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Abstract
Conversational Recommender Systems (CRSs) deliver personalised
recommendations through multi-turn natural language dialogue
and increasingly support both task-oriented and exploratory in-
teractions. Yet, the factors shaping user interaction preferences
remain underexplored. In this within-subjects study (𝑁 = 139),
participants experienced two scripted CRS dialogues, rated their
experiences, and indicated the importance of eight system qualities.
Logistic regression revealed that preference for the exploratory
interaction was predicted by enjoyment, usefulness, novelty, and
conversational quality. Unexpectedly, perceived effectiveness was
also associated with exploratory preference. Clustering uncovered
five latent user profiles with distinct dialogue style preferences.
Moderation analyses indicated that age, gender, and control pref-
erence significantly influenced these choices. These findings inte-
grate affective, cognitive, and trait-level predictors into CRS user
modelling and inform autonomy-sensitive, value-adaptive dialogue
design. The proposed predictive and adaptive framework applies
broadly to conversational AI systems seeking to align dynamically
with evolving user needs.

CCS Concepts
• Human-centered computing → User models; Dialog sys-
tems; User studies; Interaction design theory, concepts and
paradigms; • Information systems→ Recommender systems.

Keywords
Conversational Recommender System, Conversational AI, User
Preference Modelling

This work is licensed under a Creative Commons Attribution 4.0 International License.
OZCHI ’25, Sydney, Australia
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2016-1/25/11
https://doi.org/10.1145/3764687.3764722

ACM Reference Format:
Raj Mahmud, Shlomo Berkovsky, Mukesh Prasad, and A. Baki Kocaballi.
2025. Understanding User Preferences for Interaction Styles in Conversa-
tional Recommender System: The Predictive Role of System Qualities, User
Experience, and Traits. In 37th Australian Conference on Human-Computer
Interaction (HCI) (OZCHI ’25), November 29–December 03, 2025, Sydney, Aus-
tralia. ACM, New York, NY, USA, 13 pages. https://doi.org/10.1145/3764687.
3764722

1 Introduction
Conversational Recommender Systems (CRSs) support users in dis-
covering and selecting items through natural-language dialogue.
Conceptually, CRSs comprise three core modules [34]. First, a dia-
logue interface module integrates natural language understanding
(NLU) and natural language generation (NLG). The NLU component
processes user utterances to extract intents, entities, and contextual
cues, while NLG generates fluent, coherent responses aligned with
conversation history. Second, a dialogue management (DM) module
tracks the dialogue state and selects appropriate system actions,
such as offering suggestions, requesting clarification, or adjusting
interaction strategy. Third, a recommendation engine (RE) selects
candidate items based on user preferences and context. While tradi-
tional CRSs rely on collaborative filtering or content-based retrieval,
retrieval-augmented generation (RAG) systems enhance this step
by integrating external knowledge bases and large language models
(LLMs) [85].

Early CRSs often employed rule-based, task-oriented dialogue
policies with system-led initiative to efficiently guide users toward
relevant items (e.g., “Here are the best-rated laptops under $1000”)
[13, 63]. In contrast, exploratory interaction modes emphasise open-
ended discovery, probing questions, and invitations to browse (e.g.,
“Would you like to explore some new tech trends or emerging prod-
uct categories?”), drawing from research on interactive search and
critiquing systems [53, 69]. More recently, LLM-powered CRSs have
expanded this space by enabling dynamic elaboration, contextual
questioning, and on-the-fly generation of diverse recommendations
[17, 85]. These systems support both task-oriented and exploratory
strategies, offering greater flexibility in tone, initiative management,
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and conversational depth [49, 90]. Consequently, recent studies
have shifted focus from accuracy-centric optimisation to dialogue
strategy design, adaptive user modelling, and UX-oriented eval-
uation frameworks [20, 32, 35, 83]. While these efforts highlight
the importance of interaction quality in shaping user satisfaction,
trust, and continued use, it remains unclear how users experience
different interaction styles, particularly in relation to affective and
cognitive dimensions, and how these preferences vary across in-
dividual traits. Although the contrast between task-oriented and
exploratory dialogue strategies has inspired various system design
approaches [12, 52], user preferences for these modes remain poorly
understood. Clarifying when and why individuals favour each style
is essential for tailoring interaction strategies to user expectations.
While frameworks such as ResQue [65] and CRS-Que [35] effec-
tively capture retrospective evaluations of satisfaction and trust,
they do not anticipate a user’s preferred interaction style in advance.
Moreover, individual factors, including control preferences, prior
experience with CRSs, and demographic traits, shape users’ percep-
tions of the system and influence their interaction style preferences.
However, their impact on strategy preference has not been exam-
ined systematically [22, 79]. To address these gaps, we investigate
three research questions:

RQ1:Which user-perceived CRS qualities and UX dimensions
predict interaction preference?

RQ2: What user profiles emerge based on CRS qualities, and
how do they differ in interaction preference?

RQ3: Do user characteristics moderate interaction preferences
in CRS conversations?

We make four contributions to the theory and design of CRSs.
First, we introduce a controlled interaction-preference paradigm
contrasting task-oriented and exploratory dialogue strategies, en-
abling systematic analysis of affective and cognitive factors. Second,
we extend the CRS-Que framework [35] to predictive preference
modelling by linking perceived system qualities and UX appraisals
to interaction choices. Third, clustering analysis reveals five latent
user profiles that can inform value-based, trait-sensitive person-
alisation strategies. Fourth, we identify moderation effects of age,
gender, and control preferences, and challenge the assumption
that instrumental qualities such as perceived usefulness and ef-
fectiveness uniformly favour task-oriented interactions. Although
grounded in recommendation dialogues, the insights and adaptive
heuristics developed here generalise to conversational AI systems
that must dynamically align with users’ informational and affec-
tive needs. The remainder of this article is structured as follows.
Section 2 reviews related work. Section 3 outlines the study design.
Section 4 reports the results. Section 5 discusses implications and
limitations. Section 6 concludes.

2 Related Work
We organise the literature review into four strands: (1) interaction
styles, (2) CRS qualities, (3) UX dimensions, and (4) user profil-
ing. Each strand contributes to understanding how users perceive
and prefer different styles of conversational interaction. The first
subsection addresses high-level dialogue strategies.

2.1 Interaction Styles
While early work prioritised algorithmic improvements, recent
studies have begun examining how interaction strategies affect
user experience [34, 76]. Among these, the contrast between task-
oriented and exploratory styles has gained particular attention. In
this context, task-oriented interactions aim to fulfil user goals effi-
ciently, using brief exchanges that minimise user effort and reduce
cognitive load. These systems are particularly suited to users with
well-defined intents, and are often evaluated based on completion
rates, decision time, and transactional efficiency [89]. In contrast,
exploratory interactions promote discovery by offering elaborative
prompts, contextual suggestions, or reflective questions. They aim
not only to deliver recommendations but also to surface latent
needs, help users articulate vague or evolving goals, and refine pref-
erence structures through guided conversation. These strategies are
rooted in principles from exploratory search [53, 82], preference
elicitation [62, 64], and sensemaking theory [61, 70]. For example, a
CRS assisting with laptop shopping might, in a task-oriented mode,
list top-rated models after a single query specifying price or brand.
In contrast, the same system operating in an exploratory mode
might begin by asking whether the user intends to use the device
for gaming, remote work, or academic purposes, and follow up with
questions about screen preferences, past frustrations, or anticipated
mobility needs. Similarly, in a travel domain, a task-oriented CRS
might immediately show flight deals based on a destination query,
whereas an exploratory system could suggest alternative destina-
tions aligned with the user’s mood, budget, or prior trips, then
offer itinerary variations with local experiences. In education or up-
skilling contexts, an exploratory CRS might help users clarify goals
by probing into their current career situation, prior coursework,
or preferred learning style before suggesting a curated learning
path. Through such layered exchanges, exploratory interactions
scaffold user decision-making in ways that are reflective, adap-
tive, and context-sensitive. Although both styles have merits, they
afford different experiential qualities. Task-oriented interactions
typically yield speed, clarity, and transactional utility. Exploratory
dialogues, while slower, support agency, reflection, and satisfaction
in ill-structured decision tasks. Recent work has also introduced
adaptive flows that adjust initiative based on user traits [19, 50, 69],
but systematic modelling of how interaction preferences relate to
user traits remains limited. Vakulenko et al. [80] proposed inter-
active storytelling to support exploratory search, while Lei et al.
[48] introduced the Estimation–Action–Reflection framework to
facilitate adaptive flows. Gao et al. [26] further emphasised the
importance of balancing exploration and exploitation in CRS de-
sign. Despite these contributions, key questions remain about how
perceived system qualities influence users’ interaction preferences.
The next section examines these qualities in detail.

2.2 CRS Qualities
Beyond recommendation accuracy, users evaluate how well a sys-
tem explains its suggestions, adapts to feedback, maintains conver-
sational flow, and introduces novel or unexpected options. These
perceptions influence both expectations and satisfaction [38, 66].
The CRS-Que framework [35] builds on the earlier ResQue model
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[65] by adapting its constructs specifically to conversational con-
texts, where dialogue structure and agent behaviour are critical. Key
qualities identified include accuracy, novelty, explanation clarity,
adaptability, and conversational quality [35]. Unlike momentary
user experience reactions, these qualities represent user beliefs
about what the system should deliver, rather than transient feel-
ings during use. Prior research shows that users’ preference of
these qualities varies by domain and individual traits. For example,
novelty and adaptability tend to be more valued in exploratory or
hedonic contexts, while accuracy and efficiency are paramount in
task-oriented contexts [32, 38]. Such distinctions suggest that CRS
qualities are strong predictors of users’ dialogue strategy choices,
especially when users must choose between task-oriented and ex-
ploratory dialogue. Moreover, although Berkovsky et al. [4] studied
user model mediation and personalisation techniques primarily in
broader recommender system domains rather than CRSs specif-
ically, their work provides foundational methods for integrating
heterogeneous user data sources. Such integration supports dy-
namic adaptation of system qualities and behaviours to reflect
individual differences. This capacity for adaptation is crucial for
tailoring interactions that align with user preferences and contexts
in CRSs. However, system qualities alone do not fully explain how
users appraise their experiences. UX research shows that subjective
evaluations, especially affective and cognitive appraisals, play a
crucial role.

2.3 UX Dimensions
In this study, UX refers specifically to post-interaction appraisals
that reflect users’ cognitive and emotional evaluations of the expe-
rience. These appraisals are distinct from behavioural indicators
such as time spent or action frequency. While behavioural data offer
observable metrics of engagement, perceptual evaluations reveal
underlying judgments shaped by users’ expectations, system be-
haviour, and contextual goals [47, 54, 59]. UX perceptions influence
outcomes such as trust formation, decision confidence, and contin-
ued system acceptance [5]. Affective dimensions such as enjoyment
and surprise are particularly relevant in open-ended or elaborative
conversations, where engagement and perceived intelligence of the
system are crucial [17, 63]. In contrast, dimensions such as useful-
ness and perceived effectiveness are more salient in task-oriented
interactions, reflecting the system’s ability to provide practical sup-
port and relevant outcomes [40]. Recent findings by Yun et al. [87]
show that affective tone and perceived helpfulness significantly
influence interaction preferences in LLM-powered CRS dialogues,
especially when users seek elaborative or emotionally intelligent
responses. Similarly, Gajos et al. [25] demonstrate that adaptive in-
terface behaviours tailored to user ability and context can enhance
perceived control and user satisfaction, suggesting that adaptivity
plays a critical role in shaping post-interaction UX. Although UX is
typically measured after interaction, it is not merely a passive out-
come. Rather, it constitutes a structured, reflective judgment that
mediates preference formation and behavioural intention [23, 27].
These post-task evaluations serve as interpretive summaries that
integrate momentary affect with broader task-related reasoning.
Kocaballi et al. [39] provide a comprehensive taxonomy of UX fac-
tors in conversational systems, including emotion, hedonic quality,

motivation, and frustration. Their work highlights the multidimen-
sionality of UX and the importance of capturing both experiential
and evaluative components. Consistent with this view, the present
study treats UX perceptions as explanatory variables in preference
modelling, testing whether users’ retrospective evaluations help
forecast their interaction preferences beyond what can be inferred
from system quality priorities alone. These perceptual outcomes
are also shaped by user-level traits. Thus, the next section turns to
individual differences and profiling approaches in CRS design.

2.4 User Profiling
User preferences in CRSs are shaped by a range of individual differ-
ences, including demographic traits, cognitive styles, behavioural
tendencies, and control expectations. A key concept in this context
is value orientations, defined as stable patterns in users’ priorities
and expectations regarding system attributes and interaction styles.
These orientations shape how users evaluate and respond to differ-
ent CRS behaviours. Research indicates that grouping users by their
attitudes, behaviours, and value orientations helps tailor system
strategies more effectively to meet individual needs [44, 67, 79].
For example, some users prioritise novelty and detailed explana-
tions, shaping their expectations about dialogue style and system
initiative [74]. Beyond segmentation, individual characteristics also
moderate how users respond to system features. Users with high
digital agency or strong trust in technology often prefer adaptive,
exploratory interactions, whereas those who favour clear, directive
guidance tend to prefer task-oriented interaction. Aligning interac-
tion patterns with these preferences is critical for user satisfaction
and system acceptance [77]. Additionally, demographic factors such
as age, language proficiency, and prior experience influence per-
ceptions of agent tone, fluency, and usefulness [22, 30]. Notably,
Berkovsky et al. [2–4] demonstrate the benefits of integrating di-
verse user data sources and employing persuasive personalisation
techniques to enhance recommendation relevance and user satisfac-
tion. Their work supports the development of adaptive user profiles
that enable personalised and context-aware CRS interactions.

These four strands of research underscore the complexity of
CRS evaluation and personalisation. While prior work has explored
dialogue strategies, system attributes, UX outcomes, and user traits,
few studies have integrated these components to predict how indi-
viduals choose between dialogue styles. Moreover, existing frame-
works tend to focus on retrospective evaluation rather than pref-
erence forecasting. By combining CRS qualities, retrospective UX
ratings, and trait-level profiling in a predictive model, our study
advances a more adaptive and explanatory perspective on dialogue
preference in LLM-powered CRS environments.

3 Methods
We employed a within-subjects experimental design in which par-
ticipants sequentially experienced two scripted CRS dialogues: one
task-oriented and one exploratory as described in Section 2.1. The
dialogue excerpts are given in Appendix A. The dialogues were
situated in an online apparel-shopping context and were carefully
matched for informational content and length to isolate the stylistic
contrast. Participants rated their experiences, prioritised eight CRS
qualities, and provided individual-difference data, allowing us to
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Table 1: Characteristic features differentiating task-oriented
and exploratory interaction styles in scripted CRS dialogues.

Aspect Task-oriented Exploratory

Dialogue style Concise, direct, goal-
oriented

Elaborative, open-ended,
suggestion-rich

System
prompts

Minimal elaboration,
rapid delivery

Reflective, contextual,
inviting elaboration

User engage-
ment

Decision-focused, mini-
mal probing

Exploration-focused,
encourages deliberation

Tone Functional, task-driven Conversational, empathic,
exploratory

System be-
haviours

Highlights deals, delivers
options quickly

Offers context, rationale
and alternatives

model preferences based on system quality beliefs, UX appraisals,
and demographic and usage traits.

3.1 Research Design
The defining characteristics of the task-oriented and exploratory
interaction styles are summarised in Table 1. These styles were
operationalised based on exploratory search theory [53], conversa-
tional dialogue design principles [69], and the CRS-Que framework
[35], which together provide theoretical grounding for contrasting
interaction modes in CRS dialogues. The use of scripted dialogues
was a deliberate methodological choice to maintain experimental
control and stimulus equivalence, enabling systematic examina-
tion of dialogue style effects on user preference. Scripted or syn-
thetic interactions are widely employed in conversational AI and
human–computer interaction research to facilitate within-subject
comparisons while controlling for content and length, thereby re-
ducing variability inherent in live interactions [5, 8, 69]. Although
scripted dialogues do not capture dynamic turn-taking or adap-
tive responses, their controlled nature enhances internal validity
and supports precise measurement of user evaluations [11, 55]. Af-
ter exposure to both dialogue conditions, participants indicated
their preferred interaction style and completed survey measures
assessing prioritised system qualities, retrospective user experience
evaluations, and individual characteristics. To validate these scripts,
we conducted pilot testing with a small sample and solicited expert
feedback. Reviewers confirmed that the task-oriented dialogue con-
veyed a goal-focused concise tone, while the exploratory version
was perceived as elaborative and suggestion-driven.

3.2 Participant Recruitment and Data
Collection

Participants (𝑁 = 191) were recruited from three online platforms
such as Prolific (𝑛 = 149), Survey Swap (𝑛 = 33), and Meta (𝑛 = 9)
to ensure a demographically diverse sample. Eligibility criteria re-
quired participants to be at least 18 years old and proficient in
English. For Prolific recruits, this was verified through platform-
level screening (minimum 95% approval rate and at least 100 prior
completions); for other sources, proficiency was self-reported. No
restrictions were placed on gender, education level, or geographic lo-
cation. Participants completed a structured Qualtrics survey lasting
approximately nine minutes and received $2.40 as compensation.

To ensure data quality, we applied a multi-criteria screening proto-
col that excluded responses with unusually fast completion times,
straightlining patterns, or excessive missing or inconsistent data
[46, 56]. Following screening, 𝑁 = 168 valid responses remained.
Of these, 𝑁 = 139 participants expressed a definitive interaction
preference and were retained for inferential analysis.

Sample Size and Power Analysis. We conducted an a priori power
analysis using G*Power 3.1 to estimate the minimum sample size
required for our primary hypothesis tests using logistic regression.
Assuming a medium effect size 𝑓 = 0.25, a significance threshold
of 𝛼 = 0.05, and statistical power of 0.80, the required sample size
was estimated to be 128 participants. Our final analytic sample
of 𝑁 = 139 meets this threshold, providing sufficient sensitivity
to detect medium-sized effects in both the logistic regression and
moderation analyses [24, 31].

3.3 Survey Instruments and Measures
The survey consisted of six modules: participant consent, demo-
graphics, dialogue stimuli exposure, UX appraisals, CRS quality pri-
oritisation, and usage-related variables. Demographic data included
age group, gender, education level, occupation, and self-reported
English language proficiency. As described in Section 3.1, partici-
pants experienced two matched scripted CRS dialogues differing
only in interaction style (task-oriented vs. exploratory), allowing
us to isolate stylistic effects. Interaction preference was assessed
using a categorical forced-choice item, where participants indi-
cated which of the two dialogues they found more desirable or
preferable. The response options included preference for Dialogue
1 (task-oriented), Dialogue 2 (exploratory), both equally, none, or
unsure. For analytical clarity, only participants indicating a clear
preference for either Dialogue 1 or 2 were retained. These responses
were recoded into a binary variable representing preference for the
task-oriented (coded 0) or exploratory (coded 1) dialogue style. Neu-
tral or ambivalent responses (both, none, unsure) were excluded
from inferential analyses.

User experience was evaluated across four dimensions: enjoy-
ment, surprise, usefulness, and perceived effectiveness. These di-
mensions were adapted from established human–computer inter-
action frameworks [28, 38] and were rated separately for each
dialogue. Although measured on Likert scales, UX scores were
treated as continuous variables and standardised prior to analysis,
consistent with accepted psychometric practice [9, 58].

Participants also rated the importance of eight CRS qualities,
derived from the CRS-Que framework [35], including accuracy, nov-
elty, explanation clarity, adaptability, conversation quality, atten-
tiveness, understanding, and response quality. These ratings served
as independent predictors in regression analyses and as features for
clustering models. All CRS quality ratings were standardised using
z-scores. Participants reported their CRS usage frequency on an
ordinal scale ranging from ‘Never’ to ‘Always’. Control preferences
regarding system-initiated versus user-initiated interactions were
measured using five-point Likert-type items. For regression and
moderation analyses, these variables were treated as continuous
predictors following standard practice [58].
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3.4 Data Analysis
All analyses were conducted in IBM SPSS and Python using pandas,
statsmodels, and scikit-learn. Predictor variables measured on five-
point Likert scales were standardised to z-scores prior to analysis
to place them on a common metric and facilitate interpretation.

RQ1: Binary Logistic Regression. To model the probability that
participant 𝑖 preferred the exploratory interaction (𝑌𝑖 = 1) over
the task-oriented interaction (𝑌𝑖 = 0), we applied binary logistic
regression. This method is suitable for dichotomous dependent
variables and enables interpretation of predictor effects in terms of
log-odds, which is commonly used in behavioural research [31].

logit
(
𝑃 (𝑌𝑖 = 1)

)
= 𝛽0 +

𝑘∑︁
𝑗=1

𝛽 𝑗 𝑥𝑖 𝑗 (1)

where logit(𝑃) is the natural logarithm of the odds of preferring
the exploratory interaction, 𝛽0 is the intercept, 𝛽 𝑗 are regression
coefficients, and 𝑥𝑖 𝑗 are standardised predictor variables (e.g., CRS
qualities and UX dimensions).

RQ2: Unsupervised Clustering. To identify latent user profiles,
we applied k-means clustering to participants’ standardised CRS
quality ratings. This technique partitions users into 𝐾 clusters by
minimising within-cluster variance:

min
{𝜇𝑘 }

𝑁∑︁
𝑖=1

𝐾∑︁
𝑘=1

𝑟𝑖𝑘 ∥𝑥𝑖 − 𝜇𝑘 ∥2 (2)

where 𝑟𝑖𝑘 = 1 if participant 𝑖 belongs to cluster𝑘 , and 0 otherwise.
𝜇𝑘 are cluster centroids. The solution was validated via hierarchical
agglomerative clustering using Ward’s method, with 𝐾 selected via
elbow/silhouette criteria and stability checks using adjusted Rand
Index.

RQ3: Moderated Logistic Regression. To examine whether user
traits (e.g., age, control preference) moderated the influence of CRS
predictors on interaction preference, we extended the logistic model
with interaction terms:

logit
(
𝑃 (𝑌𝑖 = 1)

)
= 𝛽0 +

𝑘∑︁
𝑗=1

𝛽 𝑗𝑥𝑖 𝑗 +
𝑀∑︁
𝑚=1

𝛾𝑚𝑧𝑖𝑚

+
𝑘∑︁
𝑗=1

𝑀∑︁
𝑚=1

𝛿 𝑗𝑚 (𝑥𝑖 𝑗 · 𝑧𝑖𝑚)

(3)

where 𝑥𝑖 𝑗 are CRS predictors, 𝑧𝑖𝑚 are trait moderators, 𝛽 𝑗 , 𝛾𝑚 are
main effects, and 𝛿 𝑗𝑚 are interaction coefficients.

Hypothesis Testing Criteria. Hypotheses were evaluated using
a two-tailed significance threshold of 𝑝 ≤ 0.05, consistent with
standard practice in behavioural research [14, 21]. A result yielding
𝑝 ≤ 0.05 was taken as sufficient evidence to reject the null hypoth-
esis 𝐻0 in favour of the corresponding alternative hypothesis 𝐻1.
Conversely, a result with 𝑝 > 0.05 was interpreted as indicating in-
sufficient evidence to reject 𝐻0, without implying proof of its truth.
This approach ensures that Type I error is controlled at 𝛼 = 0.05
while acknowledging that failure to reject 𝐻0 reflects only a lack of
decisive evidence against it given the sample data [81].

3.5 Research Hypotheses
RQ1: Predictive Role of CRS Qualities and UX Dimensions. The fol-

lowing hypotheses were defined to assess how system-level beliefs
and retrospective experience appraisals predict interaction pref-
erence. Hypothesis H1a states that users’ preference for specific
CRS qualities (for example, novelty and adaptability) predicts their
likelihood of preferring the exploratory interaction. Hypothesis H1b
asserts that users’ preference for qualities related to accuracy and
response quality predicts their likelihood of preferring the task-
oriented interaction. Hypothesis H1c proposes that higher retro-
spective ratings of enjoyment and surprise are positively associated
with preference for the exploratory interaction. Finally, Hypothesis
H1d posits that higher retrospective ratings of usefulness and per-
ceived effectiveness are positively associated with preference for
the task-oriented interaction.

RQ2: Latent User Profiles Based on Value Orientations. To investi-
gate whether distinct user segments emerge from differential value
orientations, Hypothesis H2a proposes that participants can be
clustered into latent profiles according to their prioritised CRS qual-
ities. Hypothesis H2b further predicts that these latent profiles will
exhibit systematic differences in interaction preference.

RQ3: Moderation by Usage Patterns and Demographic Traits. The
final set of hypotheses examines whether individual characteris-
tics moderate the influence of CRS qualities on interaction pref-
erence. Hypothesis H3a predicts that CRS usage frequency will
moderate the relationship between CRS qualities and preferred
interaction style. Hypothesis H3b asserts that control preference
(system-initiated versus user-initiated) will serve as a moderator of
the same relationship. Hypothesis H3c proposes that demographic
factors, specifically age and gender, will moderate users’ interaction
preferences in response to varying CRS qualities.

Study Planning and Hypotheses Transparency. The hypotheses
and analytical plan were formulated prior to data collection and
were guided by theoretical frameworks and relevant literature. Al-
though the study was not pre-registered on a public platform, all
hypotheses were defined a priori and directly aligned with our re-
search questions. The explicit hypothesis statements in this section
and their statistical outcomes in Table 7 reflect our commitment to
analytical rigour and research transparency.

3.6 Ethics
The study protocol was reviewed and approved by the Human Re-
search Ethics Committee of the University of Technology Sydney.
All participants provided informed consent prior to participation.
The study adhered to institutional guidelines for ethical research
involving human subjects and complied with relevant data protec-
tion regulations, including the General Data Protection Regulation
(GDPR). Participants’ privacy and confidentiality were rigorously
maintained. No personally identifiable information, such as names,
geographic locations, or sensitive demographic details, was col-
lected. Data were anonymised and stored securely in accordance
with the University’s data management policies.
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Table 2: Logistic regression predicting preference for ex-
ploratory interaction from CRS qualities. OR > 1 = increased
odds. Bold 𝑝-values indicate significance (𝑝 ≤ 0.05). McFad-
den’s 𝑅2 = 0.12; 𝑁 = 139.

Predictor OR 95% CI 𝑝

H1a: Positive association with exploratory interaction
Novelty 1.66 [1.04, 2.63] .033
Adaptability 0.79 [0.48, 1.31] .366
Attentiveness 1.00 [0.59, 1.67] .988

H1b: Positive association with task-oriented interaction
Accuracy 1.11 [0.69, 1.77] .674
Response quality 0.79 [0.47, 1.34] .383

Other CRS qualities
Explainability 1.57 [0.98, 2.52] .062
Conversation quality 1.77 [1.04, 2.99] .035
Understanding 0.70 [0.42, 1.16] .163

4 Results
We organised this section sequentially to align with each research
question and its associated hypotheses, beginning with predictive
models of interaction preference (RQ1), followed by cluster-based
user profiling (RQ2), and concluding with moderation analyses
exploring the influence of individual characteristics (RQ3). A con-
solidated summary presenting the key results is provided in Table 7.

4.1 Predictors of Interaction Preference (RQ1)
Two binary logistic regression models were fitted: one using eight
CRS quality attributes derived from the CRS-Que framework [35],
and another using four UX dimensions—enjoyment, surprise, use-
fulness, and perceived effectiveness, as expressed in Equation 1.
Both models were statistically significant, with McFadden’s pseudo
𝑅2 values of 0.12 and 0.32, respectively, indicating modest to mod-
erate explanatory power. As shown in Table 2, higher preference
for novelty (Odds Ratio [OR] = 1.66, 95% Confidence Interval [CI]
[1.04, 2.63], 𝑝 = 0.033) and conversation quality (OR = 1.77, 95%
CI [1.04, 2.99], 𝑝 = 0.035) significantly increased the odds of pre-
ferring the exploratory interaction. Preference for accuracy (OR =
1.11, 𝑝 = 0.674) and response quality (OR = 0.79, 𝑝 = 0.383) did not
significantly predict preference for the task-oriented interaction. Ex-
plainability showed a trend toward significance (𝑝 = 0.062), while
attentiveness, understanding, and adaptability were not significant
predictors.

Table 3 presents results from the UX dimension model. Higher
ratings of enjoyment (OR = 2.19, 95% CI [1.37, 3.51], 𝑝 = 0.001),
usefulness (OR = 2.23, 95% CI [1.32, 3.77], 𝑝 = 0.003), and perceived
effectiveness (OR = 2.17, 95% CI [1.28, 3.69], 𝑝 = 0.004) were signifi-
cantly associated with increased odds of preferring the exploratory
interaction. The surprise dimension was not a significant predictor
(OR = 0.68, 95% CI [0.42, 1.10], 𝑝 = 0.119). These findings support
Hypotheses H1a and H1c, indicating that users who prefer novelty,
conversation quality, and positive affective UX components such
as enjoyment are more likely to prefer the exploratory interaction.
Hypotheses H1b and H1d were not supported, as preference for
accuracy and response quality did not predict preference for the

Table 3: Logistic regression predicting preference for ex-
ploratory interaction fromUXdimensions. OR > 1 = increased
odds. Bold 𝑝-values indicate significance (𝑝 ≤ 0.05). McFad-
den’s 𝑅2 = 0.32; 𝑁 = 139.

Predictor OR 95% CI 𝑝

H1c: Affective UX dimensions
Enjoyment 2.19 [1.37, 3.51] .001
Surprise 0.68 [0.42, 1.10] .119

H1d: Task-oriented UX dimensions
Usefulness 2.23 [1.32, 3.77] .003
Perceived effectiveness 2.17 [1.28, 3.69] .004

task-oriented interaction, and usefulness and perceived effective-
ness unexpectedly related positively to exploratory preference. In
summary, participants’ preference for the exploratory interaction
was more strongly associated with novelty and conversation quality
than with accuracy or response quality. These results indicate that,
when controlling for interaction style, users place greater empha-
sis on hedonic and conversational qualities rather than solely on
instrumental attributes.

4.2 Cluster Profiles and Interaction Preference
(RQ2)

We applied both k-means and hierarchical (Ward’s method) clus-
tering to participants’ z-standardised ratings of eight CRS-Que
qualities. Although both methods yielded similar high-level seg-
ment structures, we selected the hierarchical solution for report-
ing because it offered superior stability and more balanced cluster
sizes as shown in Appendix Figure A.1 and Table A.1 [1]. Solu-
tions for 𝑘 = 3–9 were evaluated using combined elbow-method
and silhouette-score diagnostics; the five-cluster solution (𝑘 = 5)
achieved the best trade-off amongwithin-cluster cohesion, between-
cluster separation, stability (mean ARI = 0.770, SD = 0.214), and
minimum cluster size (𝑛 ≥ 18). All subsequent analyses focus on
this five-cluster segmentation. The association between cluster
membership and interaction preference was robust for the hierar-
chical solution (𝜒2 (4, 𝑁 = 139) = 14.93, 𝑝 = 0.0048; Kruskal–Wallis
𝐻 = 14.82, 𝑝 = 0.0051). The average silhouette score (0.146) further
confirmed the validity of the segmentation.

Cluster Characterisation. Table 4 reports the mean importance
ratings for each CRS quality by cluster. Each column represents
one user segment; the header row indicates cluster size. Cluster 1
(𝑛 = 34) consistently rated all qualities highly (means 4.41–4.91),
while Cluster 2 (𝑛 = 18) showed moderate to low engagement
(means 2.89–3.33). Cluster 3 (𝑛 = 24) prioritised adaptivity and
response quality but rated novelty lower. Cluster 4 (𝑛 = 26) valued
accuracy and adaptivity with moderate novelty and conversation
quality. Cluster 5 (𝑛 = 37) emphasised novelty, adaptivity, and
response quality, with balanced ratings elsewhere.

Interaction Preference Patterns. Table 5 shows how participants’
interaction preferences (0 = task-oriented, 1 = exploratory) dis-
tribute across clusters. Cluster 1 exhibited a strong exploratory
preference (23 of 34 participants). Cluster 2 was balanced (9 of 18).
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Table 4: Mean importance ratings for CRS qualities across
five user clusters (Ward’s method, 𝑘 = 5, 𝑁 = 139). Sample
sizes: C1=34, C2=18, C3=24, C4=26, C5=37. Scores range 1 (low)
to 5 (high).

CRS Quality C1 C2 C3 C4 C5

Accuracy 4.85 3.22 4.17 4.81 3.95
Explainability 4.62 3.11 3.71 3.65 3.51
Novelty 4.41 3.11 2.71 3.54 4.03
Conv. Qual. 4.79 3.22 2.96 3.81 3.92
Attentiveness 4.91 3.28 3.50 4.27 3.97
Understand. 4.74 3.17 3.96 4.77 4.03
Adaptability 4.68 2.89 4.29 4.19 4.32
Resp. Qual. 4.91 3.33 3.96 4.46 4.22

Table 5: Distribution of interaction preferences by user clus-
ter (𝑘 = 5, 𝑁 = 139). Each row shows the number of partici-
pants in a cluster who preferred either task-oriented (0) or
exploratory (1) CRS dialogue.

Cluster Task-oriented Exploratory

C1 11 23
C2 9 9
C3 17 7
C4 18 8
C5 26 11

Clusters 3, 4, and 5 each favoured the task-oriented mode: Cluster 3
(17 of 24), Cluster 4 (18 of 26), and Cluster 5 (26 of 37). For a graphical
overview of cluster value profiles, see Appendix Figure A.2.

4.3 Moderating Effects of User Characteristics
(RQ3)

A series of moderated logistic regression analyses were conducted
to examine whether the effects of perceived CRS qualities on in-
teraction preference were systematically moderated by individual
user characteristics, including usage frequency, control preference,
age, and gender. The outcome variable was binary, reflecting pref-
erence for the exploratory interaction style. Eight CRS qualities
were included as predictors, each standardised (𝑧-scored). For each
quality, interaction terms were specified with all four moderators.
Significant interaction effects (𝑝 ≤ 0.05) are summarised in Table 6.
Six interaction terms were statistically significant at the 𝑝 ≤ 0.05
level: Explainability × Gender, Novelty × Control Preference, Con-
versation Quality × Age, Adaptability × Age, Response Quality
× Usage Frequency, and Response Quality × Age. For all signifi-
cant interactions, model-predicted probabilities of preferring the
exploratory interaction style are visualised in Figure 1. In each panel,
the probability of exploratory interaction preference is plotted as a
function of the corresponding CRS quality (𝑧-score), stratified by
levels of the moderating variable. No other quality × moderator
interactions reached statistical significance at 𝑝 ≤ 0.05.

Table 6: Significant interaction effects (𝑝 ≤ 0.05) from mod-
erated logistic regression predicting preference for the ex-
ploratory interaction mode. Only interactions with 𝑝 ≤ 0.05
shown.

CRS Quality Moderator Estimate Std. Error 𝑧 𝑝

Explainability Gender −4.94 2.11 −2.34 .019
Novelty Control Pref. 2.79 1.30 2.14 .033
Conv. Qual. Age −4.00 1.98 −2.02 .044
Adaptability Age −2.95 1.50 −1.96 .050
Resp. Qual. Usage Freq. 1.53 0.75 2.04 .041
Resp. Qual. Age 3.28 1.37 2.40 .016

4.4 Summary of Hypotheses Tests
We summarise the outcomes of all nine preregistered hypotheses
associated with RQ1 through RQ3. Table 7 presents each hypothesis
alongside its empirical outcome and statistical evidence, offering a
concise overview of which predictions were supported, partially
supported, or not confirmed. Notably, hypotheses concerning nov-
elty (H1a), as well as user clustering (H2a–H2b), received strong
empirical support. In contrast, predictions grounded solely in ac-
curacy (H1b) were not supported. Moderation effects emerged for
usage frequency, control preference, age, and gender (H3a–H3c),
highlighting the contextual conditions under which system quality
beliefs influence interaction preferences.

5 Discussion
The findings advance the understanding of how user-valued system
qualities, affective experiences, and individual traits dynamically
converge to shape dialogue choice in CRS. We organised these
findings around our three research questions to draw out both
theoretical contributions and practical recommendations.

5.1 Key Insights
First, echoing work on hedonic system attributes in e-commerce
and multimedia recommendation [10, 41, 88, 91], novelty and con-
versational quality emerged as robust predictors of preference for
the explorative dialogue. Functional attributes such as accuracy and
response quality, by contrast, showed limited predictive value when
participants evaluated the dialogue styles side by side. This rein-
forces findings that affective and experiential dimensions often out-
weigh pure performance metrics in AI interactions [6, 36, 45, 57, 92].
Second, beyond these experiential drivers, perceived usefulness
also forecast selection of the explorative style. This suggests that par-
ticipants equated usefulness with informational depth and clarity,
features more characteristic of open-ended exchanges than terse,
task-oriented ones, and underscores the role of dialogue richness in
user sensemaking [18, 60, 71]. Third, our clustering uncovered five
latent profiles based on quality priorities, each showing distinct
style preferences. This validates value-based segmentation as a
cold-start personalisation strategy when behavioural histories are
sparse [29, 33, 38, 78]. Fourth, moderation tests revealed that age,
gender, and control expectations shape how quality beliefs trans-
late into style choices. For instance, conversational clarity carried
more weight for older users, while explainability effects differed
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(a) Explainability × Gender (b) Novelty × Control preference

(c) Conversation quality × Age (d) Adaptability × Age

(e) Response quality × Usage frequency (f) Response quality × Age

Figure 1: Significant moderation effects on preference for the exploratory interaction style. Each panel depicts the predicted
probability of preferring exploratory interaction as a function of a standardised CRS quality score (𝑧-score), stratified by levels
of the moderator. See Table 6 for statistical details.
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Table 7: Summary of hypothesis outcomes and supporting
statistical evidence for RQ1–RQ3. Note. Odds ratios (OR)
greater than 1 indicate increased likelihood of preferring
the exploratory interaction. Statistical significance is denoted
at 𝑝 ≤ 0.05.

Hypothesis Outcome Evidence

H1a. Preference for novelty
or adaptability predicts ex-
ploratory interaction.

Partially
supported

Novelty: OR = 1.66, 𝑝 =

.033; Adaptability: OR =

.79, 𝑝 = .366
H1b. Preference for accuracy
and response quality predicts
task-oriented interaction.

Not sup-
ported

Accuracy: 𝑝 = .674; Re-
sponse quality: 𝑝 = .383

H1c. Enjoyment and surprise
predict exploratory prefer-
ence.

Partially
supported

Enjoyment: OR = 2.19, 𝑝 =

.001; Surprise: 𝑝 = .119

H1d. Usefulness and per-
ceived effectiveness predict
task-oriented preference.

Refuted Usefulness: OR = 2.23, 𝑝 =

.003; Perceived effective-
ness: OR = 2.17, 𝑝 = .004

H2a. Users can be clustered
by preferred CRS qualities.

Supported 𝑘 = 5 solution: silhouette
= 0.146; ARI = 0.770 (SD =
0.214); elbow inflection at
𝑘 = 5

H2b. Clusters differ in inter-
action preference.

Supported 𝜒2 (4, 𝑁 = 139) = 10.47,
𝑝 = 0.033; Kruskal–Wallis
𝐻 = 10.40, 𝑝 = 0.034

H3a. CRS usage fre-
quency moderates CRS
quality×preference.

Supported Response Quality × Usage
Frequency: 𝑝 = .041

H3b. Control prefer-
ence moderates CRS
quality×preference.

Supported Novelty × Control Prefer-
ence: 𝑝 = .033

H3c. Age and gender moder-
ate CRS quality×preference.

Supported Explainability × Gender:
𝑝 = .019; Conversation
Quality × Age: 𝑝 = .044;
Adaptability × Age: 𝑝 =

.050; Response Quality ×
Age: 𝑝 = .016

by gender. These nuances argue for adaptive systems that tailor
both content and autonomy levels to user traits [16, 43, 51, 72, 84].
These insights pave the way for the theoretical elaborations and
concrete design patterns that follow.

5.2 Theoretical and Design Implications
The findings contribute to theory by reframing interaction prefer-
ence as a predictive construct influenced by system quality beliefs,
retrospective UX appraisals, and individual differences. Building
on the original CRS-Que framework [35], which treated system
qualities solely as evaluationmetrics, we demonstrate their forward-
looking power in forecasting dialogue choice. In particular, novelty,
conversational quality, and perceived usefulness, dimensions iden-
tified as user-valued, emerged as significant predictors of prefer-
ence for exploratory interaction. This reinforces HCI theories that
emphasise the formative role of experiential qualities in shaping
expectations and behaviours through cognitive sensemaking and
affective engagement [60, 68, 75, 86].

Unexpectedly, hypothesis H1d, which predicted that higher rat-
ings of usefulness and perceived effectiveness would favour the task-
oriented mode, was refuted. Instead, participants construed these
instrumental dimensions in terms of informational completeness
and clarity, aligning them more closely with exploratory dialogues
than with terse exchanges. Consequently, exploratory interactions
may be perceived as more “effective” because they provide essential
context and explanations for comprehension and decision-making.
This insight highlights the inherently dual cognitive and affective
character of usefulness and perceived effectiveness, and suggests
that genuine efficiency requires design innovations such as adaptive
summarisation or information-density controls. These mechanisms
preserve perceived utility while streamlining dialogue. Taken to-
gether, these theoretical advances point to a refined model of CRS
adaptation, in which both experiential and instrumental dimensions
jointly inform dynamic dialogue strategies.

Complementing these contributions, our identification of five
latent user profiles based on quality-preference clustering offers
empirical support for value-based segmentation in cold-start sce-
narios [15, 37, 38]. Each profile exhibited distinctive interaction
preferences, validating segmentation heuristics that anticipate user
expectations from stated priorities alone. Moderation analyses fur-
ther extend autonomy-centred design paradigms by revealing how
trait-level differences, such as age, gender, and control expectations,
shape the weight users assign to specific system qualities when
choosing between interaction styles [7, 16, 42, 73]. From a practical
standpoint, these insights prescribe a new class of adaptive dialogue
management systems. Specifically, designers should implement
threshold-based switching rules that monitor real-time indicators
(e.g. novelty sensitivity, enjoyment, control preference) to deter-
mine when to transition between task-oriented and exploratory
strategies. Such heuristics reconcile diverse user needs, enabling
systems to modulate tone, elaboration, and initiative according to
inferred user values and traits.

These theoretical and design implications chart a path toward
next-generation CRS architectures that transcend traditional per-
formance metrics such as accuracy, precision, and recall. They inte-
grate predictive preference modelling, robust value-profile segmen-
tation, moderation-guided personalisation, and dynamic adaptation
heuristics. In doing so, they lay the groundwork for conversational
experiences that are truly user-centred, context-sensitive, and ca-
pable of driving higher satisfaction, loyalty, retention, and business
performance.

5.3 Limitations and Future Work
Despite its contributions, this study has several limitations that
point to specific next steps. First, the final sample size (𝑁 = 139)
was adequate for the primary regression and clustering analyses.
However, future research should recruit larger, more heterogeneous
cohorts, including cross-cultural and domain-specific populations,
to enable finer-grained moderation analyses and broader generalis-
ability. Second, the use of scripted dialogues provided experimental
control but abstracted from live CRS dynamics. To address this,
our forthcoming prototype study will embed the threshold-based
adaptive heuristics described above into a working conversational
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system. This implementation will support real-time system–user co-
construction of recommendations and allow us to evaluate effects
on user satisfaction and behavioural intentions (for example, con-
tinued use, purchase intent, or recommendation to others). Finally,
we examined two distinct dialogue variants within a single domain.
While this scope enabled rigorous hypothesis testing, subsequent
work should extend this paradigm to multiple application areas
and explore additional interaction styles, such as mixed-initiative
or summarisation-driven flows. This would help assess the robust-
ness and scalability of our adaptive strategies across longer-term
engagements.

6 Conclusion
This study advances conversational recommender systems by mov-
ing beyond retrospective evaluation toward a predictive, adaptive
framework that integrates system qualities, user experience ap-
praisals, and individual-difference traits. We show that novelty,
conversational quality, and usefulness reliably predict user prefer-
ence for task-oriented or exploratory interaction styles, extending
the CRS-Que framework into preference modelling. Clustering
revealed five latent user profiles, supporting value-based segmenta-
tion as a viable strategy for cold-start scenarios. Moderation analy-
ses further showed that age, gender, and control preferences shape
how users interpret system qualities. Notably, the findings chal-
lenge the assumption that usefulness and effectiveness inherently
favour task-oriented dialogues. When framed as signals of clarity
and richness, these attributes were more aligned with exploratory
interactions that promote sensemaking and empowerment. This
suggests that instrumental UX dimensions often blur cognitive and
affective boundaries. Consequently, task-oriented designs should
embed contextual scaffolds, such as adaptive summarisation or
information-density controls, to help users act on recommenda-
tions effectively. Practically, our results offer design principles for
the next generation of CRS interfaces powered by generative AI.
Systems that detect real-time signals such as novelty-seeking, enjoy-
ment, or control preference can fluidly switch between interaction
modes, improving both short-term satisfaction and long-term en-
gagement. While grounded in recommendation, the framework
also applies to tutoring, customer support, and personal assistant
domains, where adapting to users’ cognitive and emotional states
can improve outcomes. This work contributes theoretical insights,
adaptive design patterns, and a foundation for real-world evalua-
tion. It sets the stage for conversational agents that do more than
recommend. These systems can attune to user values, expectations,
and emotional cues to deliver experiences that are context-sensitive,
transparent, and genuinely responsive to human needs.
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A Appendix: Scripted Dialogue Excerpts
This appendix provides representative excerpts from the two scripted
dialogues used as stimuli in the study, illustrating the key differ-
ences between the task-oriented and exploratory interaction de-
scribed in Section 2.1 and operationalised in Section 3.1.

A.1 Task-oriented Interaction
System: Welcome! What type of dress are you look-
ing for today?
User: I want a casual dress.
System: Great! Here are the top 3 casual dresses we
recommend. The first one is priced at $59.99 with a
10% discount.
User: I like the first one.
System: Excellent choice! Would you like to add it to
your cart?

This dialogue illustrates the concise and goal-directed nature of
the task-oriented interaction, where the system quickly narrows
down options and facilitates rapid decision-making with minimal
elaboration.

A.2 Exploratory Interaction
System:Hello! Looking for a dress today?What styles
do you usually enjoy?
User: I like casual dresses mostly.
System: That’s wonderful! Casual dresses can range
widely from flowy maxi dresses to chic shirt dresses.
Are you interested in exploring some trendy new ar-
rivals or classic styles?
User:Maybe something trendy.
System: Perfect! How about a light floral maxi dress?
It’s popular this season and perfect for both casual
outings and special occasions. I can also suggest some
accessories to complement the look.
User: Sounds interesting! Show me more options.
System:Certainly! Here are some other trendy choices
along with styling tips.

This excerpt demonstrates the exploratory interaction’s open-
ended prompts, elaborative responses, and reflective dialogue, de-
signed to encourage discovery and deliberation.

B Appendix: Clustering Diagnostics
We demonstrated that a five-cluster solution most effectively dif-
ferentiates participants by their CRS quality importance ratings
(Section 4.2). Figure A.1 presents the elbow plot (within-cluster sum
of squares) and silhouette scores for 𝑘 = 2 through 9. These diagnos-
tics, together with the stability and preference-association metrics
in Table A.1, confirm that 𝑘 = 5 achieves an optimal compromise
between cluster cohesion and separation.

Table A.1: Evaluation metrics for hierarchical (Ward’s
method) clustering solutions (𝑘 = 3–9, 𝑁 = 139). “Min/Max”
indicates cluster size range. Silhouette is the average silhou-
ette coefficient. ARI (mean, SD) assesses cluster stability via
bootstrap. 𝜒2 and 𝐻 test associations with interaction prefer-
ence.

𝑘 Min/Max Silh. Mean SD 𝜒2 𝑝𝜒2 𝐻 𝑝𝐻

3 18/87 0.182 0.730 0.287 14.92 0.0006 14.81 0.0006
4 18/63 0.150 0.747 0.203 14.93 0.0019 14.82 0.0020
5 18/37 0.146 0.770 0.214 14.93 0.0048 14.82 0.0051
6 3/37 0.153 0.714 0.185 15.34 0.0090 15.23 0.0094
7 3/34 0.127 0.731 0.185 15.38 0.0175 15.27 0.0182
8 3/34 0.131 0.774 0.190 15.38 0.0314 15.27 0.0327
9 3/26 0.117 0.777 0.168 16.03 0.0420 15.91 0.0436

C Appendix: Cluster Profiles
As detailed in Section 4.2, we applied hierarchical clustering using
Ward’s method to z-standardised importance ratings of eight CRS
qualities from 𝑁 = 139 participants. Figure A.2 visualises the five-
cluster solution. Each cell reflects the mean importance rating for
a given quality—accuracy, explainability, novelty, conversational
quality, attentiveness, understanding, adaptability, and response
quality—within each user cluster.
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(a) Elbow plot (b) Silhouette scores

Figure A.1: Clustering diagnostics supporting the five-cluster solution for RQ2. (a) Elbow plot of within-cluster sum of squares
(WCSS) for 𝑘 = 2 through 9; the inflection at 𝑘 = 5 suggests diminishing returns beyond this point. (b) Silhouette scores plateau
near 𝑘 = 5, indicating a balanced trade-off between cluster cohesion and separation.
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Figure A.2: Heatmap of mean importance ratings (1 = low, 5 = high) across five user clusters derived via hierarchical clustering
(Ward’s method, 𝑘 = 5, 𝑁 = 139). Each row represents a CRS quality, each column a user cluster. Darker cells indicate stronger
average importance ratings.
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