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Modern conversational recommender systems excel at technical optimisation but often fail to operationalise
the latent experiential dimensions that govern human decision-making. Current architectures predominantly
prioritise recommendation accuracy, frequently neglecting the nuanced, context-sensitive behaviours required
for meaningful interaction. We introduce Recommendation-as-Experience (RAE), a framework designed to
bridge this gap by encoding experiential objectives as adaptive state variables. Through a multi-domain
study (N = 168), we employ Bayesian hierarchical ordinal regression to quantify the interplay between three
primary interactional pillars: educative (justification and transparency), explorative (discovery and serendipity),
and affective (social and emotional resonance). Our findings demonstrate that domain-specific profiles and
perceived item value function as systematic modulators of these priorities. Notably, we identify a strong
preference for user autonomy within the tested apparel e-commerce context, suggesting that interactional
agency is an important component of the conversational experience, though further cross-domain validation is
required for higher-stakes scenarios. Drawing on these empirical insights, the RAE framework formalises the
mapping of contextual and individual signals onto structured state representations. These representations drive
experience-aligned dialogue policies through retrieval diversification, heuristic constraints, or controllable
Large Language Model generation. RAE framework provides a principled approach for balancing predictive
precision with high-fidelity experiential quality.
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1 Introduction

Conversational Recommender Systems (CRSs) have advanced considerably, combining natural
language understanding and generation with retrieval, ranking, and adaptive dialogue policies to
support multi-turn, context-aware recommendation [26]. Recent pipelines can elicit preferences,
justify suggestions, and present relevant alternatives across diverse domains such as e-commerce,
education, entertainment, and finance [17, 56]. The emergence of Large Language Models (LLMs)
has significantly extended the functional repertoire of these systems; however, the core principles of
adaptive recommendation, established well before the current generative Al paradigm, continue to
dictate the efficacy of rule-based, statistical, reinforcement-learning, and hybrid approaches [11, 86].
Accordingly, our focus transcends specific modelling paradigms to address the core question of
how adaptive CRS architectures can be systematically aligned with multi-faceted user experience
(UX) requirements.

Despite these technical strides, much CRS research remains architecture-centric, primarily em-
phasising ranking accuracy, intent parsing, or surface-level language fluency [27]. While these
dimensions are essential for performance, they often under-represent the fine-grained conversa-
tional behaviours and their longitudinal effects on user experience, particularly in systems capable
of generating open-ended, non-deterministic content [12]. Recent user-centred evaluations have
consequently underscored the necessity of moving beyond coarse outcome measures such as
monolithic satisfaction or trust scores toward constructs more specific to the nuances of con-
versational agency, including perceived understanding, response quality, humanness, and user
control [29, 47]. This paradigm shift reflects a broader consensus within both the recommender
systems and Human-Computer Interaction (HCI) communities: system effectiveness cannot be
conceptually or empirically decoupled from experiential quality.

Building on these observations, we propose the Recommendation-as-Experience (RAE)
framework, which conceptualises recommendation as an unfolding, situated interaction rather
than solely a prediction task. The RAE perspective draws upon foundations in experience-centred
HCI [21], exploratory search [49], and information-seeking theories that foreground the pivotal
roles of affect and uncertainty [38]. This framing is strategically aligned with adaptive dialogue man-
agement approaches that dynamically adjust strategies in response to latent user goals, emotional
cues, and situational contexts [3, 25, 46]. Within this framework, user experience is operationalised
through three complementary interaction aims: educative aims, which inform and justify to support
transparency and decision confidence [66, 84]; explorative aims, which inspire and diversify to
encourage novelty and serendipity [6, 34, 72]; and affective aims, which align emotionally and
socially to foster empathy and rapport during the interaction [53, 59, 83]. While each of these aims
has been examined in isolation, there remains a substantial gap in our understanding of how users
evaluate these dimensions jointly, or how their relative importance is modulated by domain context,
perceived item value, and user-level characteristics. For instance, educative support may dominate
in cognitively complex, high-stakes domains such as finance or housing, whereas affective tone may
become the primary driver of UX in wellness or mental-health contexts [64]. Moreover, individual
and situational factors including prior CRS experience and specific preferences for dialogue control
are known to significantly moderate UX and thus warrant explicit integration into adaptive policy
design [28, 31, 57, 78].

To investigate these intersections, we conducted a ten-domain study involving N = 168 partic-
ipants, measuring the perceived importance of educative, explorative, and affective aims under
varying domain complexities and situational stakes. These predictors correspond to signals that a
CRS can feasibly capture at runtime, such as domain metadata, item-level attributes, and persistent
user traits. Our analysis provides the empirical grounding necessary to transition from static
interfaces to adaptive policies that prioritise specific interaction aims in a context-sensitive manner.
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The contributions of this article are four-fold. First, we provide a multi-domain empirical analysis
that quantifies the joint prioritisation of interaction aims across 10 distinct CRS contexts. Second,
we present empirical evidence that contextual factors including domain-specific cognitive com-
plexity, novelty orientation, and emotional salience systematically moderate user expectations.
Third, we identify key user-level influences, establishing prior CRS experience and autonomy
preferences as significant modulators while demonstrating that broader demographic effects are
largely contingent on specific domain contexts. Finally, we introduce the RAE adaptation frame-
work, which provides a formal mapping between structured state signals (domain, value, and
user traits) and adaptive interaction policies. By grounding these policies in validated user pref-
erences, the framework advances both the selection of interaction aims (what to foreground)
and the technical mechanisms of control (how to adapt them) for personalised, context-sensitive
recommendation.

2 Background

Prior research on CRS spans multiple domains, including conversational agents, recommender
systems, and HCI. To situate our contribution, we review four complementary strands: (1) user
experience constructs in recommender systems, (2) interaction aims conceptualised as experiential
goals, (3) user-level differences and dialogue initiative, and (4) adaptive dialogue policies and
orchestration. These research streams reveal both the advances and limitations of existing work,
motivating our study and the RAE adaptation framework. Table 1 synthesises representative
contributions and delineates research gaps that our study addresses.

User experience constructs in CRS. Although CRS research increasingly acknowledges the im-
portance of user experience (UX), most systems remain architecture-centric, optimising ranking
accuracy, intent recognition, or language fluency. A growing body of work has expanded evaluation
beyond these technical metrics to include constructs such as satisfaction, trust, engagement, and
perceived usefulness [26, 48, 59]. Instruments such as ResQue [57] and CRS-Que [29] formalise
multiple UX dimensions, including informativeness, novelty, transparency, trust, and engagement.
These frameworks demonstrate that UX qualities matter for system acceptance and continued use,
but they are typically employed as static outcome criteria in post-hoc evaluations. By contrast, our
work treats UX constructs as dynamic signals that can be modelled at runtime and incorporated into
adaptive state representations. In this perspective, qualities such as transparency or engagement
are not only end goals for evaluation but also contextual features that can guide dialogue strategies,
retrieval choices, and explanation depth. This reframing moves UX constructs from being purely
diagnostic to being operational drivers of adaptive CRS policies. A recent systematic review of 23
empirical studies across classical and LLM-powered systems found that CRS evaluation remains
fragmented, with a significant gap in linking adaptive behaviours to specific UX outcomes. This lack
of turn-level affective assessment and the reliance on static post-hoc surveys necessitates a more
dynamic approach to experience modelling. The RAE framework addresses this by operationalising
these evaluation gaps into active adaptation drivers [47].

Interaction aims as experiential goals. Building on this perspective, recent work has identified
specific experiential goals that map to concrete system behaviours. Educative aims emphasise
explanations, contextual guidance, and contrastive comparisons, which improve transparency and
decision confidence [35, 70]. Explorative aims foreground novelty and serendipity, encouraging
curiosity-driven discovery and preference formation [10, 34, 49]. Affective aims target rapport,
empathy, and sentiment-aware alignment, shown to increase user trust, engagement, and relational
satisfaction in domains such as wellness and beauty [53, 59, 63]. While these aims have each been
explored in CRS research, they are typically examined in isolation, either as one-off system features
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Table 1. Taxonomy of Research Streams in Conversational Recommender Systems (CRS) and Identified Gaps

Research Stream Typical Emphasis and Identified Research Gap

User Experience Constructs Focus on measurement instruments (e.g., ResQue [57], CRS-Que
[29]) and outcomes such as trust, engagement, and perceived use-
fulness [26, 48]. Gap: Constructs are typically treated as static out-
comes rather than dynamic state features for real-time adaptation.

Interaction Aims Educative (explanations, trade-off comparisons) [35, 70]; Explo-
rative (diversity, novelty) [10, 34]; and Affective (tone, empathy)
support [53, 59]. Gap: The joint prioritisation and trade-offs between
these three aims across different decision domains remains largely
unstudied.

User Traits and Initiative  Impact of demographics (age, gender) [24, 60] and prior CRS ex-
perience [20, 52] on dialogue initiative preferences [45, 62]. Gap:
Insufficient evidence regarding how individual user traits and initia-
tive preferences should modulate specific interactional aims.

Adaptive Policies Classical RL (POMDP) [80], hierarchical efficiency [79], and LLM
orchestration for controllable generation [22, 44]. Gap: Current
models prioritise transactional efficiency or retrieval accuracy but
rarely encode multi-dimensional experiential aims into state—policy
mappings.

The present study addresses these limitations by modelling the joint prioritisation of interactional aims and formalising a

state—policy-behaviour framework for adaptive, experience-centric CRS design.

or as independent evaluation dimensions. This fragmentation makes it unclear how aims interact
or compete when users face complex decision contexts. Beyond CRS, educational tutors such as
ArgueTutor demonstrate that educative, explorative, and affective behaviours can be orchestrated
jointly and tailored dynamically to learning goals [69]. However, CRS research has yet to establish
how users prioritise these aims when they co-occur, or how contextual and individual factors
(e.g., domain, task value, user traits) shape their relative salience. Our study addresses this gap
by quantifying how users jointly value educative, explorative, and affective aims across multiple
domains, and by identifying moderators that systematically influence their prioritisation. This
contributes empirical grounding for adaptive policies that move beyond single-aim optimisation
toward holistic experiential alignment. Prior empirical work has demonstrated that users equate
‘usefulness’ and ’effectiveness’ in CRS with informational depth and conversational richness, rather
than just transactional speed. Furthermore, clustering analyses identified five distinct user profiles
with varying preferences for exploratory vs. task-oriented styles. RAE extends this binary style
contrast into a tripartite aim structure (Educative, Explorative, Affective) to better capture the
nuanced needs of these profiles across diverse domains [46].

User-level differences and dialogue initiative. A further gap concerns how user traits and initiative
preferences shape experiential priorities in CRS. Demographic moderators such as age and gender
have been shown to affect preferences for explanation, transparency, or affective support [24, 54,
60, 85]. Prior CRS experience also conditions expectations: experienced users often demand greater
explanation depth, autonomy, and efficiency, while novice users may require more guidance and
reassurance [20, 33, 52]. Despite this, few CRS studies stratify samples by experience or test how
familiarity systematically modulates the value assigned to different interaction aims [40]. Dialogue
initiative introduces an additional dimension of variability. Mismatches between a user’s preferred
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level of initiative (system-led vs. user-led) and the initiative enacted by the CRS reduce trust,
usability, and perceived alignment [36, 45, 62]. To address this, prior literature has explored mixed-
initiative interaction, wherein control fluidly shifts between the user and the system depending on
task ambiguity and user expertise [30]. Reviews of dialogue management further identify initiative
handling as a persistent challenge for adaptive systems [4]. These findings indicate that adaptive
CRS must not only respond to contextual signals such as domain and task value, but also incorporate
user-level traits and initiative preferences into their interaction policies. Our study contributes by
testing how demographic factors, prior CRS experience, and autonomy preferences influence the
prioritisation of educative, explorative, and affective aims across domains.

Adaptive dialogue policies and orchestration. Adaptive dialogue policies provide the computational
machinery that maps contextual and user signals into behaviour selection. Classical approaches
employed POMDPs and policy gradient methods to optimise dialogue under uncertainty [65, 80],
and CRS-specific pipelines interleaved preference elicitation with item retrieval [11]. Reinforcement
learning has been used to optimise long-term engagement, efficiency, and reward-driven outcomes
[17, 79], with recent advances introducing multi-round feedback adaptation [76], graph-based
policy unification [7], and knowledge-grounded CRS with policy learning [13]. More recently,
LLM-assisted orchestration integrates retrieval, reasoning, and controllable generation for adaptive
recommendation [44, 77], with surveys emphasising the importance of explicit orchestration
layers and state representations [74]. These approaches illustrate the growing sophistication of
adaptive dialogue policies, but most continue to optimise for efficiency or accuracy, rarely encoding
experiential aims as first-class state variables. Our work extends this trajectory by formalising a
state—policy—behaviour mapping in which educative, explorative, and affective aims are explicitly
represented as adaptive features. This shift reframes dialogue management from a performance-
centric optimisation task to one that also foregrounds experiential quality, bridging system-level
orchestration with validated user preferences.

3 Method

We conducted a cross-sectional online survey to examine how users prioritise educative, explorative,
and affective interaction aims across multiple CRS domains, and how these priorities vary with
perceived item value, user characteristics, and dialogue-control preferences. The measured variables
align with features that can be operationalised in a CRS state representation, enabling rule-based
or learned policies in LLM-powered and other adaptive CRS architectures to adjust behaviours
in real time.

3.1 Study Design

To evaluate user expectations and autonomy preferences, we conducted a multi-domain online
experiment, utilising a within-subjects vignette-based survey design (Figure 1) for item value
manipulation, to capture how interactional aims shift across varying contexts. This approach was
selected over a functional system deployment to ensure comparative generalisability across distinct
cognitive, emotional, and social contexts while avoiding the technical confounds associated with
specific system architectures. Our design addresses three primary research questions operationalised
through six hypotheses as described in Section 3.2.

Domain Selection and Categorisation. Ten domains were selected based on their prevalence in
current CRS deployments and their representation in recent state-of-the-art reviews [27, 29, 56].
To ensure a broad coverage of the recommendation landscape, we categorised these domains into
five functional groups:

- High-stakes and Complex: Finance, Housing, and Education.
- Hedonic and Leisure: Travel, Apparel, and Entertainment.
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Survey Instrument: Educative Construct

Note: Prior to this section, participants were primed with side-by-side conversation transcripts between
a user and a Recommender Chatbot to ground their mental models (Survey Section 3).

[Phase 1: Construct Definition & Baseline Anchoring]

Q4.1. Considering the ’Educative’ feature of a Recommender Chatbot—which includes providing
detailed information about products, explaining the reasons behind specific recommendations, and
offering guidance to help you make informed decisions—how would you rate its importance in the
context of online apparel shopping?

o Not important at all o Slightly o Moderately o Very o Extremely important

[Phase 2: Dynamic Value Sensitivity (Within-Subjects Delta)]
Q4.3. Would you change your rating on the previous question (Q4.1) if it was a higher value item
you were seeking recommendation on?

o Significantly decrease my rating
o Slightly decrease my rating

o No change to my rating

o Slightly increase my rating

o Significantly increase my rating

[Phase 3: Dialogue Initiative & Autonomy Allocation]

Q4.4. How do you prefer to receive additional, educational information from the Recommender
Chatbot: should the chatbot proactively offer this information, or would you rather request it
yourself when needed?

O Mostly system initiated o Balanced o Mostly user initiated

Fig. 1. The architectural flow of the vignette-based survey instrument (excerpted from the Educative aim
module). To mitigate respondent fatigue while maintaining construct validity, the survey explicitly defines
the interactional aim (Phase 1), captures relative shifts in user expectations based on situational stakes (Phase
2), and extracts specific autonomy preferences to govern dialogue control (Phase 3).

— Affect-rich and Identity-based: Wellness and Beauty.
- Functional and Technical: Technology (consumer electronics).
- Service and Hospitality: Dining.

Sample Size and Power Analysis. An a priori power analysis was conducted using G*Power 3.1 [15].
To detect a medium effect size (f = 0.25) in an omnibus test with a significance level of & = .05 and
power of 1 — f = .80, a minimum sample of N = 159 was required. While our primary analyses
utilise non-parametric and Bayesian ordinal models, we adopted this target as a conservative
baseline for ensuring sufficient sensitivity to detect cross-domain differences.

Methodological Rationale. By adopting a vignette-based elicitation approach, the study identifies
framework-level expectations that are architecture-agnostic. This design allows for the isolation of
the RAE state variables (domain, user traits, and item value) without interference from dialogue-
system latency, natural language understanding errors, or specific interface aesthetics, thereby
grounding the framework in high-level user requirements.

3.2 Research Hypotheses

Based on the proposed RAE framework, we formulated six hypotheses linking contextual and
individual factors to the perceived importance of interactional aims. These hypotheses focus on
signals that a CRS can dynamically capture as state variables to drive adaptive policies.
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RQ1: Domain effects on interactional aims. The first set of hypotheses examines how the inherent

characteristics of a decision domain shape baseline user expectations:

Hi1: Perceived importance of the educative aim is significantly moderated by domain-specific task
complexity.

H2: Perceived importance of the explorative aim is significantly moderated by domain-specific
novelty orientation.

H3: Perceived importance of the affective aim is significantly moderated by domain-specific emo-
tional relevance.

RQ2: Moderation by item value and user traits. The second set of hypotheses investigates how
situational stakes and individual differences modulate the baseline domain effects:
H4: Situational item value significantly impacts user prioritisation of educative, explorative, and
affective aims, with higher stakes increasing demand across all dimensions.
Hb5: User characteristics—specifically age, gender, and CRS experience-significantly moderate the
perceived importance of interactional aims.

RQ3: Dialogue-control preferences. The final set of hypotheses explores the interactional agency
users desire during these exchanges:
Hé6a: Users exhibit a significant preference for user-initiated control during both educative and
explorative interaction phases (rated significantly above the neutral midpoint).
Hé6b: Demographic traits and prior experience are significantly associated with the degree of
control-preference for these interactional aims.

3.3 Survey Instrument and Measures

The research instrument was developed as a structured digital questionnaire designed to capture
multi-dimensional user expectations across diverse recommendation contexts. The instrument was
grounded in established user-centric evaluation frameworks for recommender systems [31, 57] and
specific metrics for conversational interaction [29, 47], ensuring compatibility with adaptive design
parameters and multi-dimensional UX requirements [10, 84].

Elicitation of interactional aims. Central to the instrument was the elicitation of latent user
preferences across three interactional aims: Educative (the requirement for transparent rationale),
Explorative (the demand for discovery and serendipity), and Affective (the expectation for emotional
and social alignment). These constructs were operationalised as single-item measures to ensure
high completion quality and mitigate respondent fatigue across the intensive 10-domain block. For
example, the educative aim was operationalised through the item: ‘How important is it that the
system explains why these options were chosen?’ (measured on a 5-point Likert scale). To neutralise
potential order effects, both the sequence of domains and the presentation of interactional aims
were fully randomised for each participant.

Situational item-value manipulation. To examine the within-subjects effect of situational stakes
(H4), the instrument featured contrasted vignettes. Participants were presented with situated scenar-
ios that juxtaposed low-stakes contexts (e.g., a casual $10 purchase) against high-stakes conditions
(e.g., a significant $1,000 investment). This within-subjects design ensured that ’perceived value’
was anchored in realistic, domain-specific consumer behaviours rather than abstract estimation,
allowing for the isolation of value-sensitivity as a dynamic modulator.

User traits and autonomy preferences. To study demographic covariates and dialogue-control
expectations, we recorded age group, gender identity, and prior CRS experience, the latter measured
on a 5-point frequency scale. Furthermore, dialogue-control preferences for educative and explorative
aims were elicited using a 5-point bipolar scale (ranging from 1 = fully system-initiated to 5 = fully
user-initiated). These items were framed within a familiar apparel e-commerce context to provide
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a stable reference point for assessing autonomy. Consistent with our theoretical framework, no
autonomy item was collected for the affective aim, as affective support is conceptually defined
as a system-led response to implicit user cues. The complete instrument underwent a pre-test
phase (n = 8) to refine linguistic clarity and cognitive load. Items were strategically adapted from
CRS-Que [29] and validated UX metrics [10, 59, 84] to maintain high construct validity.

Participant recruitment and data refinement. We recruited a total of N = 191 participants through
a multi-channel strategy including Prolific (n = 149), Survey Swap (n = 33), and targeted social
media recruitment (n = 9). Eligibility was restricted to individuals aged 18 or older with verified
English proficiency. Prolific participants were further screened to include only those with a high
historical performance record (> 95% approval rating and > 100 completed studies). The survey was
hosted on the Qualtrics platform, with an average completion time of 9 min; Prolific participants
were compensated $2.40, a rate consistent with institutional and platform ethical guidelines. To
ensure data integrity, we applied rigorous cleansing procedures to identify Insufficient Effort
Responding [50]. A total of 23 cases were excluded based on the following pre-defined criteria:
failing the embedded attention checks (9 cases), exhibiting straight-lining behaviour with a standard
deviation across Likert blocks of SD < 0.2 (7 cases), or presenting implausibly rapid completion
times of less than 3 min (7 cases). The final analytic sample comprised n = 168 valid respondents.
This sample size retained sufficient statistical power for the planned frequentist and Bayesian
analyses and provided a diverse distribution of age, gender, and CRS experience necessary for
robust moderator analysis.

3.4 Data Analysis

Analyses were conducted in Python 3.11 (pandas 2.2, scipy 1.12, statsmodels @.15);Bayesian
models were fitted in Stan 2.33 via cmdstanpy. Ordinal responses (1-5) were analysed using non-
parametric tests or ordinal regression as appropriate. All tests were two-sided with o = .05. Missing
data were handled listwise per analysis (i.e., pairwise inclusion), and sample sizes (n) are reported
with each result. For H6 regressions, the effective model sample was N = 164 after listwise inclusion
of covariates.

Domain effects (HI-H3). Kruskal-Wallis tests [37] were followed, where appropriate, by
Bonferroni-adjusted Mann-Whitney U comparisons. We also fitted hierarchical Bayesian
cumulative-logit models [19] with domain as a fixed factor and participant-level random intercepts
to estimate domain-level uncertainty. Pairwise effect sizes are reported as r = |z|/\/n.

Item value (H4). Within-subject differences between low- and high-value frames were tested with
Wilcoxon signed-rank tests [73]. For transparency, we report Wilcoxon W, the non-tied sample
size n’ (ratings equal to the midpoint are dropped by the test when applicable), p-values, and effect
sizes (r = |z|/+/n’). Rank-biserial and common-language effect size (CLES) are provided.

Demographics (H5). Zero-order associations were assessed with Spearman rank correlations;
the Benjamini—-Hochberg procedure [2] controlled the false discovery rate at g = .05 per predictor
family (30 correlations per demographic predictor). Bayesian cumulative-logit models with random
domain intercepts provided pooled estimates across domains (weakly informative, zero-centred
priors; diagnostics reported in the supplement).

Autonomy preferences (H6a—H6b). One-sample Wilcoxon signed-rank tests against the neutral
midpoint (= 3) assessed preferences for user initiation in educative and explorative aims; ties at the
midpoint were dropped by the test (n” reported). Separate cumulative-logit models [23] examined
demographic predictors, with Gender coded Male= 1, Female= 0, Age treated as categorical
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(reference = 18—24), and CRS experience modelled as ordinal (1-5). Proportional-odds assumptions
and model fit were assessed via surrogate diagnostics and posterior predictive checks.

Inference criteria and diagnostics. Frequentist significance was defined as p < .05. For Bayesian
models, effects were deemed credible when 95% posterior intervals excluded zero. Convergence and
adequacy were assessed using R, effective sample sizes (ESS), divergence checks, and posterior
predictive fit. Given the use of single-item measures, we prioritised Bayesian credible intervals
(95% HDI) over internal consistency metrics (e.g., Cronbach’s a). The Bayesian approach provides a
robust estimate of parameter uncertainty and effect stability, which serves as a statistically rigorous
proxy for reliability in multi-domain elicitation studies.

Ethics. The study was approved by the authors’ institutional Human Research Ethics Committee.
All participants provided informed consent. No personally identifiable data were collected; data
were anonymised at source and stored in compliance with GDPR and institutional data-governance
policies.

Data and code availability. To ensure reproducibility, the anonymised dataset (N = 168), data
processing scripts, and evaluation notebooks—encompassing all frequentist and Bayesian models—
have been made publicly available in our GitHub repository: https://github.com/staraj1/RAE-
Framework-Study.

4 Results

This section presents the empirical findings from our vignette-based elicitation study (N = 168). We
begin by detailing the participant profile, followed by a systematic evaluation of our six hypotheses
(H1-HS6) using a combination of frequentist non-parametric tests and Bayesian hierarchical models.
Collectively, the data validate the core premise of the RAE framework: interactional aims are
significantly modulated by the decision domain, situational item value, and prior system experience.
A consolidated summary of all hypothesis outcomes is provided in Table 10 at the end of this
section.

4.1 Participant Demographics

Table 2 provides a breakdown of the study population. The sample primarily represents younger to
middle-aged adults, with 73.2 % of participants aged 18—34 years. In terms of gender identity, the
sample comprised 57.1 % female, 40.5 % male, and 1.8 % non-binary or other. Notably, the cohort was
nearly evenly split regarding system familiarity: 52.4 % reported at least some prior experience with
CRSs, while 47.6 % were novices. Within the RAE framework, these attributes serve as persistent
user-state features that inform the baseline dialogue policy.

4.2 Domain Effects on Interaction Preferences (H1-H3)

All three interaction aims varied significantly across domains, as shown in Table 3, with Education,
Travel, and Wellness emerging as the top-ranked domains for educative, explorative, and affective
aims, respectively. Furthermore, we conducted Kruskal-Wallis H tests to evaluate domain-level
differences for all three interaction aims. All three yielded significant omnibus effects: Educative
(H(9) = 93.15, p < .001), Explorative (H(9) = 33.34, p < .001), and Affective (H(9) = 25.10, p =
.003), indicating that users’ prioritisation of each aim differed significantly by domain. Table 4 shows
the test statistics and ranks the top and bottom three domains for each aim by mean rank. Follow-up
pairwise comparisons using Bonferroni-adjusted Mann-Whitney U tests identified several domain
pairs with meaningful differences (r > 0.20). As summarised in Table 5, the largest effect emerged
between Education and Dining for the Educative aim (r = .36), supporting the hypothesis that
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Table 2. Demographic Profile and Baseline System Experience of the Study Population (N = 168)

Characteristic Category n %
Age Group 18-24 years 58 34.5
25-34 years 65 38.7
35-44 years 31 18.5
45-54 years 8 4.8
55-64 years 6 3.6
65+ years 0 0.0
Gender Identity Female 96 57.1
Male 68 40.5
Other (incl. non-binary) 3 1.8
Prefer not to say 1 0.6
CRS Experience None 80 47.6
Some / Frequent 88 52.4

The sample represents a broad distribution of young and middle-aged adults, with a balanced split between
users with and without prior Conversational Recommender System (CRS) experience.

Note: CRS Experience was self-reported based on prior interaction with Al-driven travel or shopping
assistants. Percentages are calculated row-wise and may not sum to 100% due to rounding. CRS Experience
was self-reported based on prior interaction with Al-driven travel or shopping assistants.

Table 3. Descriptive Statistics for Perceived Interactional Aims Across Ten Decision Domains (N = 168)

Domain Educative Explorative Affective

Med. Mode IQR Med. Mode IQR Med. Mode IQR
Apparel 3.00 4 3-4 4.00 4 3-4 3.00 3 2-4
Beauty 4.00 4 3-4 3.00 4 3-4 3.00 4 2-4
Entertainment  3.00 4 3-4 4.00 4 3-4 3.00 3 3-4
Tech 4.00 4 3-5 4.00 4 3-5 3.00 3 2-4
Dining 3.00 4 3-4 4.00 4 3-4 3.00 3 3-4
Wellness 4.00 4 3-4 3.00 3 3-4 4.00 4 3-4
Travel 4.00 5 3-5 4.00 4 3-5 4.00 5 3-5
Education 4.00 4 3-5 4.00 4 3-5 3.00 4 2-4
Finance 4.00 4 3-5 4.00 4 3-4 3.00 4 2-4
Housing 4.00 4 3-4 4.00 4 3-4 3.00 3 2-4

Values represent the Median (Med.), Mode, and Interquartile Range (IQR). Notably, high-stakes domains such as Travel,
Finance, and Housing consistently elicit higher central tendency scores for Educative support, while hedonic domains like
Apparel and Entertainment show a stronger median preference for Explorative interaction.

Note: Ratings measured on a 5-point Likert scale (1 = Low priority, 5 = High priority). IQR reported as 25th-75th percentiles.

educative features are more valued in complex, high-stakes domains. For the Explorative aim,
Travel was rated significantly higher than Wellness (r = .25), consistent with novelty-seeking
preferences in exploratory domains. For the Affective aim, Wellness was rated higher than Tech
(r = .21), reflecting heightened affective expectations in emotionally salient domains.

We further validated these findings using Bayesian hierarchical ordinal regression models, which
incorporated domain-level random intercepts and individual-level fixed effects. Posterior estimates
confirmed the frequentist results. For example, Education domain had the highest estimated inter-
cept for educative interaction ratings (Bgqucation = 1-25, 94% HDI [0.47, 1.96]), while Travel had the
highest for explorative interaction ratings (Bryayel = 1.30, 94% HDI [0.52, 1.99]), and Wellness for
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Table 4. Kruskal-Wallis H-Test Results and Domain-Level Mean Ranks for Interactional Aims
(N = 168 Users Across 10 Domains)

Interaction H df P Top 3 Domains Bottom 3 Domains
Aim (Mean Rank) (Mean Rank)
Educative 93.15 9 <.001 Education (1014.9) Dining (681.0)
Tech (981.8) Apparel (730.4)
Travel (960.9) Entert. (732.5)
Explorative 33.34 9 <.001 Travel (948.9) Wellness (730.4)
Education (916.4) Beauty (770.5)
Tech (898.3) Dining (792.9)
Affective 2510 9 .003 Wellness (922.4) Tech (720.6)
Travel (918.0) Housing (779.5)
Entert. (885.2) Finance (822.4)

Significant H-statistics across all three aims (p < .003) confirm that user prioritisation of Educative, Explorative, and
Affective support is context-dependent. Mean ranks reveal the divergence between high-stakes/functional domains (e.g.,
Education, Tech) and hedonic/wellness domains.

Note: Hfollows a y? distribution with 9 degrees of freedom (d f). Mean ranks represent the relative prioritisation after pooling
all user responses (n = 1680 observations). Higher ranks indicate a stronger demand for that specific interactional quality.

Table 5. Summary of Significant Pairwise Differences from Bonferroni-Adjusted Mann-Whitney U Tests

Interaction Aim Significant Domain Pairs (Directional) Effect Size ()
Educative Education > Dining; Education > Apparel; 0.25-0.36
Tech > Dining; Tech > Apparel; Travel >
Dining
Explorative Travel > Wellness; Education > Wellness 0.23-0.25
Affective Tech < Wellness; Tech < Travel 0.21-0.22

Only pairs with a notable effect size (r > 0.20) are reported. The results indicate that Educative support requirements
exhibit the strongest differentiation between domains (e.g., Education vs. Dining), while Affective requirements are
uniquely prioritised in Wellness and Travel contexts.

Note: p-values were Bonferroni-corrected. Effect sizes r are interpreted via Cohen’s guidelines: > 0.10 (small), > 0.30
(medium). A > symbol indicates the first domain in the pair was rated significantly higher for that specific interaction aim.

affective interaction ratings (Byeliness = 1-12, 94% HDI [0.38, 1.83]). These results provide robust
support for H1, H2, and H3. User preferences for educative, explorative, and affective interaction
aims are not uniformly distributed but vary systematically across application domains. While our
analysis does not directly measure latent factors such as domain complexity, novelty orientation,
or emotional salience, the observed patterns are consistent with these theoretical characteristics.
Although interaction demands may differ across specific items within a domain, the present results
indicate domain-level user expectations that are robust enough to inform adaptive CRS design.
These domain effects can serve as priors for domain-conditioned policies, enabling systems to
initialise aim weightings and explanation styles according to task context.

4.3 Impact of Item Value on Interaction Aims (H4)

To evaluate H4, participants rated the perceived importance of educative, explorative, and affective
aims across two distinct situational contexts: a low-value and a high-value item scenario. This
yielded n = 168 paired observations per interactional aim. Figure 2 illustrates the distribution of
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Distribution of User Ratings for Interaction Aims
by Perceived Item Value
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Fig. 2. Stacked-bar distribution (%) of user ratings for educative, explorative, and affective interaction aims,
comparing low-value and high-value item scenarios. Bars on the left represent low-value items; bars on the
right represent high-value items. Colour gradients from red (rating = 1) to dark blue (rating = 5) indicate
increasing perceived importance.

these ratings. Across all three aims, the transition to a high-value scenario produced a pronounced
upward shift in user expectations. The proportion of low-importance ratings (1-2) decreased
substantially, while high-importance ratings (4-5) saw a corresponding surge. For the educative
aim, high-importance ratings rose from 9 % to 42 % (a 33 percentage point increase), while the
affective aim saw a shift from 1 % to 18 %. Two-sided Wilcoxon signed-rank tests (Table 6) confirmed
that these increases were statistically significant across all dimensions: educative (W = 368.5,
z = —10.66, p < .001, r = .82), explorative (W = 473.5, z = —10.49, p < .001, r = .81), and
affective (W = 68.5, z = —11.13, p < .001, r = .86). All observed effects were categorised as
large according to conventional benchmarks. While median scores remained at 3.0, this measure
of central tendency masked the substantial distributional shifts evident in both the stacked-bar
visualisation and the large effect sizes. These findings provide robust support for H4, suggesting that
perceived decision stakes significantly elevate the importance users place on all three interactional
aims. Within the RAE framework, item value functions as a high-priority state variable that should
trigger real-time policy adjustments. Specifically, under high-value conditions, the dialogue policy
should scale behavioural intensity across three fronts: educative behaviours should transition toward
deeper, more contextualised explanations and comparative justifications; explorative behaviours
should expand to include broader, more diverse retrieval sets; and affective behaviours should
adopt a more empathetic, alignment-oriented tone. This mapping ensures that system responses,
whether implemented via prompt conditioning or controllable NLG, are scaled proportionally to
the situational stakes inferred from task metadata.

4.4 Moderation by User Characteristics (H5)

Hypothesis 5 posited that individual differences, specifically age, gender, and prior CRS experi-
ence, would predict user prioritisation of interactional aims. To test this, we first conducted an
exploratory domain-level correlation screen with Benjamini-Hochberg (FDR) correction, followed
by confirmatory Bayesian hierarchical models to estimate global effects across domains.
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Table 6. Wilcoxon Signed-Rank Test Results Comparing User Prioritisation of
Interactional Aims between Low-Value and High-Value Item Conditions (n = 168 Pairs)

Interaction Aim w z p r

Educative 368.5 —10.66 <.001 .822
Explorative 473.5 —10.49 <.001 .809
Affective 68.5 -11.13 <.001 .859

The extremely large effect sizes across all dimensions (r > .80) indicate that the perceived value of
the recommendation item is a primary driver of user demand for Educative, Explorative, and
Affective support, justifying the adaptive state-logic of the RAE framework.

Note: All tests are paired and two-tailed. Effect size r is computed as |z|/\/n. According to Cohen’s
guidelines, r > .5 represents a large effect.

Table 7. Correlation Analysis of Demographic Covariates and Interaction Aims

Domain Interaction Age Gender CRS Exp.
Aim p(p) p(p) p(p)
Apparel Explorative —0.04 (.99) —0.01 (.93) 0.27** (.00)
Education Educative —0.15 (.78) —0.00 (.99) 0.18* (.05)
Education Explorative —0.07 (.99) 0.14 (.26) 0.19* (.04)
Entertain. Affective —0.01 (.99) —0.02 (.92) 0.24* (.01)
Finance Affective 0.02 (.99) 0.14 (.26) 0.21* (.03)
Finance Educative 0.00 (.99) 0.04 (.77) 0.19* (.04)
Finance Explorative 0.10 (.99) 0.24* (.04) 0.20* (.04)
Housing Affective —0.00 (.99) 0.24* (.04) 0.16 (.07)
Housing Explorative —0.06 (.99) 0.19 (.15) 0.18* (.05)
Tech Affective 0.04 (.99) 0.07 (.70) 0.32** (.00)
Tech Explorative —0.02 (.99) 0.04 (.77) 0.20* (.04)
Wellness Affective —0.16 (.78) 0.14 (.26) 0.23* (.01)
Wellness Educative —0.00 (.99) 0.04 (.77) 0.24* (.01)
Wellness Explorative —0.02 (.99) 0.12 (.33) 0.33** (.00)

The table presents Spearman’s rank correlation coefficients (p) and Benjamini-Hochberg (BH)
adjusted p-values. Notably, CRS Experience shows a consistent positive association, whereas Age and
Gender exhibit minimal significant effects.

Note: Gender effect-coded (+1 Female, —1 Male). CRS Exp. measured 1-5. Significance:

*p <.05,* p < .01 (BH-adjusted). Only rows with at least one significant result shown.

Domain-level associations (Spearman). For this analysis, gender was effect-coded (female = +1,
male = —1) and CRS experience was treated as an ordinal 5-point scale. Table 7 reports the resulting
Spearman’s p coefficients and FDR-corrected p-values. CRS experience emerged as the most robust
predictor, with 13 of 30 domain-interaction combinations reaching significance after correction.
This included educative importance in Dining and Wellness; explorative importance across almost
all domains except Tech and Entertainment; and affective importance in Apparel, Beauty, Finance,
and Tech. In contrast, gender effects were highly localized, appearing only for explorative aims in
Finance and affective aims in Housing. Notably, age yielded no significant associations across any
domain or aim after multiple-comparison correction.

Bayesian hierarchical ordinal models. To confirm these trends, we fitted cumulative-logit mixed
models using Stan (4 chains, 2000 post-warmup draws). These models incorporated domain-level
random intercepts (¢ ~ N(0,0,)) and weakly informative N(0,1) priors. Convergence was

excellent, with R < 1.01 and ESS exceeding 1500 for all parameters. Posterior predictive checks (see
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Table 8. Descriptive Statistics and One-Sample Wilcoxon Signed-Rank Tests for
Dialogue Control Preferences (N = 168)

Interaction Aim Mean (SD) Median w z r
Educative 3.47 (1.02) 4.00 13450 —5.12 .39
Explorative 3.45 (0.98) 3.50 1566.0 —4.88 .38

Participants exhibited a significant preference for user-initiated control across both aims
(p < .001), supporting Héa. Effect sizes (r) suggest users value autonomy in directing the
conversation during both educative and explorative phases.

Note: Scale: 1 = System-initiated, 3 = Neutral, 5 = User-initiated. All tests are compared
against the neutral midpoint (3). Spearman’s p(Educative, Explorative) = 0.47, p < .001.

Appendix Figures B.1-B.3) show strong alignment between predicted and observed frequencies,
indicating good model calibration and fit. The estimated global effects (94% HDI) across all domains
were:

Educative: B, = 0.21 [0.12,0.29]; Byenger = —0.25 [~0.43,-0.06]; B,q, = —0.08 [—0.17,0.00].
Explorative: B, = 0.36 [0.27,0.44]; Byenger = —0.42 [0.60,-0.25].

Affective: B, = 040 [0.32,049]; Byonger = —0.51 [~0.69,-0.34].

Summary and implications. Across both analytical lenses, CRS experience emerged as the most
consistent and positive predictor of interaction-aim importance, supporting its role as a stable input
for adaptive user modelling. In contrast, gender effects were notably sparse and domain-specific
(e.g., Explorative in Finance and Affective in Housing), while age showed no reliable influence after
multiple-comparison correction. These results imply that only CRS experience warrants global
policy adaptation, while gender-based adjustments should remain localised and cautious, and
age can be excluded as a policy variable. This finding is consistent with the RAE framework’s
implementation-agnostic guidance for lean, ethically grounded adaptation in CRS. By deprioritising
blunt demographic categories in favour of behavioural signals like system experience, the framework
achieves a more robust and personalized user-state representation.

4.5 User Autonomy and Dialogue Control (H6)

While the preceding analyses established the situational and individual drivers of interactional
aims, the practical implementation of the RAE framework requires an understanding of how
dialogue initiative should be distributed between the agent and the user. Consequently, we anal-
ysed user preferences for dialogue control within the educative and explorative CRS interaction
phases.!

Descriptive statistics and preference tests. Table 8 reports the descriptive statistics and Wilcoxon
signed-rank tests for the two 5-point control items (where 1 = fully system-initiated and 5 =
fully user-initiated). User ratings for both educative and explorative control were significantly
above the neutral midpoint (3.0), indicating a clear general preference for user-initiated interaction
and providing strong support for Héa. The observed effect sizes were medium-large for both
educative (W = 1345,z = —5.12, p < .001,r = 0.39) and explorative (W = 1566,z = —4.88,p <
.001,7 = 0.38) interaction types. Furthermore, a moderate positive correlation between the two
items (Spearman’s p = 0.47, p < .001) indicated high internal consistency in autonomy preferences
across distinct interactional aims.

'We did not include a control item for affective interactions as affective support is inherently system-led, arising from implicit
user cues and contextual inference rather than explicit user direction. Including control ratings for affective behaviour
would risk conflating preference with feasibility.
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Table 9. Cumulative Logit (Ordinal) Models Predicting User-Initiated
Dialogue-Control Preferences (N = 164)

Predictor Educative Explorative
p p p p
Gender (Male) —0.79 .009 —0.27 .349
CRS Experience —0.03 .815 0.14 .264
Age Group?
25-34 years 0.15 650 0.27 420
35-44 years —0.29 .489 0.09 .819
45-54 years —0.16 .849 —0.03 .966
55-64 years —0.13 .852 0.05 .947

Notably, Gender emerges as a significant predictor for the Educative aim

(p = .009), where females indicate a significantly higher preference for user-led
control compared to males.

Note: Gender coded as Male=1, Female=0. Negative f for Gender indicates higher
odds for females to prefer user-initiated control. Reference group for Age is 18-24
years. Bold indicates statistical significance (p < .05).

Ordinal logistic regression models. To evaluate H6b, we fitted separate ordinal logistic regression
models predicting user preferences for control. Predictors included gender (Male=1, Female=0), CRS
experience (ordinal), and age (categorical, with 18-24 as the reference group). As shown in Table 9,
gender significantly predicted autonomy preferences within the educative model. Specifically, female
participants exhibited significantly higher odds of preferring user-initiated control (Male coefficient
B =—0.79, p = .009; Female vs. Male OR = 2.19,95% CI[1.22,3.95]). In contrast, no demographic
predictors reached significance in the explorative control model. These findings suggest that while
overall user preferences favour high autonomy (Hé6a), demographic modulation is limited to a
modest gender-specific effect in educative dialogue (H6b).

Summary and implications for adaptive CRS design. Our findings demonstrate a statistically
significant preference for user-initiated dialogue control during both educative and explorative
exchanges. This autonomy orientation was consistent across interactional aims, supporting Héa.
Regarding H6b, gender emerged as the sole demographic predictor, and specifically only within the
educative context, where females were more likely than males to prefer user-led control. Within
the RAE framework, these autonomy preferences act as a vital user-state signal for dialogue
management. While the results do not dictate a specific technical stack, they suggest that adaptive
systems can improve user alignment by dynamically adjusting initiative-taking strategies. Given
the observed stability of these preferences, implementing a lightweight personalisation rule or
model feature can sufficiently support experiential consistency without introducing unnecessary
architectural complexity.

4.6 Summary of Hypothesis Tests

Table 10 consolidates all six hypotheses, summarising methods, key findings, and outcomes. Patterns
across results indicate that domain context, perceived item value, prior CRS experience, and autonomy
preferences are the most consistent and discriminative user-state signals for tailoring educative,
explorative, and affective interaction aims. H1-H3 confirmed systematic variation across domains,
with high-stakes and cognitively complex contexts elevating educative aims, and affect-rich contexts
elevating affective aims. H4 showed that high-value items consistently increased ratings across
all aims, underscoring sensitivity to perceived decision stakes. H5 revealed that CRS experience
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Table 10. Summary of Hypothesis Testing Outcomes (H1-H6)

Hypothesis Method(s) Key Findings Status
H1: Educative / complexity KW, MWU, Bayes Omnibus H = 93.15, p < .001; Education > Supported
Dining (r = .36), Tech > Apparel (r = .32).
Bayesian fgq,c. = 1.25,94% HDI [0.47, 1.96].

H2: Explorative / novelty KW, MWU, Bayes Omnibus H = 33.34, p < .001; Travel > Supported
Wellness (r = .25). Bayesian fr.,, = 1.30,94%
HDI [0.52, 1.99].

H3: Affective / emotion KW, MWU, Bayes Omnibus H = 25.10, p = .003; Wellness > Tech Supported
(r = .21). Bayesian Sy, = 1.12,94% HDI
[0.38,1.83].

H4: Item value moderation Wilcoxon (paired) High-value items rated significantly higher for Supported
all aims (p < .001): Educative (r = .82);
Explorative (r = .81); Affective (r = .86).

HS5: User traits Spearman, Bayes CRS experience positive in 13/30 pairs Partially Supported
(B = .21-.40, HDIs ? 0). Gender/Age effects
largely negligible.

Hé: Autonomy / Mode Wilcoxon, Regr.  Preference for user-initiated control Partially Supported

(r = 0.50, p < .001). Females prefer user-led
educative control (OR = 2.19, p = .009).

Findings synthesise frequentist tests (Kruskal-Wallis, Wilcoxon) and Bayesian hierarchical modelling. The results confirm
that interactional aims are significantly modulated by decision domain (H1-H3) and item value (H4), while user traits
(H5) and autonomy preferences (H6) exhibit more nuanced, partial support.

Note: KW: Kruskal-Wallis; MWU: Mann-Whitney U; Bayes: Bayesian hierarchical ordinal regression; HDI: Highest
Density Interval. n = 168.

Supported: p < .05 and Bayesian HDI excludes zero. Partially Supported: Significant effects found in specific subsets only.

reliably predicted higher ratings, whereas gender effects were rare and domain-specific, and age
effects negligible. H6 indicated a general preference for user-initiated dialogue, with only minor
demographic modulation. From an RAE framework perspective, these variables can be modelled
as features in an adaptive CRS state representation, regardless of underlying implementation. This
enables dialogue policies, whether learned or heuristic, to adjust aim weighting, explanation depth,
exploratory breadth, and conversational initiative in ways that are context- and user-aligned. The
findings thus provide direct, evidence-based parameters for adaptive policy design, extending
beyond static interface guidelines toward experience-sensitive conversational strategies.

5 Discussion

Prior work on CRS has typically examined educative, explorative, or affective aims in isolation,
or treated user experience as a static evaluation outcome rather than an adaptive driver of dialogue
policy [7, 70, 80, 81]. Our findings extend this literature by showing how these aims can be modelled
jointly and how their relative importance shifts with domain, item value, and user characteristics.
This reframing positions experiential aims not solely as post-hoc evaluation constructs but as action-
able state features, providing a bridge between user-centred evaluation frameworks (e.g., ResQue
[57], CRS-Que [29]) and adaptive dialogue management approaches [4, 8]. By demonstrating that ed-
ucative, explorative, and affective aims operate as dynamic state variables shaped by context and user
signals, our study establishes an empirical basis for context-sensitive CRS dialogue management.

5.1 From Empirical Evidence to Adaptive Logic

The empirical findings presented in Section 4 provide more than a statistical validation of our
hypotheses; they offer the necessary grounding for a multi-layered approach to conversational
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adaptation. By quantifying the systematic shifts in user expectations across 10 domains, varying
stakes, and diverse individual backgrounds, we can move beyond “one-size-fits-all” dialogue poli-
cies. The following sections synthesise these insights into the RAE framework, establishing how
contextual and user-state signals can be mapped to experience-aligned system behaviours.

Domain-specific prioritisation of interaction aims. Results for RQ1 and H1-H3 confirm
that the importance users assign to educative, explorative, and affective aims varies systematically
across domains. From an adaptive CRS perspective, these patterns can be encoded as domain-level
priors in the system’s state representation, providing baseline weightings that guide the dialogue
policy before finer-grained situational or user-specific signals are incorporated [17, 27]. Such priors
allow a CRS to initialise explanation depth, novelty breadth, and affective tone in ways that match
the cognitive and emotional demands characteristic of each application area, thereby supporting
context-sensitive interaction from the outset.

Educative aims: cognitive complexity and contextual nuance. As hypothesised in H1, educative
aims were highest in complex domains (Education, Technology), confirmed by a robust Kruskal—-
Wallis test (H(9) = 93.15, p < .001). Pairwise effects (e.g., Education vs. Dining, r = 0.36) show
strong differentiation from less cognitively demanding domains. In an adaptive policy model,
such results justify higher initial weights for educative behaviours when domain_complexity is
high, triggering richer rationales and scaffolded guidance [84]. Interestingly, Travel also ranked
highly for educative aims alongside explorative and affective priorities, suggesting a blended
aim configuration. Conversely, Finance showed heterogeneous responses, implying sub-domain
profiling or user-specific signals are necessary.

Explorative aims: hedonic vs. stability-driven contexts. Consistent with H2, explorative aims peaked
in novelty-oriented domains (Travel, Entertainment), H(9) = 33.34, p < .001. These domains can
be tagged with a high novelty_orientation feature, prompting broader candidate diversity and
serendipitous recommendations. Lower explorative prioritisation in Wellness illustrates the need
for policies that suppress novelty when affective stability is valued, aligning exploration parameters
with domain-specific risk profiles [26].

Affective aims: emotional and social salience. Aligned with H3, affective aims dominated in
Wellness and Beauty (H(9) = 25.10, p = .003), supporting high default weights for empathetic tone
and rapport-building behaviours when emotional_salience is high [59]. These features can serve
as triggers in an adaptive orchestration layer, activating affective templates or tone modulation
modules.

These domain-level patterns map directly to policy initialisation parameters (domain priors)
that can be overridden or reweighted in real time as situational (Section 5.1) and user-specific
(Section 5.1) signals become available.

Item value sensitivity as a dynamic modulator. Addressing H4, perceived item value emerged
as a strong within-subject modulator of aim prioritisation. Wilcoxon signed-rank tests confirmed
significant increases under high-value scenarios for all three aims: Educative (r = .82), Explorative
(r = .81), and Affective (r = .86), with all p < .001. These large effects demonstrate that as decision
stakes rise, users recalibrate their expectations toward deeper explanation, broader exploration,
and richer emotional engagement. This finding resonates with prior research suggesting that
decision value amplifies user demands for justification, transparency, and support in recommender
interactions [10, 29]. From an adaptive dialogue management perspective, item_value serves as a
high-sensitivity variable within the state vector, capable of triggering substantial reweighting of
aims within a single session. This aligns with the RAE proposition that situational variables can
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override or amplify baseline policy parameters in real time. Operational requirements: Incorporating
these insights into functional CRS deployments necessitates that the system treats item_value as a
tracked, dynamic state feature. The architecture must support the mapping of high-value conditions
to specific aim-weight adjustments, whether through heuristic thresholds or learned gradients,
while ensuring a graceful return to baseline aim levels as situational cues diminish. This mechanism
of layered adaptivity prevents over-optimisation and user fatigue, ensuring the system remains
efficient in low-stakes cases while providing high-fidelity support when stakes are elevated.

Moderation by user characteristics. Addressing H5, prior CRS experience emerged as a consis-
tent predictor of higher ratings across multiple domains. This supports the notion that familiarity
with conversational systems fosters higher expectations for depth, novelty, and socially expressive
behaviours [5, 27]. In contrast, gender effects were narrower and context-contingent, appear-
ing primarily in the Finance domain for explorative aims and Housing for affective aims. For
instance, females assigned significantly higher affective ratings in the Housing context (Bayesian
B = —0.51, 94% HDI excluding zero), suggesting a context-linked sensitivity to socially supportive
behaviours [58]. Conversely, age effects were negligible after correction for multiple comparisons,
aligning with contemporary findings that user expectations for conversational assistants are more
uniformly distributed across age groups than previously theorised [1].

User-centric policy implications. Translating these insights into the RAE framework necessitates
a tiered approach to demographic features. Given its predictive robustness, crs_experience
should be treated as a high-confidence behavioural feature for real-time policy adjustment. For
expert users, the system should reduce conversational redundancy and increase the injection
of novelty; for novices, the policy should shift to prioritise clarity, scaffolding, and interactional
reassurance. Furthermore, the results suggest that demographic features like gender must be treated
as conditional modulators, applied only in specific domains where reproducible, context-specific
effects have been validated. Importantly, while our analysis found age to have a negligible predictive
influence on interactional aims, this finding must be interpreted within the constraints of our sample
demographic. With 73.2 % of participants aged 18-34 and zero representation of adults aged 65 and
older (Table 2), the current dataset lacks the variance necessary to definitively conclude that age does
not influence CRS expectations. Consequently, while age may be deprioritised as a primary policy
variable for younger cohorts, future research specifically targeting older demographics is required
before drawing conclusions regarding age-based adaptation. For a detailed discussion on the ethical
considerations of this approach, including safeguards against stereotyping, see Section 5.2.2.

User autonomy and dialogue control preferences. Addressing H6a and Héb, participants
showed a clear preference for user-initiated dialogue for both the educative (M = 3.47; median =
4) and explorative (M = 3.45; median = 3.5) aims. One-sample Wilcoxon signed-rank tests against
the neutral midpoint (3 = equal user/system initiative) indicated ratings above neutral for both
aims (Educative: W = 1345, n” = 110, p < .001, r = 0.51, rank-biserial = 0.56, CLES = 0.78;
Explorative: W = 1566, n” = 116, p < .001, r = 0.49, rank-biserial = 0.54, CLES = 0.77; Table 8). A
moderate positive association between the two aims (Spearman’s p = 0.471, p < .001) suggests
that autonomy preferences are broadly consistent across educative and explorative contexts.” These
findings echo broader work in conversational systems, where users frequently prefer to retain
initiative in information-rich interactions [32, 41, 67].

Demographic moderation. Ordinal logistic regression identified gender as the only reliable demo-
graphic predictor, and only for the educative aim: female participants had higher odds of preferring

2n’ denotes the number of non-tied observations (ratings # 3) used by the Wilcoxon test.
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user-initiated control (Male coefficient f§ = —0.785, p = .009; Female vs. Male OR = 2.19, 95% CI
[1.22, 3.95]; see Table 9). Age and CRS experience were non-significant. Notably, domain-specific
gender effects observed for aim importance (e.g., explorative-Finance; affective-Housing) did not
map onto corresponding differences in control preference; the detected control effect appears
specific to educative dialogue.

Contextual scope of autonomy preferences. While the observed preference for user-initiated
dialogue provides a strong baseline for the RAE framework’s autonomy_pref parameter, it is
crucial to acknowledge the contextual bounding of this finding. The dialogue-control items in this
study were framed explicitly within an apparel e-commerce context—a domain characterised by
high hedonic value but relatively low cognitive risk. User autonomy preferences when browsing
for clothing may differ vastly from the initiative structures desired when applying for a mortgage
(finance) or seeking medical advice (wellness). Furthermore, our framework intentionally excluded
a control metric for the affective aim, operating on the theoretical assumption that genuine affective
support is inherently system-led, arising from implicit user cues rather than explicit user commands.
While this assumption aligns with current affective computing paradigms, it remains an empirical
question whether users desire explicit control over emotional interaction styles. Future multi-
domain autonomy studies are necessary to validate whether these initiative preferences hold across
higher-stakes contexts and across all experiential dimensions.

Policy implications. Within the RAE framework,
autonomy_pref can be modelled as a state feature that allocates conversational initiative:
High autonomy_pref — system defers to user-initiated turns; unsolicited prompts are minimised
except under high-stakes conditions or when clarification is urgent.
Low autonomy_pref — system adopts more initiative, proactively scaffolding the dialogue while
maintaining easy opt-out.
For affective behaviours, often more effective when timely and unsolicited, system-initiated turns
can remain the default, triggered by sentiment cues and always overrideable by the user [43, 78].

Interaction with domain and value. Autonomy preferences interact with domain profile and
perceived value: in educative-dominant, higher-value contexts (e.g., Education, Technology), user-
initiated turns can enhance trust and comprehension; in affect-rich contexts (e.g., Wellness, Beauty),
gentle system-initiated affective support may better sustain rapport. Thus, autonomy_pref comple-
ments domain profile, item value, and user traits to yield an adaptive initiative strategy within the
RAE state—policy mapping.

5.2 RAE Perspectives and Framework

The empirical validation of interactional aims as dynamic variables—shaped by domain, item value,
and user experience—enables a direct transition to architectural design. Consequently, the RAE
framework translates these layered findings into a formal control model for CRS.

The RAE adaptation framework. The dialogue manager maintains a state vector with four fea-
ture groups: (1) domain_profile (task complexity, novelty orientation, emotional salience), (2)
item_value (stakes), (3) user_traits (behavioural history, conditional demographics), and (4)
autonomy_pref (initiative pattern). A policy function maps this state to an aim-weight vector over
educative, explorative, and affective aims. Formally, at any dialogue turn £, the conversational state
is represented as the vector:

St = <D’ Vt’ Z[exp’ Z[aut’ Ht>
where D represents the domain priors, V; the dynamic item value, U, and U ,,; the persistent
user traits and autonomy preferences, and H;, the latent dialogue history. The adaptation policy 7
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Table 11. Context-Sensitive Modulation of Interactional Aims within the Recommendation-as-Experience
(RAE) Framework

Domain cluster Edu. Exp. Aff. Preferred mode Indicative triggers
High-stakes / Complex v - —-  System — User High item value; extreme
decision complexity

Cross-cutting (e.g., Travel) Ve Ve v/ Mixed-initiative Multi-criteria trade-offs;
novelty seeking

Hedonic / Leisure - vV /' User-led or Mixed  Visual novelty cues; trend-
based browsing

Affect-rich / Identity v vV V/V Gentle System Init. Emotional salience; ex-
pressed sentiment

Social / Contextual v Vv V/ User-led/Nudges Occasion framing; group
decision context

Functional / Pragmatic v - —-  System — User Specification comparison;
expertise signals

The table illustrates how the system dynamically shifts its emphasis across Educative (Edu.), Explorative (Exp.), and
Affective (Aff.) dimensions based on domain-specific triggers and situational complexity. By mapping these high-level
clusters to preferred dialogue modes (e.g., system-led vs. user-led), the framework facilitates an adaptive initiative-taking
policy that balances epistemic decision support with affective alignment.

Note: v/ /: Primary/Strong emphasis; v': Secondary/Moderate emphasis; —: Low/De-emphasized.

Preferred dialogue mode specifies the allocation of conversational initiative based on the predicted user information need.

then maps this state to the weight vector a;:
n(sy) > a,  where a; = {Weqy, Wexp, Wagr}

The transition from empirical user expectations to computational system parameters is illustrated
in Figure 4, which maps the significant effect sizes derived from our multi-domain study to the
primary weights of the RAF state vector. This mapping is implementation-agnostic and can be
realised as rules, learned policies, or LLM-based orchestration layers [27, 39, 77, 77, 80]. Table 11
encodes rules consistent with our post-hoc analyses; these serve as defaults that a learned or hybrid
policy can refine. Figure 3 presents the RAE adaptation framework in a triangular view. The three
interaction aims define a ternary space, with contextual signals feeding into a mixer that produces
a blended behavioural orientation.

5.2.1 lustrative Design Vignettes and Rule-set. Building directly on the synthesis presented in
Section 5.2, we illustrate how the layered predictors of domain, item value, user traits, and autonomy
preferences are operationalised through the RAE framework. To demonstrate the framework’s
flexibility, we present two contrasting interaction scenarios.

Scenario A: High-Stakes Travel Planning. Consider a user planning a once-in-a-lifetime honey-
moon, representing a high-value situational context within the Travel domain. In this scenario,
the domain layer is characterised as novelty-heavy and moderately complex; consequently, the
RAE framework assigns balanced emphasis to explorative and educative aims (Section 5.1). Within
the user layer, we observe a highly experienced CRS user, triggering a shift in system tone toward
concise and socially engaging responses (Section 5.1). Finally, at the situational layer, the high
item_value signals the need for deeper explanations, wider option diversity, and the activation
of affect-sensitive phrasing (Section 5.1). The resulting interaction surfaces serendipitous travel
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Affective
Legend
Dashed arrows: inputs to mixer
Thick arrow: output to aim blend
Domain context
(task profile)
Example
blend
User traits Context Autonomy
(experience, gender) Mixer preference
Explorative
Item value
(stakes)

Fig. 3. RAE adaptation framework (triangle view). Educative, explorative, and affective aims form the vertices
of a ternary space. Contextual inputs (domain, user traits, item value, autonomy preference) feed into a mixer,
yielding an adaptive blend of aims that guides CRS behaviour.

Stage 1: Elicitation Data Stage 2: Analysis Stage 3: RAE Framework

Priors
Scenario-based Survey Bayesian Models State Vector s;
(N = 168) & Effect Sizes (r) & Policy
) o e | I T T I ) Aot BeiEen |
High vs. Low | Empirical Weight Adaptive Policy |
I I I

| |

: Value Vignettes Validation : Mapping
Fig. 4. The three-stage methodological workflow for operationalising the Recommendation-as-Experience
(RAE) framework. Stage 1 elicits user preferences through high-stakes vignettes; Stage 2 utilises Bayesian
modeling to derive robust empirical weights and effect sizes (r); and Stage 3 translates these weights into a
formal computational policy & and state vector s, for adaptive system behaviour. Dashed boxes represent the

specific sub-components validated at each phase of the pipeline.

options paired with transparent tradeoffs, such as detailed cost breakdowns and contextualised
justifications.

Scenario B: Postgraduate Education Selection. In contrast, consider a user evaluating postgraduate
study options. Here, the Education domain profile is primarily cognitively demanding and high-
stakes. At the domain layer, educative aims dominate to provide the structured comparisons and
rationale necessary for such a significant decision. Within the user layer, the system identifies a
novice user with limited CRS experience; the dialogue policy thus prioritises scaffolding, clarity, and
step-by-step guidance. Given the high item_value at the situational layer, the system proactively
surfaces additional resources such as career outcomes and alumni reviews to bolster user confidence.
The system ultimately articulates degree options with transparent tradeoffs (e.g., tuition fees vs.
global ranking), carefully balancing the depth of functional explanation with active reassurance.

Operationalising the RAE Framework. These narratives illustrate how domain profiles, user traits,
and situational value cues jointly determine adaptive aim blends. This mapping logic can be realised
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through various computational architectures, ranging from heuristic rule-sets to learned policies
or LLM-based orchestration layers [80, 87]. As demonstrated in the pseudocode below, the RAE
state vector serves as a principled input for these policies, ensuring that real-time system behaviour
remains grounded in validated predictors.

# State vector derived from multi-source signals

state = {
"domain_profile": "Travel",
"item_value": "High",
"user_traits": {"crs_experience": "High"},
"autonomy_pref": "User-led"
}

# (a) Rule-based Mapping (Heuristic Policy)
if state["item_value"] == "High":
set_aim_weights(educative=0.8, explorative=0.6, affective=0.7)

# (b) Learned Policy (Supervised/RL Mapping)
# Vectorises state and predicts weight distribution
weights = policy_model.predict(encode(state))

# (c) Orchestration (LLM adaptation)

# Adapts prompt instructions based on aim weights
prompt = adapt_prompt(base_template, weights)
response = generator(prompt)

This state-driven approach ensures that the RAE framework remains independent of the specific
implementation stack while providing a conceptual vocabulary for designing context-sensitive
recommendations.

5.2.2  Design Guidance. The RAE framework facilitates adaptation across three primary dimensions:

System initialisation. Levers include domain-aware defaults, where weights are derived from a
domain_profile, and aim-aligned evaluation, which complements standard ranking metrics with
specific experiential measures [29].

User-centric personalisation. Personalisation is achieved through behavioural calibration based on
CRS experience and configurable autonomy, allowing users to manage initiative through interface
elements like detail-discovery sliders.

Contextual dynamics. The system maintains relevance via real-time value triggers that scale aims
during high-stakes episodes and uses transparent adaptivity to communicate these transitions to
the user.

These findings establish a principled foundation for encoding experiential aims as adaptive
state variables in CRS. Building on established foundations of explainability [3, 84], exploratory
search [9, 49], and affective support [14, 59, 64], our study addresses a substantial gap in the
literature. While prior research has significantly advanced ranking accuracy and intent mod-
elling [68, 81], as well as conversational fluency and empathy [59, 71], these experiential strands
have largely been studied in isolation or treated as static evaluation outcomes. Our study addresses
this gap by providing empirical evidence for when and how educative, explorative, and affective
aims should be foregrounded jointly. Building on these insights, the proposed RAE adaptation
framework conceptually outlines how contextual signals (domain, value, user traits) are mapped to
policy mechanisms and to specific behavioural realisations: educative (justifications, contrastive
comparisons), explorative (serendipitous suggestions, novelty framing), and affective (empathetic
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Fig. 5. The Recommendation-as-Experience architectural flow. The Control Plane continuously aggregates
contextual inputs into a State Vector (s,), which a Policy Network maps to an aim-weight vector (a,). This
decoupled approach isolates state calculations from the generation path.

User Traits (U)
CRS Experience
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tone, sentiment alignment). By treating these aims as adaptive state variables, the RAE perspective
provides both a conceptual vocabulary and practical levers for designing personalised, transparent,
and context-sensitive conversational recommendations.

Responsible adaptation and safeguards. In applying the RAE framework, we recommend a con-
servative stance on personalisation. Behavioural signals (e.g., prior CRS experience) should be
prioritised as primary drivers of adaptation, while demographic variables are treated only as con-
ditional features, used selectively and only where validated, context-specific effects exist. This
approach prevents demographic attributes from serving as crude segmentation criteria and mit-
igates risks of stereotyping or unfair treatment [10, 16, 51]. In addition, policy shifts should be
logged for auditability and user oversight, ensuring that adaptive behaviours remain transparent,
accountable, and respectful of user autonomy.

5.2.3 Computational Feasibility and Live Inference Architecture. While the heuristic mappings
presented in Table 11 establish a conceptual baseline, operating the RAE framework in a live,
dynamic environment necessitates a transition from static rule-based logic to continuous real-time
adaptation. Deploying such adaptive mechanisms within modern CRS introduces computational
constraints, primarily concerning inference latency and memory overhead. To satisfy these require-
ments without compromising the architecture-agnostic nature of the framework, the RAE system
is conceptualised as a decoupled, two-plane architecture (Figure 5): a lightweight state-tracking
control plane and a parameter-efficient execution data plane.

The control plane: Dynamic state calculation and neural policy routing. To capture the fluid
dynamics of user experience, the conversational state s; must be updated asynchronously, avoiding
synchronous blocking during live inference. As user utterances are processed via Natural Language
Understanding pipelines, a lightweight embedding model (e.g., a quantised bi-encoder [61, 82])
extracts semantic intent to update the temporal item value (V;) and conversational history (H;).
The mapping of this state s, to the continuous aim-weight vector a, = {w,4,, Wexps Waﬁr} is executed
via a shallow Neural Policy Network (e.g., a multi-layer perceptron or a reinforcement learning
actor network) [18, 42, 75], as illustrated in the Learned Policy pathway of our framework. Because
this policy network is computationally lightweight, the forward pass to calculate a; incurs sub-
millisecond overhead. This isolates the state-calculation cost from the critical path, ensuring policy
routing completes well within the strict latency budgets required for fluid conversational agents
before the computationally expensive generation phase begins [17, 55, 79].

The data plane: Orchestration, latency, and memory footprints. Once the aim-weight vector a; is
derived, it must be deployed to modulate system behaviour. In LLM-powered CRS environments,
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the primary computational bottlenecks are Time-To-First-Token (TTFT) latency and GPU VRAM
consumption associated with the KV-cache. To ensure the deployment of a; does not cripple
system throughput, the RAE framework relies on parameter-efficient conditioning rather than
prompt-bloating heuristics. This can be achieved via dynamic system prompt orchestration—where
only highly relevant contextual triggers are prepended based on the dominant weights in a,—or
through advanced serving engines employing multi-LoRA (Low-Rank Adaptation) multiplex-
ing [22]. Under a multi-LoRA architecture, interactional aims are trained as independent, low-rank
adapters. During inference, the serving engine dynamically interpolates these adapters into a
shared base LLM on a per-request basis. This allows a single deployment endpoint to simultane-
ously serve numerous concurrent users, each experiencing uniquely weighted RAE policies, with
an (1) memory footprint overhead per adapter and negligible impact on autoregressive decoding
latency.

Hybrid efficiency and graceful degradation. Finally, robust live deployments must account for
system resilience and computational quotas. By maintaining the heuristic rule-set as a fallback
mechanism, the RAE framework ensures graceful degradation. If dynamic LLM generation exceeds
latency thresholds, or if the user is operating in a highly structured, low-stakes domain where
generative models offer diminishing returns, the policy smoothly defaults to deterministic, retrieval-
augmented templates. This hybrid approach ensures the system maintains high availability and
continuous experiential support while optimising overall computational expenditure.

5.3 Limitations and Future Work

While this study establishes an empirical foundation for the RAE adaptation framework, certain
methodological constraints present clear avenues for future research. First, to mitigate respondent
fatigue across the ten-domain elicitation, we operationalised complex constructs (Educative, Ex-
plorative, and Affective aims) using single-item measures. While this enabled broad cross-domain
comparison and the extraction of high-level heuristic weights, it inherently limits construct validity
compared to multi-item psychometric scales. Future iterations should employ robust multi-item
instruments and deeper cognitive profiling to better capture user heterogeneity. Second, our method-
ology relies on stated preferences elicited through vignettes, which introduces the well-known gap
between what users explicitly say they want and their implicit, observed interaction behaviours.
While individual self-reports can contain noise, our robust sample size (N = 168) helps mitigate the
risk of consistent, unidirectional biases skewing the overall aim weightings. Furthermore, extract-
ing these nuanced, multi-dimensional expectations purely from implicit behavioural data would
necessitate a highly complex experimental design involving multiple fully functional, domain-
specific CRS deployments, which is currently infeasible. While our vignette approach successfully
isolates domain variables from technical confounds, this static design cannot account for the tem-
poral dynamics of conversational decision-making, where a user’s interactional needs may evolve
dynamically within a single session. Consequently, the framework’s ultimate efficacy requires
iterative validation through longitudinal field deployments and live A/B testing of policy rules.
Such deployments are essential to confirm whether dynamic aim adaptation improves objective
outcomes (e.g., task success, retention) in functioning LLM-powered or hybrid CRSs. Finally, our
findings regarding dialogue-control preferences were bounded by an apparel e-commerce context.
Future multi-domain studies are necessary to validate whether these user-led autonomy preferences
hold in higher-stakes environments (e.g., finance or health), and to empirically test our theoretical
assumption that affective support is most effective when system-led. Exploring these dimensions
alongside richer, sequential interaction data will further refine the state-policy mapping required
for fully adaptive, context-aware conversational recommendation.
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6 Conclusion

This study advances the design of user-centred CRS through the formalisation of the RAE adaptation
framework. By conceptualising recommendation as an unfolding, situated interaction rather than
solely a prediction task, we provide a blueprint for aligning system behaviours with experiential
quality. Empirically grounded in a multi-domain study (N = 168), our results quantify how users
jointly prioritise three core interaction aims: educative, explorative, and affective. We demonstrate
that these priorities are systematically modulated by domain context, perceived item value, and user-
level traits. Educative aims dominate in high-stakes, cognitively complex domains such as housing
and finance, while affective aims gain prominence in emotionally salient contexts such as wellness.
Furthermore, perceived item value acts as a pivotal dynamic modulator, significantly elevating
expectations across all interaction aims in high-stakes scenarios. While demographic influences
appeared modest, it is important to note that our sample exhibited a strong age skew (73.2% aged
18-34, with no participants aged 65+). While age was not predictive in this cohort, future research
targeting older demographics is required before drawing conclusions. Prior CRS experience and
stable autonomy preferences emerged as robust signals for adaptive user modelling. However, as
dialogue-control preferences were tested exclusively within an apparel e-commerce context, future
cross-domain validation is necessary to confirm if these user-led autonomy preferences hold in
higher-stakes environments.

The RAE framework operationalises these insights through a layered state—policy-behaviour map-
ping. By encoding contextual and user signals into structured state representations, the framework
enables dialogue policies to adaptively modulate explanation depth, retrieval diversification, and
affective tone. This shift from performance-centric optimisation to holistic experiential alignment
allows for seamless integration with rule-based, hybrid, or LLM-based controllable generation.
Future work should validate RAE through longitudinal field deployments to assess the stability of
these experiential priorities over time. Additionally, exploring the integration of RAE state represen-
tations with adaptive policy learning or automated prompt-orchestration mechanisms will further
strengthen its ability to deliver context-aware, experientially rich conversational recommendation
in practice.
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Appendices
A Interaction Preferences Across Domains

To evaluate H1-H3, we tested whether perceived importance ratings for educative, explorative,
and affective interaction varied across application domains. Participants rated each strategy on
a 5-point Likert scale for each domain. Figure A.1 reports descriptive statistics (medians, modes,
interquartile ranges), complementing the inferential analyses in Section 4.

Medi IQRs, and Modes of CRS Features Across D i

CRS Features
= Educative
W Explorative
mm Affective

Median Rating (with IQR)

Mode:

S R & & R
@Q‘, & «° & &
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« e &

Fig. A.1. Descriptive distribution of ratings across domains. Medians (markers), modes (labels), and interquar-
tile ranges (error bars) illustrate central tendency and variability for educative, explorative, and affective
interaction. These statistics contextualise the domain-level effects reported in Section 4.

B Bayesian Posterior Predictive Checks

Posterior predictive checks (PPCs) were conducted for each model to evaluate whether simulated
responses replicated the observed Likert-scale distributions (Figures B.1-B.3). In each plot, shaded
densities show predicted ordinal response distributions, black lines indicate observed values, and
dashed lines mark predictive means. Close alignment between predicted and observed distribu-
tions provides evidence of satisfactory model fit. Full Bayesian regression results are reported in
Section 4.4.
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Posterior Predictive Check — Educative Model

—— Posterior predictive
—— Observed
Posterior predictive mean

Density / Frequency

1 2 3 4 5
Rating (1-5)

Fig. B.1. Posterior predictive check for the Educative model. Predicted distributions closely align with
observed responses across all ordinal categories, indicating robust fit.

Posterior Predictive Check — Explorative Model

Density / Frequency

—— Posterior predictive
—— Observed
Posterior predictive mean

1 2 3 4 5
Rating (1-5)

Fig. B.2. Posterior predictive check for the Explorative model. Predicted and observed distributions exhibit
strong agreement, supporting model adequacy.
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Posterior Predictive Check — Affective Model

Density / Frequency

—— Posterior predictive
—— Observed
Posterior predictive mean

1 2 3 4 5
Rating (1-5)

Fig. B.3. Posterior predictive check for the Affective model. Predicted distributions align well with observed
data, providing evidence of model validity.
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