, effort, or satisfaction
in ways that could bias self-reported measures. Lastly, it
should be acknowledged as a limitation that several of our
Cronbach’s alpha coefficients exceeded 0.90 — values at this
level may indicate item redundancy and should be taken
into account when interpreting the scales’ reliability.”®
Future studies should employ longitudinal designs, explore
a broader range of application scenarios, incorporate
additional user characteristics, and consider non-monetary
or varied incentive structures to better understand how TC
approaches influence sustained engagement and real-world
adoption.
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Appendix

See Figure 6.

Aik der Dienstreisebot

Verbleibende Zeit: 0:29:59.978175

Willkommen zum Dienstreisebot Aik!
Stellen Sie sich bitte folgendes Szenario vor:

Sie schliipfen in die Rolle von Anna Schneider. Anna wohnt in Hamburg und plant eine Dienstreise nach
Miinchen fiir den 30.09.2025, um an einer strategischen Geschftskonferenz teilzunehmen. Uber den
Chatbot soll sie den Dienstreiseantrag erstellen. Es geht in diesem Szenario ausschlieBlich um Anna's
Hinreise.

lhr Ziel:

Finden Sie heraus, welche Daten der Chatbot fiir die Erstellung eines Dienstreiseantrags benétigt und
geben Sie alle relevanten Reisedaten an, darunter:

* Reiseziel
¢ Reisedatum

* Weitere notwendige Informationen fiir den Antrag
® Nutzen Sie das Eingabefeld unten am Bildschirm, um mit dem Dienstreisebot zu interagieren.

Wichtiger Hinweis:
Nachdem Ihr Dienstreiseantrag erfolgreich erstellt wurde und Sie eine Bestétigung vom Chatbot erhalten
haben, kehren Sie bitte zur Umfrage zuriick, um die néchsten Schritte abzuschlieRen.

Hallo, wie kann ich dir helfen?

Figure 6: Screenshot of the German Chat-UL
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