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Abstract

This study investigates how different Al-powered
search interface designs—traditional keyword search,
Al-generated summaries, and conversational agents—
influence users’ mental representations of Al and their
subsequent evaluations and behaviors. Across an
experimental design involving 345 participants, we
found that interface modality significantly shaped how
users conceptualized the Al system's role. Cluster
analysis revealed three distinct user types with
divergent expectations and evaluative priorities (e.g., as
a tool, assistant, or advisor). These perceived roles, in
turn, moderated how traditional usability constructs—
perceived usefulness, ease of use, and control—
predicted decision confidence and purchase intention.
These factors are weighted differently within each
cluster. Our findings show that interface design actively
constructs interaction realities that guide technology
acceptance and consumer behavior. We discuss
implications for adaptive interface design and the
ontological framing of Al in user experience.

Keywords: Interface design, mental model, technology
acceptance model, consumer experience, search
marketing

1. Introduction

The landscape of digital search has evolved rapidly in
recent years, moving beyond familiar keyword-based
search engines to include Al-generated summaries and
conversational agents. Platforms like Google's Search
Generative Experience (SGE) now deliver synthesized
answers drawn from multiple sources, while services
such as ChatGPT, Perplexity, and Microsoft Copilot
offer chat-based interfaces that enable multi-turn
dialogue during information retrieval. This
transformation represents more than a technical
advancement; it profoundly alters the nature of human-
computer interaction in information-seeking contexts.
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In this study, we investigate how different product
search modalities shape users’ perceived role of the
system they interact with, therefore impacting
subsequent consumers’ usability evaluations and
decision-making process. We focus on three
representative search formats: 1) keyword, 2) Al-
generated summaries, and 3) conversational search
(e.g., Al chatbots). By perceived role, we refer to
users’ functional and social framing of the Al system
(e.g., as a tool, an assistant, a friend, a collaborator, an
advisor, etc.), a construct grounded in prior research on
user perceptions of automation, anthropomorphism,
and social agency (Kim et al., 2023; Desai & Twidale,
2022). We also explore how different perceptions of
the system’s roles shape user evaluation and decision-
making. Drawing from the Technology Acceptance
Model (TAM; Davis, 1989) and Theory of Planned
Behavior (TPB; Ajzen, 1991), we identified three core
usability constructs of interest—perceived usefulness
(PU), ease of use (PEOU), and perceived control (PC).
Situated in product search and digital marketing, we
also identify decision confidence and purchase
intention as important behavioral indicators for
consumer decision-making (Liu & Wang, 2025).

Our contribution is twofold: First, we empirically
demonstrate that interface modality alters users’
perceived role of the Al system. Second, we show that
these perceived roles moderate how traditional TAM
variables influence downstream decision outcomes. By
integrating modality, perceived role, and technology
adoption constructs, our findings provide both
theoretical and practical insights into designing Al-
enabled consumer technologies that align with user

expectations and decision-making preferences.

2. Related work
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2.1. From Interface Design to User
Interpretations

Interface modality, how information is structured and
communicated (e.g., via text, images, or voice), has
long been understood as a critical influence on user
cognition and experience. In the MAIN model (Sundar,
2008), modality shapes users’ expectations and
interpretive processes. Early research explored its
effects on information processing in web and mobile
interfaces (Unnava et al., 1994; Kim et al., 2011; Wohn
et al., 2017). With the rise of Al, these modalities can
now extend to more diverse forms beyond static
channels. In the context of Al-assisted search, interface
cues such as interactivity, natural language, or system
agency signal to users not only how to operate a
system but also how to interpret its role. A static search
bar may reinforce the view of Al as a functional tool,
whereas a conversational agent that uses natural
language, chat windows, and other social cues may
evoke the representation of Al as a more humanlike
role (Sundar, 2020; Fischer et al., 2021).

These interface features activate different user
expectations and evaluative heuristics (Sundar, 2020;
Kim et al., 2023). Rather than assuming users engage
with all systems as passive tools, we argue that users
form perceived roles of Al systems based on surface
cues, interaction style, and communicative dynamics.
These perceived roles serve as cognitive shortcuts that
shape how users interpret system behaviors, assign
trust, and judge outcomes. While conceptually related
to mental models, which describe users’ subjective
understandings of how systems operate (Norman,
2014; DeVito, 2017). Our concept of perceived role
emphasizes a functional perspective, focusing on how
users interpret the system’s purpose and how its
identity aligns with their task objectives.

2.2. Mental Models and Perceived Roles of AI

Users’ interactions with Al systems are shaped not
only by visible interface cues but also by the mental
representations they construct (Gero et al., 2020;
Norman, 2014; Kim et al., 2023). These

representations, often called mental models, influence
how users interpret Al’s behaviors, assign roles, and
respond to its outputs. According to Gero et al. (2020),
mental models are distinct from conceptual models,
which are purposefully constructed and typically held
by experts. While conceptual models are detailed and
deliberate, mental models are formed quickly, are often
unstable, and prioritize utility over accuracy (Norman,
2014). They allow users to predict and make sense of
Al behaviors, even if those understandings can be
incomplete or imprecise.

Recent research shows that users judge Al agents
based on perceived problem difficulty and perceived
agent’s ability; and these two dimensions influence
how they classify Al, either as a tool or a partner
(Khadpe et al., 2020). Kim et al. (2023) provide further
empirical evidence by identifying distinct clusters in
how lay users perceive Al roles, including tool-like, or
human-like (i.e., assistant-like, and servant-like
framings), suggesting that role perceptions are both
socially patterned and psychologically meaningful.
Studies on voice user interfaces (VUIs) underscore the
fluidity of Al representations. In Desai and Twidale
(2022), users described systems like Alexa using a mix
of metaphors, as a computer, a friend, or even as a
child. These metaphors reflect flexible mental
representations that shift depending on interface
behavior, communication style, and user expectations.

In this study, we explore how users form mental
representations of product search systems, and how
these representations are shaped by specific interface
features. Different Al-infused search modalities, such
as traditional keyword search, Al-generated
summaries, and conversational agents, may elicit
distinct mental models. Thus, we propose the following
research question and prediction:

RQ1: What kinds of mental representations (i.e.,
perceived roles) do users form on product search
systems with different interfaces?

H1: Different search modalities (i.e., traditional
keyword, Al-generated summaries, and conversational
Al) will induce different user mental representations
(perceived roles) of the search interface.
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2.3 Technology Acceptance and Consumer
Decision-Making

While prior research on mental representations of Al
often emphasizes labeling and descriptive content, less
attention has been given to how these representations
shape user evaluation and behavior in applied contexts.
We propose that mental representations act as
cognitive filters, constructing distinct user realities that
influence how individuals experience, interpret, and
adopt Al interfaces. When Al is viewed as a functional
tool, interaction is typically framed through a task-
oriented lens, making the Technology Acceptance
Model (TAM; Davis, 1989), which focuses on
perceived usefulness (PU) and perceived ease of use
(PEOVU), a fitting framework. These constructs, rooted
in the Theory of Reasoned Action (Fishbein & Ajzen,
1975) and the Theory of Planned Behavior (Ajzen,
1991), prioritize performance outcomes and
interactional effort.

Conversely, when users encounter Al systems with
conversational interactivity or social presence, a
different mental model may be triggered—one that
frames the Al as a relational or anthropomorphic
entity. In such contexts, interactions shift from
instrumental exchanges to co-navigated engagements,
where perceived control (PC) becomes especially
relevant. Drawing on the Theory of Planned Behavior,
PC reflects users’ sense of agency and trust in the
system’s responsiveness. Rather than relying solely on
functional metrics, users often turn to social or
cognitive heuristics to judge Al systems (Sundar,
2008), especially when algorithmic processes are
opaque. Thus, PU, PEOU, and PC remain valuable
constructs, but their influence is shaped by the user's
mental representation of the ATI's role.

2.4 TAM in the Context of AI-Mediated
Product Search

TAM has been widely validated in e-commerce and
marketing contexts (e.g., Klopping & McKinney,
2004; Pavlou, 2003), showing that perceived
usefulness (PU) and ease of use (PEOU) not only
predict adoption but also influence key psychological
outcomes in consumer decision-making. When users
perceive a system as helpful and easy to use, they tend

to feel more confident in decisions based on its
outputs. This aligns with decision theory’s effort—
accuracy tradeoff: systems that reduce cognitive load
while maintaining reliability increase user confidence
(Payne et al., 1993). Empirical studies on
recommender systems and decision aids confirm this
link between system competence, usability, and
decision confidence (Pavlou, 2003; Xiao & Benbasat,
2007; Liu & Wang, 2025).

These perceptions also translate into stronger purchase
intentions. When Al systems enhance task performance
and minimize interaction effort, users are more likely
to act on their recommendations (Gefen et al., 2003;
Kelly, 2023). In e-commerce, PU and PEOU predict
not only system use but also behavioral outcomes such
as purchase willingness, decision quality, and platform
loyalty. Additionally, PC plays a key role: when users
feel in control, they experience less psychological
reactance and greater ownership over decisions,
boosting confidence and intention (Lee & See, 2004;
Sundar & Marathe, 2010). In contrast, opaque or
overly automated systems may diminish trust and
reduce engagement. Together, these constructs—PU,
PEOU, and PC—shape both users’ confidence in Al-
assisted decisions and their likelihood of acting on
them. We therefore hypothesize that all three are
significant predictors of decision confidence and
purchase intention, and further investigate how these
relationships are moderated by users’ mental
representations of the systems.

H2: a) Perceived usefulness, b) perceived ease of use,
and c) perceived control will each positively predict
decision confidence in product search.

H3: a) Perceived usefulness, b) perceived ease of use,
and c) perceived control will each positively predict
purchase intention in product search.

While TAM provides a strong foundation for
predicting user responses, it assumes uniform
perceptions of technology. In practice, users may form
diverse mental representations of systems, which
reflect different expectations and evaluative standards.
These representations influence how users engage with
systems and what they prioritize. Theories of mental
models (Norman, 2014), cognitive fit (Vessey, 1991),
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and social responses to technology (Nass & Moon,
2000) suggest that such frameworks shape users’
interpretations and behavior. When Al is seen as a tool,
TAM constructs like usefulness and ease of use align
well with instrumental goals. But when Al is viewed
more socially or collaboratively, users may rely on
heuristics like trust or empathy, reducing TAM’s
explanatory power. This leads us to explore how
different user realities shape their evaluation of the
system:

RQ2: How do users’ mental representations of Al
impact user evaluation processes? Specifically, how do
the effects of perceived usefulness, ease of use, and
control on decision confidence and purchase intention
vary across mental representation clusters?

3. Method

3.1 Procedure

We conducted an online experiment via Qualtrics,
recruiting participants from a global online MBA
program through the SONA system in exchange for
extra credit. Participants were randomly assigned to
one of three product search interface conditions:
Traditional Search, Al Summary, or Conversational
Al Upon entering the study, they were presented with
a shopping scenario in which they imagined purchasing
noise-cancelling headphones—a product chosen for its
balance of consumer familiarity and decision
complexity, as well as its suitability for Al-assisted
decision-making.

Each condition featured the same product options but
differed in interface modality: (1) a traditional search
results page, (2) an Al-generated summary of the
options, or (3) a simulated dialogue with a
conversational Al chatbot providing these options.
Participants reviewed the provided information and
selected the product they would most likely purchase.

After making their selection, participants completed
self-report measures assessing perceived control,
usefulness, ease of use, decision confidence, and
purchase intention. They also selected from a list of
predefined descriptors of mental representations (e.g.,
Tool, Assistant, Advisor, Collaborator) to indicate how

they perceived the Al system’s role. These role
selections were later used to identify mental
representation clusters via unsupervised clustering.

3.2 Sample

Qualtrics recorded participants’ study completion time,
and each stimulus page had a timer. We removed 15
participants who completed the study in under 5
minutes, assuming insufficient task engagement. There
were three participants with completion times over an
hour; we followed the same practice as in Liu et al.
(2024) to retain these cases, as their responses showed
no signs of poor quality and likely reflected a delay in
final submission. Excluding these abnormally fast
completers, the final sample (N = 345) of the
participants spent on average 14.15 minutes (SD =
7.24) completing the study. Participants ranged in age
from 22 to 72 years (M = 37.36, SD = 8.11). In terms
of gender, 60.87% identified as male, 36.81% as
female, and 0.29% as nonbinary. In addition, 2.03% of
participants either selected a non-listed category or
provided incomplete responses. Regarding race,
42.82% identified as White, 36.95% as Asian, 9.97%
as Black or African American, and 7.04% as other. A
small percentage of participants selected multiple
racial categories (e.g., White and Asian, Asian and
other), comprising approximately 2.05% of the sample.

3.3 Measured Variables

Mental Representations was measured by a multiple-
choice question: “Based on the scenario, what role do
you think this search system plays in online shopping
(select all that apply)?” They chose from eight role
descriptors adapted from Kim et al. (2023), including:
“atool,” “an assistant,” “a professional,” “a
collaborator,” an advisor,” “a
mentor/teacher,” and “other.” These responses were
used to derive mental representation clusters using K-
means clustering.

99 ¢

a companion,

Perceived Usefulness was assessed using a 4-item, 5-
point Likert scale adapted from Davis (1989). A
sample item is “Using this search system improves my
performance in product decisions.” The scale showed
excellent reliability (o =.92). Perceived Ease of Use
was measured with a 6-item, 5-point Likert scale
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adapted from Davis (1989). A sample item is
“Learning to operate this search system should be easy
for me.” Internal consistency was high (o = .84).
Perceived Control was measured with a single item:
“I felt in control of the search process,” rated on a 5-
point Likert scale.

Decision Confidence. Assessed with a 3-item, 5-point
Likert scale based on Lyons et al. (2011) and related
decision support literature (e.g., Pavlou & Gefen,
2004). A sample item is “I feel confident about
choosing a product with this search system.”
Reliability was excellent (o = .91).

Purchase Intention. Measured by asking participants
to rate how likely they were to purchase the selected
product using the system, across four recommended
product options. Ratings were averaged into a
composite score with acceptable reliability (o = .72).

4. Analyses and results

Before all analyses, we conducted one-way ANOVA
and confirmed that participants with varying levels of
product involvement were evenly distributed across the
experimental groups, so we did not include
involvement as a covariate in the subsequent analyses.

4.1 Manipulation Check

To test whether the three manipulated conditions with
different search interface cues, we asked participants to
evaluate perceived conversationality of the interface.
Participants rated their agreement with the statement
“The interaction felt conversational” on a 5-point
Likert-type scale. A one-way ANOVA was conducted
to examine the effect of search interface conditions on
perceived conversationality. The results revealed a
significant main effect of condition, F(2, 342) = 14.80,
p<.001, 2= .08, indicating that participants perceived
the conversationality of the interaction differently
depending on the interface modality types.

Post-hoc comparisons using Tukey’s HSD test
indicated that participants in the AI summary condition
(M = 3.83) rated the interface as significantly more
conversational than those in the traditional

keyword search condition (M = 3.34, p <.001), and so
did participants in the conversational Al condition (M
= 3.74) compared to the traditional search condition (p
=.001). However, there was no significant difference
between the Al summary and conversational Al
conditions (p =.693).

4.2 Hypothesis Testing and Research Questions
4.2.1 Mental Representations Clustering

To answer RQ1, we conducted a k-means clustering
analysis based on participants’ selected perceptions of
the roles of the system, using eight binary-coded role
options: tool, assistant, professional, collaborator,
companion, advisor, mentor/teacher, and other. We
considered the Elbow Method (to identify the “elbow”
where additional clusters yield diminishing returns),
the Silhouette Method (to find the number of clusters
with the highest average separation), and the Davies-
Bouldin Index (to minimize intra-cluster

similarity). These methods were selected to balance
interpretability and model fit. After evaluating the
outputs of all three methods, we determined that 3 or 4
clusters are optimal (see Figure 1).

Elbow Mathod . Silhouette Score Davies-Bouldin Index

I A ] I S R N T3 4 s & 1 s s
Numer of Clusters Number of Chusters Number of Chusters

Figure 1. Cluster determination.

We selected the 3-cluster solution to balance
interpretability and conceptual clarity without
overfitting small distinctions (see Figure 2).

ad all ..

tool assistant professional collaborator companion advisor  mentor other

Al Role

Figure 2. Perceived role selection across clusters (k = 3)

Page 4663




We identified three distinct clusters based on
participants’ perceptions of Al roles: Tool-heavy
traditionalists, pragmatic assistants, and Advisor-
involved collaborators.

Cluster 0: Tool-Heavy Traditionalists (n = 125)

This group views the system as a functional tool, with
79% selecting "tool" and only 26% choosing "advisor."
They show minimal endorsement of socially oriented
roles, reflecting a conservative, task-focused mindset
that treats the system as a utility rather than a partner.

Cluster 1: Pragmatic Assistants (n = 139)

This group sees the system as both a tool (78%) and an
assistant (100%), valuing it for task support and
efficiency. They reject the advisor role (0%) and show
limited endorsement of social or strategic roles,
reflecting a productivity-focused mental representation.

Cluster 2: Advisor-Involved Collaborators (n = 81)

This group holds the most humanized view of Al, with
all identifying it as an advisor and assistant (100%),
and 35% as a collaborator. They attribute relational and
cognitive capabilities to the system, reflecting
expectations of guidance, partnership, and shared
goals.

4.2.2 The Effects of Search Modality on User
Mental Representations

To test HI, A chi-squared test was conducted to
examine the relationship between interface modality
condition (traditional, summary, conversational) and
mental representation cluster (as tool, assistant,
advisor/collaborator). The result (}*(4)= 19.78, p
<.001) indicates a significant association—the type of
interface participants experienced may influence how
they mentally represent the search system. HI was
supported. As shown in Figure 3, the traditional search
condition has the most users seeing the system as a tool
(47.8%) and the least seeing the system as an advisor
(17.4%); in the Al summary condition, the three roles
are slightly more balanced (Tool: 40.8%, Assistant:
38.3%, Advisor: 21.7%); the conversational condition

has the highest proportion of users identifying the
system as an Advisor (31.3%) or Assistant (47.8%)

120
Cluster

izg
FE

100

Number of Participants
5 @ @
8 2 8

n
S

Traditional Summary Conversational
Interface Condition

Figure 3. User mental representation clusters by
condition

4.2.3 The Effects of User Mental Representations on
System Evaluations

To test H2, a multiple linear regression was conducted
to examine whether perceived usefulness, perceived
ease of use, and perceived control predicted decision
confidence in general. The overall model was
significant, F(3, 341) = 140.90, p < .001, and
accounted for a substantial proportion of variance in
decision confidence, R?=.553, adjusted R?=.549. All
three predictors made significant contributions to the
model. PU was a strong positive predictor of decision
confidence, B =0.63, SE=0.05, t=13.06, p <.001.
PEOU also significantly predicted decision confidence,
B=0.29,SE=0.07,t=4.25, p <.001. In addition, PC
was a significant predictor, B=0.12, SE = 0.04, t =
3.51, p=.001. These findings support H2a, H2b, and
H2c.

To test H3, a second multiple regression was
conducted with purchase intention as the outcome
variable. The model was significant, (3, 341) = 26.63,
p <.001, explaining a moderate proportion of the
variance, R’ = .190, adjusted R’ = .183. PU
significantly predicted purchase intention, B = 0.29, SE
=0.06, t=5.22, p <.001, and PC was also a significant
predictor, B=0.14, SE = 0.04, t = 3.40, p = .001.
However, PEOU did not significantly predict purchase
intention, B = 0.07, SE = 0.08, = 0.92, p = .358. Thus,
H3a and H3c were supported, but H3b was not.

Page 4664



4.2.4 Moderation by Mental Representation
Clusters

To address RQ2, we conducted exploratory GLMs
with mental representation clusters as a fixed factor
and PU, PEOU, and PC as covariates, including all
cluster X covariate interactions on outcomes. Effects
were evaluated using Type III sums of squares with
unstandardized parameter estimates reported.

Decision Confidence. The model was significant, R?
=.57,F(11,333)=40.19, p <.001. A significant
interaction emerged between PEOU and cluster:
participants in the 4ssistant cluster showed a weaker
relationship between ease of use and confidence than
those in the Advisor cluster, B =—-.50, #333) =-2.52, p
=.012. No other interaction effects were significant.

Purchase Intention. The model was significant, R?
=.23, F(11, 333) = 8.85, p < .001. A significant
interaction was observed between PU and cluster: the
effect was stronger for the Tool cluster compared to the
Advisor cluster as reference, B = .38, #333) =2.20,p
=.028. No other predictor interactions reached
significance (See Table 1).

B (Decision B (Purchase

Effect 4fs df: Confidence) r Intention)
Intercept 1,333 -1.44 .04 1.15 .14
Cluster[as Assistant] 1,333 1.91 .02 0.80 37
Cluster[as Tool] 1,333 0.59 45 -0.71 43
Usefulness 1,333 0.61 .00 0.03 .84
Ease of Use 1,333 0.58 .00 0.34 .07
Perceived Control 1,333 0.09 .20 0.10 20
Usefulness x Clusterfas 33 -0.03 85 0.3 47
Assistant]
Usefulness x Cluster[as 1,333 0.04 81 0.38 03
Tool]
Base of Use x Clusterfas 335 -0.50 o1 -0.35 13
Assistant]
Ease of Use x Cluster[as 1,333 025 20 026 23
Tool]
Perceived Control x
Cluster[as Assistant] 1,333 0.06 54 0.01 93
Perceived Control x 1,333 0.06 53 0.08 44

Cluster[as Tool]

Table 1. Multiple regression with interaction

Based on these patterns, we inspected further by
conducting multi-group regression analysis predicting
decision confidence and purchase intention from PU,
PEOU, and PC, across three clusters: perceived system
role as Tool, Assistant, and Advisor (see Table 2).

“Tool” Cluster. The regression model significantly
predicted decision confidence, R? = .64, F(3, 121) =

71.47, p <.001, indicating that the predictors explained
64% of the variance. PU (B= .64, t=9.15, p <.001)
was the strongest predictor, suggesting that users who
see the system as a tool feel more confident when they
find it useful. PEOU (B = .34, = 3.45, p <.001) also
contributed, highlighting that usability boosts
confidence in this cluster. PC was a smaller yet
significant contributor (f = .15, t=2.46, p = .015),
meaning that feeling in control of the tool further
increases confidence. The model predicting purchase
intention was also significant, R? = .37, F(3, 121) =
23.90, p <.001, with PU (B = .41, t=5.20, p <.001)
and PC (B =.19, t=2.69, p = .008) as significant
predictors. PEOU, however, was not significant,
suggesting that after usefulness and control are
accounted for, usability plays a lesser role in driving
purchase intentions when the system is viewed purely
as a tool.

“Assistant” Cluster. For decision confidence, the
model was significant, R? = .43, F(3,135)=34.49, p
<.001. PU (B=.58,t=6.65, p <.001) strongly
predicted confidence, indicating that users who see the
system as an assistant value its usefulness most. PC (§
=.15,t=2.58, p=.011) had a more modest yet
positive effect. Ease of use was not significant,
suggesting that, in this cluster, how easy the system
seems is less influential than its usefulness or the user’s
control over it. The purchase intention model was
weaker (R?>= .07, F(3, 135)=3.52, p=.017), with no
predictors reaching significance.

“Advisor” Cluster. For decision confidence, the
model was significant, R* = .48, F(3,77)=23.31,p
<.001. Both PU (B =.61,#=4.75, p <.001) and PEOU
(B=.58,¢t=3.71, p <.001) were strong predictors. In
this cluster, where the system is considered an advisor,
users need both usefulness and usability to feel
confident, while perceived control mattered less—
perhaps because advisory contexts imply relinquishing
some decision control to the system. The model
predicting purchase intention was non-significant (R?
=.07, F(3,77) = 1.96, p = .128); none of the predictors
reached significance. Seeing the system as an advisor
does not translate directly into purchase intent based
solely on these perceived attributes, and we suspect
other factors (e.g., trust, credibility, perceived risk)
may be more important in this cluster.
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Cluster Outcome Predictor Coefficient  Std. Error  t-value  p-value
Tool decision confidence Intercept -0.85 0.35 -2.43 0.02
usefulness 0.64 0.07 9.15 0.00
ease of use 0.34 0.10 345 0.00
control 0.15 0.06 2.46 0.02
purchase intention  Intercept 0.44 0.39 1.13 0.26
usefulness 041 0.08 520 0.00
case of use 0.07 0.11 0.67 0.50
control 0.19 0.07 2.69 0.01
Assistant decision confidence Intercept 0.47 0.40 1.16 0.25
usefulness 0.58 0.09 6.65 0.00
ease of use 0.08 0.12 0.65 0.52
control 0.15 0.06 2.58 0.01
purchase intention  Intercept 1.95 0.45 4.36 0.00
usefulness 0.16 0.10 1.68 0.10
ease of use -0.01 0.13 -0.11 0.92
control 0.11 0.06 1.74 0.08
Advisor decision confidence Intercept -1.44 0.66 -2.17 0.03
usefulness 0.61 0.13 4.75 0.00
case of use 0.58 0.16 an 0.00
control 0.09 0.07 1.34 0.18
purchase intention  Intercept 1.15 0.82 1.39 0.17
usefulness 0.03 0.16 0.20 0.84
ease of use 0.34 0.19 1.73 0.09
control 0.10 0.09 122 0.23

Table 2: Multiple regression by clusters
5. Discussion

This study provides compelling evidence that search
interface modalities significantly shape users’ mental
representations in terms of perceived system roles,
which subsequently influence their decision-making
processes. Our experimental design demonstrated a
chain from interface exposure to mental representation
formation to behavioral outcomes, revealing three key
insights about the relationship between interface design
and user cognition in Al contexts.

5.1 Interface Modality Shapes Perceptions

Our findings support the hypothesis that interface
modality, particularly conversational versus traditional
search formats, shapes how users perceive the role of
the search systems. Participants exposed to Al
summaries and conversational agents rated these
interfaces as significantly more conversational than
traditional search, confirming the effectiveness of our
manipulation. More importantly, a significant
association emerged between interface condition and
perceived role clusters, validating our hypothesis.

Participants who engaged with conversational
interfaces were more likely to conceptualize the Al
system in social or advisory terms (e.g., as an assistant
or collaborator), while those using traditional search
viewed it more as a tool. This pattern demonstrates that
even brief exposure to an interface can shift users’

broader conceptualizations of technology—not just the
specific interface design they experienced, but the
search system and even Al as a general category. This
aligns with the Gestalt technology effect (Graham,
2008), wherein localized interactions influence global
mental schemas across contexts. These results extend
prior work on social agency cues (Sundar, 2020; Nass
& Moon, 2000), suggesting that interface design can
activate role-based heuristics that guide users’
interpretations.

Different from traditional views of mental models as
stable traits, our findings suggest that mental
representations are dynamic and updated through
experience. Users are not merely applying preexisting
frameworks; they actively revise their representations
in response to new interactions. However, as shown in
the Chi-squared test, these effects were bounded—
some users continued to view conversational Al as a
tool, reflecting the influence of prior beliefs, context,
and individual differences. Surface-level modality cues
alone cannot override deeper cognitive frames. This
highlights the need to consider not just what interfaces
present, but how they are filtered and interpreted
through the lens of users’ existing expectations.

5.2 Users Construct Distinct Realities of
Interaction

Mental representations significantly influenced how
participants evaluated and responded to Al-infused
systems. Clustering analysis revealed three distinct
user segments: Tool-Heavy Traditionalists (36%)
viewed the system in functional, utilitarian terms;
Pragmatic Assistants (40%) saw it as a productivity
partner, but not a decision-maker; and Advisor-
Involved Collaborators (23%) adopted the most
anthropomorphic view, treating it as a cognitive
partner capable of guidance and co-decision-making.

These mental representations were shaped by more
than interface design alone—they emerged from the
interplay of prior experience, system cues, and
individual expectations. Each group applied different
evaluative criteria. Tool-oriented users emphasized
perceived usefulness and control, reflecting a task-
focused mindset. Advisor-oriented users prioritized
ease of use, suggesting a relational orientation toward
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the system. Assistant-framed users showed weaker
reliance on traditional usability metrics, implying that
trust or social resonance may factor more heavily into
their evaluations.

These findings underscore that users do not engage
with Al systems uniformly, even under identical
interface conditions. Rather, they construct divergent
“interaction realities” that shape how they interpret
system behavior, form confidence, and decide whether
to act on Al recommendations. The clusters reflect
distinct cognitive lenses through which users
experience and judge Al systems, highlighting the need
for adaptive system design that acknowledges these
perceptual differences.

5.3 Mental Representations Systematically
Influence Decision Outcomes

Our findings show that mental representations
meaningfully shape downstream behavior. Decision
confidence was predicted by perceived usefulness, ease
of use, and control—suggesting that users rely on
system performance and usability cues when forming
judgments. In contrast, purchase intention was more
selectively influenced, driven by perceived usefulness
and control but not ease of use. This divergence points
to different psychological mechanisms: confidence is
tied to immediate system usability, while purchase
intention appears to hinge more on trust and user
agency. In this context, perceived control may function
as a heuristic for trust, bridging usability perceptions
and behavioral commitment.

Crucially, significant interactions between cluster
membership and predictor variables indicate that users
weigh system features differently depending on their
mental representation of the Al. Multi-group analyses
revealed that usefulness mattered more for tool-
oriented users’ purchase decisions, while ease of use
had a greater impact on confidence among advisor-
oriented users. These “asymmetric moderation effects”
suggest that mental representations act as selective
cognitive filters, shaping which system cues users
prioritize. Rather than consistently intensifying or
diminishing perceptions, mental representations tailor
the evaluative lens through which Al system is
experienced.

5.4 Theoretical and Practical Implications:
Ontology and Representation Matter

Our findings highlight the theoretical importance of
ontology in human—Al interaction. As Al systems
increasingly blur the boundary between tool and
collaborator, it becomes critical to understand how
users define "what the Al is" in any given exchange
(Guzman, 2020; Guzman & Lewis, 2020). Whether
users view the system as a tool, advisor, or hybrid
shapes their expectations, engagement style, and
evaluation criteria (Kim et al., 2023; Norman, 2014).
In this context, ontology is not abstract—it directly
influences usability evaluation and decision-making.
Mental representations serve as cognitive filters that
bias how users interpret and respond to Al systems.
The progression from interface design to mental
representation formation to evaluation and behavior
offers a useful framework for understanding the long-
term impact of design decisions. As Al technologies
evolve, users’ ontological interpretations remain
central to how systems are experienced and adopted.

Practically, these findings suggest that interface design
is not just a matter of form or function—it actively
shapes users’ conceptualization of Al capabilities. The
emergence of three distinct user types calls for
adaptive interfaces that either align with or reshape
users’ mental representations. Modality alone cannot
guarantee uniform experiences; design must attend to
users’ communicative expectations and perceived
roles. For example, tool-oriented users benefit from
clear control features, while advisor-oriented users
expect intuitive dialogue and contextual guidance.
These insights challenge one-size-fits-all approaches
and argue for user-sensitive design that acknowledges
the role of representation in shaping technology use.

6. Limitations

Several limitations of this study can be addressed by
future research. First, our study employed static
interface design as stimuli to pilot test user evaluation.
Future research should provide real interactive
experiences to enhance the ecological value. Second,
our sample consists of student participants, even
though they are from a global program who represent a
wide range of cultural backgrounds, their overall
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literacy could be relatively high because of their
education level. Future research should seek more
diverse and inclusive samples. Third, compared to
merely testing user mental representations after
experiencing manipulated conditions, including a
measure of how users perceive the search system’s role
before exposure to the stimuli for a pre-test and post-
test comparison may add more rigor to demonstrate the
significant but bounded interface design effects.
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