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Abstract 
LLM-powered conversational recommender systems (CRSs) em-
power users to personalize recommendation services, giving them 
control over how recommendations are represented and explained. 
Explanations of why particular options are recommended are shown 
to be especially valuable when users explore unfamiliar items. While 
prior work on personalized explanations in recommender systems 
has focused predominantly on explanation style, there is still little 
understanding of what types of information explanations should 
contain to meaningfully support users’ exploration. To allow CRSs 
to better align the explanations with users’ informational needs, in 
this paper, we present the information composition for recommen-
dation explanations. Informed by an exploratory interview-based 
user study, we propose four key informational dimensions: Essence, 
Experience, Exchange, and Entwinement. We then report a com-
parative evaluation showing that explanations structured along 
these dimensions are perceived as more supportive of engagement-
related outcomes than baseline LLM-generated explanations. We 
conclude by outlining design implications for LLM-powered CRSs. 

CCS Concepts 
• Human-centered computing → HCI theory, concepts and 
models; User studies. 
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1 Introduction 
Recommender systems help people explore vast content libraries 
and discover new material to consume. They generate personal-
ized recommendations by inferring what might interest a user in 
a given moment, drawing on various types of knowledge about 
the user, the available items, and the surrounding context of in-
teraction [37]. However, the usefulness of these recommendations 
depends on whether users can understand and evaluate why partic-
ular suggestions were made. Based on the representation of those 
recommendations alone, users often struggle to trace the system’s 
underlying reasoning to evaluate how well the suggestions ft their 
current information needs and context [43, 44]. Explanations help 
bridge this gap by communicating the system’s reasoning to the 
user in an intelligible, human-understandable way. Traditionally, 
explainable recommender systems have followed a one-size-fts-all 
approach, ofering the same explanation to every user [9]. However, 
recent work increasingly emphasizes the importance of personal-
ized explanations [30], looking into diferent dimensions of design 
choices (e.g., style, scope, format, and level of detail) [2, 9, 31]. 

The efectiveness of a personalized, user-centred explanation 
depends on the specifc explanatory goal it is intended to achieve. 
In the recommender systems literature, seven goals are most com-
monly discussed: transparency, scrutability, trust, efectiveness, per-
suasiveness, efciency, and satisfaction [2, 19, 43, 44]. Tintarev and 
Masthof [44] observe that while additional goals have been pro-
posed, the feld has yet to converge on a unifed framework for 
categorizing them. This suggests that the landscape of explana-
tory goals is still evolving, refecting the expanding range of user 
needs and design priorities addressed by recommender systems. 
One emerging explanatory goal is engagement, defned by Musto 
et al. [29] as an explanation that helps users discover new infor-
mation about an item. Engagement-oriented explanations have 
gained importance in light of concerns that recommender systems 
may reinforce consumption bubbles and restrict users’ exposure to 
content beyond their prior consumption history [16, 17]. A grow-
ing body of work emphasizes the importance of explanations that 
support users’ higher-order goals of self-actualization [22, 23, 42]. 
Self-actualization goes beyond simple information-fnding to in-
volve active discovery and exploration [44]. It is also intentional, 
giving users greater agency in directing their interactions towards 
specifc goals [44]. Explanations that serve such aims help users 
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make more refective and autonomous choices; enabling them to 
align their consumption with specifc epistemic goals they might 
care about, such as broadening their horizons and discovering the 
unexplored [42, 44]. 

However, there remains limited understanding of how to struc-
ture the informational content of personalized explanations that 
fulfll the user-centred goal of engagement. In a comparative study 
of human- and algorithmically-generated explanations in a movie 
recommender system, Lu et al. [25] found that human-generated ex-
planations elicited greater curiosity among participants. On closer 
analysis, they observed that one defning feature of human expla-
nations is their integration of multiple information types rather 
than focusing on a single type. Humans typically combined three 
to fve distinct kinds of information in their explanations, whereas 
system-generated explanations often included just one kind. The 
mixed composition of human explanations achieved higher infor-
mational accuracy because it was more likely to align with users’ 
own reasoning. It still remains unclear what range and balance of 
information should be represented in explanations to meaningfully 
support engagement. This question is especially salient in current 
discussions of balanced explanations [16, 17]—those that neither 
push users too strongly towards a recommendation nor discourage 
them unnecessarily, but instead provide a fair and informative basis 
for exploration. 

Questions about the informational balance of explanations now 
intersect with a broader shift in how explanations themselves are 
being produced. Large Language Models (LLMs) are increasingly 
embedded in conversational recommender systems, where users 
engage with recommendations and their explanations through in-
teractive dialogue rather than passive consumption [26, 40]. These 
systems turn explanation into part of an ongoing conversational 
experience, allowing users to question, refne, or reinterpret recom-
mendations in real time [51]. LLMs are also being used to enable 
users to create their own personalized conversational recommen-
dation services from scratch, for example through custom GPTs on 
ChatGPT [50]. LLMs are particularly efective at producing fuent, 
natural language text, allowing explanations to feel more conver-
sational and personally attuned. As explanation generation moves 
from deterministic to generative paradigms [48], earlier design 
knowledge on how to personalize explanations of recommenda-
tions may no longer sufce. Weisz et al. [47] argue that generative 
AI has inherently diferent properties (e.g., generative variability) 
which means that design principles developed for deterministic 
systems may not transfer directly to this new environment. 

Collectively, this points to an open question about how explana-
tory information might be structured to refect the breadth of users’ 
exploratory informational needs and engagement goals, particularly 
as explanation design moves towards generative AI environments. 
Correspondingly, our two-part study frst investigated RQ1: What 
is the spectrum of information needs that people have about an item 
when exploring new, unfamiliar items they have not previously en-
countered? We examined this question through an example rec-
ommendation scenario in a leisure domain—specifcally, that of 
exploring books for pleasure reading. This scenario allowed us to 
ground and operationalize our investigation within a scoped yet 
representative recommendation context, while still capturing the 

broader phenomenon of user information needs in content explo-
ration. Through 30 semi-structured interviews, we identifed four 
information dimensions that characterize this spectrum of user in-
formation needs: Essence, the fxed, intrinsic properties of an item; 
Experience, the relation of an item to the user’s personal experience; 
Exchange, the relation of an item to other social actors across the 
user’s various interpersonal spheres; and Entwinement, the way an 
item is situated in relation to other items. 

Our second, evaluative study was guided by RQ2: How do expla-
nations structured along the four identifed information dimensions 
perform in supporting user engagement across diferent content do-
mains? We conducted a within-subjects survey with 55 participants 
that extended this investigation beyond books to other popular 
leisure domains, including movies, music, and podcasts. Each partic-
ipant was presented with several recommendation scenarios featur-
ing fctional personas and was shown, side by side, two explanations 
for each item: one LLM-generated explanation structured accord-
ing to our four information dimensions, and one LLM-generated 
explanation generated without reference to this structure. Partic-
ipants rated which explanation they found more useful across a 
series of engagement-related statements. This design allowed us 
to assess whether explanations grounded in our proposed struc-
ture better supported engagement across diferent content domains. 
Across domains, the structured explanations received consistently 
higher engagement ratings. These fndings suggest that organizing 
explanatory information along the four proposed dimensions can 
improve the engagement potential of LLM-generated explanations 
in exploratory recommendation contexts, particularly in leisure 
domains. 

The implications of our fndings point to the need for system-
atic approaches to structuring explanatory information in gener-
ative recommendation contexts. Rather than focusing solely on 
stylistic personalization, designers must consider how diferent 
kinds of information jointly shape users’ exploration and sensemak-
ing processes. This paper contributes (1) an empirically grounded 
framework of four information dimensions—Essence, Experience, 
Exchange, and Entwinement—that characterize users’ exploratory 
information needs, and (2) an evaluation demonstrating that ex-
planations structured around these dimensions enhance perceived 
engagement across multiple leisure domains. Together, these con-
tributions advance the design of explanation facilities in conversa-
tional recommender systems towards supporting exploration as a 
process of sensemaking rather than mere justifcation. 

2 Related Work 
This section frst reviews existing design knowledge on designing 
personalized explanations for recommender systems, and then high-
lights emerging developments that underscore the need to extend 
this knowledge towards supporting user-centred exploration and 
engagement. 

2.1 Designing Personalized Explanations for 
Recommender Systems 

Personalized explanations have long been presented as a way to 
make recommender systems more intelligible, yet most existing 
approaches optimize for presentation ft rather than information 
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relevance. Early frameworks, such as those introduced by Naiseh 
et al. [31] and Ain et al. [2], outlined the conceptual space of 
personalization—clarifying what to adapt, how, for whom, and why— 
but largely treated explanation generation as a static mapping be-
tween user traits and stylistic parameters. Empirical studies rein-
forced that user preferences vary with cognitive ability, domain 
familiarity, and situational urgency [3, 9], yet these adaptations 
typically adjust surface-level detail or tone rather than the com-
position of information itself. The result is a body of work where 
personalization enhances trust and satisfaction but does little to 
address the underlying informational needs that shape how users 
interpret, learn from, and act upon explanations. 

A more recent wave of studies has begun to foreground the 
content logic of explanations. Research on open user models [14] 
and on-demand explanatory interfaces [13] emphasizes that per-
sonalization should refect users’ reasoning processes, organizing 
information in ways that align with how they make sense of a do-
main. Parallel technical advances such as logic-scafolding [36] and 
prompt-aware frameworks [52] demonstrate that large language 
models (LLMs) can fexibly tailor explanatory narratives, but the 
criteria guiding what information to include remain opaque. Even 
multimodal explanation eforts [50] focus on diversity rather than 
informational intent. Collectively, these studies expose a persistent 
gap: we still lack a principled understanding of what informational 
components best fulfll users’ engagement-oriented goals, eespe-
cially in dynamic, conversational settings. This gap motivates our 
exploration of structured explanation design that explicitly orga-
nizes informational content around users’ unfolding informational 
needs within LLM-powered recommender interactions. 

2.2 Extending Explanation Design Towards 
Engagement Goals 

Recent literature increasingly recognizes that explanations do more 
than justify algorithmic output—they mediate engagement by in-
fuencing how users explore, compare, and learn. Similar trends 
have been observed beyond recommender systems; for example, 
Brachman et al. show that developers value explanations that adapt 
to their contextual goals and cognitive state, underscoring that 
efective explanation design must align with users’ situational in-
formation needs rather than static trust objectives [7]. Early work 
conceptualized explanation objectives mainly in terms of trust or 
transparency [16, 17], but empirical fndings suggest these goals 
alone do not sustain user attention or foster understanding. Studies 
by Tran et al. [46] and Ahmad et al. [1] show that explanation 
design afects not only decision satisfaction but also the depth of 
interaction users pursue with recommended content. Balanced or 
two-sided explanations [16] and human-like peer explanations [25] 
reveal that engagement depends on how explanations frame con-
trast and uncertainty, inviting users to deliberate rather than merely 
accept. Such results position engagement as an explanatory goal 
in its own right—one that arises when users perceive explanations 
as resources for exploration and meaning-making, not simply as 
transparency artifacts. 

LLM-based conversational recommenders extend this potential 
by enabling iterative sensemaking. As Yun and Lim [50] observe, 

users can now question, re-frame, and co-construct recommenda-
tions, transforming explanation from a one-way justifcation into 
an ongoing dialogue between user and system. This conversational 
fexibility, however, also introduces instability—LLM-generated ex-
planations can vary in depth, focus, and epistemic framing across 
turns, leading to inconsistency in the informational composition 
that sustains engagement [26, 50]. Recent advances in explainable 
AI highlight this challenge: Lai et al. [24] advocate for selective 
explanations that curate which reasoning aspects are exposed to 
preserve cognitive coherence, while work on sensemaking inter-
faces [12, 41, 49] emphasizes the value of layered or structured 
representations that scafold users’ interpretive work. Informed by 
these insights, our study investigates how explanations in LLM-
powered conversational recommender systems can be systemati-
cally structured to surface distinct informational dimensions that 
align with users’ evolving curiosity and evaluative needs, thereby 
repositioning explanation design from persuasion toward sustained 
exploratory engagement. 

In sum, existing work highlights the promise but also the un-
certainty of how explanations can meaningfully engage users in 
LLM-powered recommendation. Our study addresses this by frst 
uncovering the informational needs that shape engagement, and 
then examining how explanations that embody these needs perform 
in practice. 

3 Method 
To investigate how explanatory information can be structured to 
better support user engagement in generative recommendation 
contexts, we conducted a two-part study. The protocols for The 
frst study employed semi-structured interviews (n=30) to explore 
the breadth of users’ informational needs during content explo-
ration and identify a foundational set of information dimensions 
(RQ1). Building on these fndings, the second study employed a 
within-subjects, scenario-based survey (n=55) to evaluate how LLM-
generated explanations structured according to these dimensions 
perform against those generated without such structure (RQ2). 
Together, these studies were designed to provide both conceptual 
and empirical insight into how explanation design can better sup-
port engagement in generative recommendation settings. The study 
protocols for both studies were approved by the University’s insti-
tutional review board. 

3.1 Study 1: Exploring User Information Needs 
3.1.1 Data Collection. For RQ1—What is the spectrum of infor-
mation needs that people have about an item when exploring new, 
unfamiliar items they have not previously encountered?—we con-
ducted a user study involving semi-structured interviews (n=30) 
with individuals who actively read for pleasure or leisure. We chose 
to focus on a single domain, i.e., book exploration for pleasure read-
ing, to enable participants to refect concretely on their information 
needs within a bounded and familiar context. This domain ofers a 
strong case for studying exploratory behaviour: it involves navigat-
ing a vast, information-rich landscape where options (books) and 
decision-making information interact in complex ways, as demon-
strated in prior library and information science research [11, 38, 39]. 
However, while this body of work highlights the richness of book 
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selection as an information activity, it does not clarify the specifc 
types of information users actively seek, interpret, and weigh in 
this process. Books difer from many other cultural items in that 
their consumption can require a relatively greater substantial time 
investment, making it difcult to quickly assess preference. Unlike 
media such as songs, which can be sampled and revisited with 
minimal cost, evaluating a book often requires prolonged engage-
ment [27]. For this reason, readers generally rely on a range of 
information signals when exploring unfamiliar books, heightening 
the importance of understanding their information needs in this 
context [11, 39]. 

Participants. To participate in the interview study, individuals 
required sufcient English profciency to engage comfortably in 
daily social interactions and to understand and sign the consent 
form. We recruited a total of 30 participants (P1–P30; 17 women, 
13 men; aged 19–41, M=28, SD=5.3). This sample size aligns with 
established practices in qualitative and interpretive HCI research. 
Recent work in the HCI literature on related topics of recommenda-
tion and information behaviour research similarly used interview 
study samples of comparable size to explore rich experiential and 
informational phenomena [6, 21, 28, 34]. 

Apart from being over the age of 18 and profcient in English, 
the only other requirement was that participants should engage in 
‘pleasure reading’—i.e., self-directed reading motivated by personal 
interest, enjoyment, or curiosity rather than external obligations or 
requirements [32, 38]. Our recruitment approach used a combina-
tion of snowball sampling (i.e., asking participants to refer others 
who might be a good ft for the study) and purposive sampling 
within the researchers’ networks to ensure a balance of genders 
and ages. During recruitment, prospective participants were given 
an overview of the study’s purpose and high-level topics that would 
be covered in the interview. Those interested provided informed 
consent. Participants were scheduled based on their availability, 
and all participation was voluntary, without compensation. 

Procedure. Each participant was invited to meet, one-on-one, 
with the primary researcher in a 45-minute to hour-long interview 
session conducted virtually over a video call on Zoom. With par-
ticipant consent, each session was audio-recorded. The interviews 
were semi-structured in format, combining prepared questions with 
fexibility to allow for both consistency across interviews and open-
ended exploration based on participants’ responses. This approach 
was well suited to the study’s goal of eliciting the range of infor-
mation elements users consider when exploring unfamiliar items, 
examined here in the context of book search. 

Interviews began with an open-ended prompt to ground discus-
sion in participants’ experiences (e.g., “Can you describe a recent 
book you chose to read?”). Subsequent questions addressed how par-
ticipants discover new books (e.g., “How do you typically fnd books 
to read?”), the types of information they consider when deciding 
whether to engage (e.g., “What kinds of information do you consider 
when deciding if a book is a good ft?”), and how these considera-
tions vary across contexts or goals (e.g., “Does what you look for 
in a book change depending on the situation?”). Additional ques-
tions invited refection on expectations and outcomes (e.g., “How do 
you determine whether reading a book was worthwhile?”). Through-
out the interviews, the primary researcher used follow-up probes 
as needed to clarify responses, encourage elaboration, and elicit 

concrete examples, enabling deeper exploration of infuences that 
more structured methods (e.g., surveys or questionnaires) may not 
fully capture [15]. Interviews continued until thematic saturation 
was reached, at which point participants no longer introduced new 
types of information need or unique insights into their information 
experience. 

3.1.2 Data Analysis. All 30 interviews were transcribed using 
Zoom’s automatic transcription service. Each transcript was re-
viewed against the corresponding audio recordings to ensure ac-
curacy, then anonymized. Using Braun and Clarke’s qualitative 
thematic analysis approach [8], the primary researcher conducted 
two iterative rounds of initial coding on the transcripts to systemat-
ically identify emerging themes, capturing patterns in information 
needs and refning them through iterative analysis. Both researchers 
then collaborated to review, consolidate, and organize the codes, 
structuring them hierarchically to refect relationships within and 
across categories. Considering these relationships, the researcher 
developed a two-level hierarchy, and mapped the identifed the-
matic elements accordingly. This culminated in the development 
of a thematic framework consisting of four overarching dimen-
sions of information, representing the highest hierarchical level. 
Within these dimensions, 14 constituent categories were identifed, 
each encapsulating specifc aspects of information. This thematic 
framework is outlined in Table 1. 

3.2 Study 2: Evaluating Structured Explanations 
3.2.1 Experiment Design. For RQ2—How do explanations struc-
tured along the four identifed information dimensions perform in 
supporting user engagement across diferent content domains?—we 
conducted a controlled A/B survey experiment. To examine how 
well the four information dimensions identifed in Study 1 gener-
alized beyond the domain of books, we extended our evaluation 
to other popular leisure domains: movies, music, and podcasts. 
In total, we designed two recommendation scenarios per domain 
(2 scenarios × 4 domains = 8 scenarios in total). 

Collecting participant-specifc data at the level required to in-
stantiate all four information dimensions across multiple domains 
and scenarios would have required extensive elicitation of per-
sonal, social, and contextual information. This would potentially 
increase participant burden, introduce additional ethical consider-
ations around disclosure. We therefore used fctional personas to 
standardize the informational context across participants. Fictional 
personas allowed us to represent a broader range of user informa-
tion than is typically available in benchmark datasets or personal 
platform logs, in a way that aligns with how LLM-powered con-
versational recommender systems are envisioned. These personas 
were created using ChatGPT 5. First, we prompted the model to 
generate a blank version of an expanded user-data schema in YAML 
format—a human-readable hierarchical template that simulated the 
kind of data a conversational AI might use for personalization. 
Then, we asked the model to populate this schema to produce eight 
diverse user profles. Each persona was randomly assigned to a 
content domain: Karen→Books, Antoine→Books, Mike→Movies, 
Sara→Movies, Liam→Music, Emily→Music, Brian→Podcasts, and 
David→Podcasts. Using each completed profle, ChatGPT was 
prompted to recommend one item within that domain. 
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Table 1: Information dimensions and their corresponding information categories 

Information Dimension Information Category 

Essence Item Metadata 
Item Subject Matter 
Item Stylistic Expression 
Item Format & Form Factor 

Experience Item Access to and Availability 
Alignment with Time Capacity 
Alignment with Efort/Skill Capacity 
Alignment with Afective/Sensory Capacity 
Alignment with Values/Identity 

Exchange Personal and Direct Social Exchange 
Community and Shared Interest Exchange 
Public and Cultural Exchange 

Entwinement Relationships to Similar Items of the Same Kind (Same Media Type) 
Relationships to Diferent Kinds of Items (Diferent Media Types) 

For each scenario, we generated two explanations using Chat-
GPT 5: one structured and one unstructured. Drawing on Silva et 
al.’s [40] approach to explanation generation, the unstructured con-
dition used a generic prompt asking the system to explain why 
[PERSONA] should [READ or WATCH or LISTEN TO] [RECOM-
MENDED ITEM—BOOK or MOVIE or ALBUM or PODCAST], given 
their data profle. The structured condition used the same persona 
and item but instructed the model to organize its reasoning accord-
ing to the four dimensions identifed in Study 1: Essence, Experience, 
Exchange, and Entwinement. Both conditions included formatting 
constraints (e.g., second-person phrasing and 100-word length). The 
full prompts and corresponding outputs used in the experiment are 
provided in the Appendix. 

The study followed a within-subjects design where each partici-
pant was shown all eight recommendation scenarios across the four 
domains, presented in randomized order to mitigate order efects. 
In the survey, participants frst read a short persona description 
( 250–300 words), generated by ChatGPT based on the aforemen-
tioned schema, and were then told which item the system had 
recommended to that persona. Two explanations—one structured 
and one unstructured—were shown side by side, labelled “A” and 
“B.” The assignment of structured versus unstructured explanations 
to labels “A” and “B” was counterbalanced such that each condition 
appeared in each position in equal proportions across participants. 
Participants rated, on a 7-point scale, which explanation they be-
lieved better supported the persona on four engagement-related 
statements: (1) Which explanation helps [PERSONA] discover more 
information about the item? (2) Which explanation helps [PER-
SONA] understand the item in a way that feels more thoughtful 
or meaningful to them? (3) Which explanation would make [PER-
SONA] more likely to stay interested or keep looking for related 
things? (4) Which explanation gives [PERSONA] a broader sense 
of what the item relates to or represents? 

The 7-point comparison scale ranged from “A much more” to “B 
much more” (i.e., A/B slightly, moderately, much more, with “about 
the same” as the midpoint). 

3.2.2 Data Collection & Participants. Data collection was con-
ducted through the research crowdsourcing platform Prolifc. We 
recruited a total of 55 participants located in Canada and the United 
States who reported fuency in English. Recruitment was designed 
to achieve a balanced gender distribution across participants. Eligi-
ble participants were compensated at an average rate of £6.98 per 
hour. After completing the initial screening on the Prolifc platform, 
participants were redirected to the main survey hosted on Qualtrics. 

4 Findings 
4.1 Study 1: Exploring User Information Needs 
Through our analysis, we frst characterized the diferent types of 
information needs that emerge during content exploration as "in-
formation dimensions." We identifed four information dimensions: 
Essence (the fxed, intrinsic properties of an item), Experience (the 
relation of an item to the user’s personal experience); Exchange 
(the relation of an item to other social actors across the user’s vari-
ous interpersonal spheres); and Entwinement (the way an item is 
situated in relation to other items). We elaborate on each of these 
dimensions in greater detail, below. 

4.1.1 Essence. This dimension represents information needs re-
lated to the fxed, intrinsic properties of an item. Participants de-
scribed focusing on four main aspects: Item Metadata (e.g., objective 
identifers such as genre, creator, or release details), Item Subject 
Matter (e.g., the central topic, theme, or message), Item Stylistic 
Expression (e.g., the tone, aesthetic, or expressive manner), and 
Item Format and Form Factor (e.g., the container or delivery mode). 
Across examples, participants frst referred to basic identifers like 
title, creator, or release timing as familiar anchors (“There’s this 
book by Ursula K. Le Guin called The Dispossessed. . . The title and 
author caught my eye” [P22]; “I prefer books that were published 
relatively recently” [P2]). They then sought details about the item’s 
subject matter and expressive style to understand what it contained 
and how it might feel to engage with (“Sometimes, dialogue is what 
makes a book stand out to me” [P23]; “If the writing style is pretty 
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bad, I am not going to survive” [P12]). Format and form also infu-
enced decision-making, with participants noting factors like length, 
density, and delivery medium (“Seeing how thick a book is can 
be a huge deterrent” [P2]; “A good narrator can make the experi-
ence better” [P9]). Together, these accounts show that participants 
wanted to know enough about an item’s intrinsic characteristics to 
form a grounded sense of what it is, what engaging with it might 
involve, and whether it warranted further exploration. 

4.1.2 Experience. This dimension represents information needs 
related to how an item fts with a person’s own circumstances, 
capacities, and sense of self. Participants described attending to 
four main aspects: Alignment with Time Capacity (i.e., how the 
expected duration or pacing of the item fts into one’s available 
time or attention), Alignment with Efort or Skill Capacity (i.e., how 
approachable or demanding the item seems given one’s current 
familiarity or energy), Alignment with Afective or Sensory Capacity 
(i.e., how its emotional tone or sensory qualities suit one’s current 
state or preference), and Alignment with Values or Identity (i.e., 
how it connects with one’s beliefs, priorities, or lived experiences). 
Participants often evaluated whether they had the time or focus to 
engage with an item (“How many books in the series? Like how 
much time I’m going to have to invest in this?” [P18]) and whether 
it matched their mental bandwidth (“Picking the right one that I 
can keep reading regardless of how much energy I have would 
help me keep the habit” [P27]). They also considered whether its 
mood or tone ft their current emotional state (“I need to know if 
something is sad or not” [P15]) and valued items that refected or 
deepened their own perspectives (“It just felt so reminiscent of real 
life. . . It made me think about how I’ve seen that play out in my 
own life” [P24]). Overall, participants used these considerations to 
judge whether an unfamiliar item felt feasible, emotionally suitable, 
and personally worthwhile to explore. 

4.1.3 Exchange. This dimension represents information needs re-
lated to how an item is situated within social relationships and 
shared cultural contexts. Participants described attending to three 
main aspects: Personal and Direct Exchange (i.e., recommendations 
or infuences from people they personally know), Community and 
Shared-Interest Exchange (i.e., input from groups, forums, or com-
munities built around common interests), and Public and Cultural 
Exchange (i.e., signals from broader media, trends, or cultural dis-
course). Participants frequently mentioned trusting suggestions 
from friends, family, or mentors (“I picked it up because a friend of 
mine told me it was one of those books you had to read at least once 
in your life” [P25]) and being drawn to items discussed within their 
social circles or interest communities (“I actually ended up reading 
it because a couple of people in a book club I used to go to were 
talking about it” [P22]; “I just saw someone mention it on Reddit. . . 
the way people described it made me pick it up” [P30]). They also 
noticed items highlighted through broader social channels such 
as online trends, reviews, or cultural lists (“I have a TikTok folder 
called BookTok. . . Sometimes they’re like, ‘If you liked this, you’ll 
love this’” [P18]). Across these accounts, participants drew on oth-
ers’ experiences and attention at varying levels of interpersonal 
proximity—from personal networks to wider communities—to in-
terpret unfamiliar items and judge their relevance. 

4.1.4 Entwinement. This dimension represents information needs 
related to how an item connects to other items within or beyond its 
media-type. Participants described attending to two main aspects: 
Relationships with Similar Items (i.e., connections to other items 
of the same media-type, such as those sharing genre, structure, or 
tone) and Relationships with Diferent Items (i.e., connections across 
other media-types, such as links between books, flms, music, or 
other media). Participants often compared unfamiliar items to ones 
they had previously enjoyed, looking for continuity in mood, style, 
or theme (“If I really liked something, I want to fnd something that 
feels similar. . . not necessarily the same plot, but a similar writing 
style or a similar mood” [P11]; “I tend to read in clusters. . . I’ll look 
up things similar to it because I want to stay in that headspace” 
[P14]). They also noticed cross-media references that extended their 
engagement, such as adaptations, playlists, or discussions in other 
formats (“You’ll see a movie that’s based on a book and then think, 
‘Well, maybe I should read that book’” [P7]; “Sometimes there’s a 
playlist associated with it, and I’ll listen to that while reading to get 
into the mood” [P18]). Across these accounts, participants mapped 
unfamiliar items against known references—both within the same 
medium and across diferent ones—using these relationships to 
position new material within a broader structure of meaning. 

4.2 Study 2: Evaluating Structured Explanations 
To empirically assess the efectiveness and generalizability of the 
four information dimensions identifed in Study 1, we compared 
how explanations structured according to these dimensions per-
formed relative to unstructured explanations in supporting engagement-
related outcomes. Specifcally, this study examined whether struc-
tured explanations would help participants perceive a persona’s 
engagement with recommended items across four complementary 
aspects: information discovery, meaningful understanding, sus-
tained interest, and contextual breadth. These aspects refect how 
the persona would come to learn about, make sense of, remain in-
terested in, and situate the recommended content within a broader 
context of meaning. 

Across all four engagement aspects, participants consistently 
perceived the structured explanations as more supportive of the per-
sona’s engagement than the unstructured baselines. Mean ratings 
ranged between 2.54 and 2.64 (SD ≈ 1.4–1.5) on the seven-point 
comparison scale (1 = A much more, 4 = about the same, 7 = B 
much more), indicating a clear directional preference toward the 
structured condition (values below 4). To test the reliability of these 
diferences, one-sample t-tests were conducted for each engage-
ment aspect against the neutral midpoint (4 = about the same). 
Results showed that all mean diferences were statistically signif-
cant (p < .001), confrming that participants perceived structured 
explanations as more engaging across all aspects (see Table 2). 

The aggregated mean of 2.57 also difered signifcantly from the 
midpoint (� (1759) = −41.56, � < .001), demonstrating a robust over-
all tendency to favour structured explanations. This pattern was 
consistent across all content domains—books, movies, music, and 
podcasts—suggesting that the perceived advantage of structured 
explanations was not restricted to a particular domain. 
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Table 2: Comparison of structured (Condition A) and unstructured (Condition B) explanations across engagement questions. 
One-sample t-tests were conducted against the neutral midpoint (4 = “about the same”). Lower means indicate stronger 
preference for the structured condition. 

Engagement Question M SD t(439) p 95% CI [LL, UL] 

Which explanation helps the persona discover 2.58 1.42 −21.05 < .001 [2.44, 2.72] 
more information about the item? 
Which explanation helps the persona under- 2.54 1.47 −20.86 < .001 [2.40, 2.68] 
stand the item in a way that feels more thought-
ful or meaningful to them? 
Which explanation would make the persona 2.54 1.42 −21.62 < .001 [2.41, 2.67] 
more likely to stay interested or keep looking 
for related things? 
Which explanation gives the persona a broader 2.64 1.46 −19.59 < .001 [2.50, 2.78] 
sense of what the item relates to or represents? 

Overall (all items combined)a 2.57 1.44 −41.56 < .001 [2.51, 2.63] 
Note. One-sample t-tests compared mean ratings to midpoint (4 = “about the same”). 
aOverall test based on all ratings combined (� = 1760). 

These fndings suggest that organizing explanatory information 
according to the four identifed dimensions can enhance engagement-
related experiences. While these results are based on persona-based 
perceptions rather than direct behavioural measures, they provide 
converging evidence that the information-dimension framework 
identifed in Study 1 can support the design of explanations that bet-
ter align with exploratory processes across diverse leisure content 
domains. 

4.3 Summary of Study 1 & 2 
The two studies collectively contribute to understanding what 
kinds of information people attend to when exploring unfamil-
iar content and how this information can be structured to sup-
port engagement. Study 1 (addressing RQ1) examined users’ ex-
ploratory information-seeking practices, identifying four recurring 
information dimensions—Essence, Experience, Exchange, and En-
twinement—that capture the informational considerations shaping 
how approach unfamiliar content. Study 2 (addressing RQ2) then 
tested how explanations structured around these dimensions were 
perceived relative to unstructured ones, fnding that participants 
generally viewed the structured explanations as more supportive 
of engagement across multiple aspects. Together, these fndings 
indicate that the identifed information dimensions provide a useful 
lens for characterizing exploratory information needs and inform-
ing the design of more intelligible, user-aligned explanations in 
recommendation contexts. 

5 Discussion 
This work introduces an information structure composed of four 
dimensions—Essence, Experience, Exchange, and Entwinement—that 
refect the spectrum of users’ informational needs for the explana-
tory goal of engagement. The structure ofers a principled way to 
organize explanatory content in generative recommender systems, 
foregrounding what kinds of information users require to make 
sense of unfamiliar recommendations. By emphasizing explanatory 

composition rather than presentation style—which has been the 
predominant focus of previous literature looking at design choices 
for explanation personalization (e.g., [2, 31])—it contributes to a 
growing body of research that re-conceptualizes explanations in 
recommender systems as instruments of sensemaking rather than 
as mere justifcations of algorithmic reasoning [29, 50]. 

Our fndings suggest that explanatory usefulness, specifcally for 
the goal of engagement, can be operationalized through informa-
tional composition, which we have represented at four dimensions 
of information. Each dimension represents a distinct cognitive or 
social orientation through which users interpret new items: Essence 
establishes what an item is in and of itself; Experience situates it 
relative to personal capacity, emotion, or identity; Exchange places 
it within social and cultural discourse; and Entwinement links it to 
other items, expanding relational context. These dimensions for-
malize a kind of informational balance that align, functionally, with 
what Jafari and Vassileva [16] describe as "balanced explanations", 
i.e., those that invite users to deliberate rather than to simply being 
persuaded. They also help explain why human-generated explana-
tions in prior work (e.g., [25]) often outperform system-generated 
ones: people naturally weave together multiple kinds of informa-
tion when explaining recommendations, producing richer cognitive 
scafolds for reasoning and exploration for the recipients of those 
explanations. 

The fndings from our evaluation study further show that explic-
itly embedding this structure into LLM prompts can shape users’ 
perceptions of explanatory quality. Across domains—particularly 
those of books, movies, music, and podcasts—participants consis-
tently rated structured explanations as more conducive to engage-
ment across the four aspects we measured: information discov-
ery, meaningful understanding, sustained interest, and contextual 
breadth. These outcomes are perceptual rather than behavioural, 
but their consistency suggests that even lightweight structural 
scafolding, using the identifed dimensions, can make generative 
outputs more coherent and intelligible to the users. This aligns 
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with recent evidence that prompt-level structure and logic scafold-
ing, e.g., [36, 52], can stabilize the reasoning expressed by Large 
Language Models. The practical takeaway from this work is that 
small design interventions—such as explicitly organizing system 
reasoning for a recommendation across a few stable user-centred 
information dimensions—may help mitigate the user experience 
risks associated with generative variability [47] while preserving 
the advantages of conversational fexibility that LLMs ofer [51]; 
allowing explanations to unfold in response to users’ curiosities 
rather than remain fxed outputs. 

5.1 Limitations & Future Work 
Several limitations qualify these fndings but also point toward 
fruitful directions for future research. The evaluation (Study 2) re-
lied on fctional personas rather than participants’ own contexts, 
which allowed experimental control but limited ecological realism. 
Participants assessed how well explanations appeared to support a 
persona’s engagement, rather than how they would support their 
own exploration. This distancing may reduce the role of personal 
relevance or afective investment in participants’ judgments. In 
addition, fctional personas present a relatively stable and inter-
nally consistent user profle. In practice, real user data is often 
incomplete, evolving, or inconsistent, and explanations grounded 
in such data may surface diferent tensions or trade-ofs than those 
observed here. For these reasons, our fndings should be understood 
as evidence of how informational structure can shape perceived 
engagement under controlled conditions, rather than as a direct 
account of engagement in situated, long-term use. Future work 
should examine how these information dimensions perform when 
instantiated with real user data and in interactive settings. 

Relatedly, ‘engagement’ in this study was measured through 
comparative judgments rather than behavioural data. While this ap-
proach aligns with our focus on perceived support for exploration, 
it does not capture whether structured explanations lead to en-
acted exploratory behaviour, such as sustained browsing or broader 
content consumption over time. Our focus on low-stakes leisure 
domains further limits generalizability. Engagement dynamics in 
contexts involving higher perceived risk or commitment—such as 
health or fnance—may difer substantially, as considerations of reli-
ability, accountability, and consequences may outweigh exploratory 
curiosity. Future work should therefore examine how informational 
composition afects behavioural engagement, for example by mea-
suring whether structured explanations encourage users to explore 
more broadly or persist longer. Beyond low-stakes settings, future 
studies could examine domains that vary in both risk and invest-
ment. Tourism, for instance, represents a high-investment yet non-
critical domain, where decisions typically unfold over extended 
periods of exploration and require substantial upfront commitment 
relative to other product domains, making it a promising context for 
studying how explanatory structure supports exploratory decision-
making [5, 18]. Interactive prototypes could also be used to test 
adaptive mechanisms that adjust the emphasis of diferent infor-
mation dimensions as users’ needs evolve, extending principles of 
selective and layered explanation [24]. 

The evaluation design itself also suggests avenues for extension. 
While this study compared a single structured explanation frame-
work against unstructured explanations, future work could exam-
ine multiple structured variants to better understand how diferent 
ways of organizing explanatory information shape user perceptions. 
Such comparisons would help disentangle the efects of structure 
more generally from those of any single framework. Alternative 
experimental designs, including between-subjects approaches in 
which participants evaluate a single explanation using agreement-
based measures, could further support comparisons across multiple 
explanation variants while reducing participant cognitive load. 

Future work can also explore how the proposed information di-
mensions are realized across diferent interaction modalities. In par-
ticular, presenting all four dimensions within a single explanation 
may be inappropriate for voice-based interfaces, where verbosity 
and cognitive load are key design concerns [10, 35]. Investigat-
ing how explanatory information structured along the proposed 
framework is delivered and distributed over the course of an in-
teraction could help clarify how informational structure interacts 
with attention, timing, and modality in conversational settings. 

Finally, individual diferences are likely to play an important role 
in how explanations are interpreted and valued. Prior work suggests 
that personality traits and cognitive styles infuence explanatory 
preferences [4, 20, 33, 45]. Because our study relied on standard-
ized fctional personas, we were not able to examine these factors 
directly. Future research could investigate how individual character-
istics relate to preferences for diferent informational dimensions, 
particularly how the Experience dimension might adapt to personal 
diferences while maintaining broader interpretive balance through 
Exchange and Entwinement. 

6 Conclusion 
In this paper, we presented the results of an exploratory study that 
addresses a core design challenge that exists especially within LLM-
based conversational recommender systems—determining what in-
formation needs to be presented in explanations and how it should 
be structured to support exploration. Using book selection as a 
representative case of exploratory search, we frst identifed four 
information dimensions—Essence, Experience, Exchange, and En-
twinement—that characterize users’ informational needs when en-
countering unfamiliar items. Through a follow-up evaluative study, 
we showed that explanations organized around these dimensions 
enhanced perceived engagement across multiple leisure domains 
(i.e. books, movies, music, podcasts). Together, these fndings ofer 
a principled framework for composing explanations that not only 
justify recommendations but also scafold user sensemaking and 
curiosity, ultimately in service of users’ epistemic self-actualization 
goals. 
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A Generating Persona Data Templates 

Prompt to ChatGPT 5: 
Create a comprehensive blank YAML template for simulating a 
ChatGPT user profle. The goal is to design a fctional but realistic 
schema that mirrors the kinds of structured data a conversational 
AI system might store about a user, without revealing or referencing 
any private or internal OpenAI data formats. 

System Output: 
Listing 1 presents the simulated YAML template generated in re-
sponse to the above prompt. 

Listing 1: Simulated User Persona YAML Template 
user_id: "" 
tenant_id: "" 
created_at: "" 
updated_at: "" 
status: "" 
labels: [] 

account: 
email: "" 
email_verified: false 
name: 
given_name: "" 
family_name: "" 
display_name: "" 

username: "" 
plan: "" 
plan_started_at: "" 
plan_expires_at: "" 
locale: "" 
timezone: "" 
marketing_opt_in: false 
early_access_opt_in: false 
referral: 
code: "" 
source: "" 

profile: 
demographics: 
age: null 
birth_year: null 
gender: "" 
pronouns: "" 
country: "" 
region: "" 
city: "" 
language_primary: "" 
languages_other: [] 

roles_personas: [] 
biography_short: "" 
biography_long: "" 
education: 
highest_level: "" 
fields_of_study: [] 
institutions: [] 

employment: 
current_title: "" 
current_org: "" 
industry: "" 
seniority: "" 
history: [] 

preferences: 

writing_style: [] 
tone: [] 
formatting: 
bullet_density: "" 
markdown_ok: false 
headings_ok: false 
citations_style: "" 
spelling_variant: "" 

depth_defaults: 
explanation_depth: "" 
examples_preferred: false 
code_included_by_default: false 

content_filters_user: 
avoid_topics: [] 
avoid_phrases: [] 

accessibility: 
reading_ease: "" 
visual_support: [] 
screen_reader_mode: false 

session_behavior: 
ask_followups_automatically: false 
summarize_long_responses: false 
include_tl_dr: false 

exploration_preferences: 
novelty_tolerance: "" 
serendipity_preference: "" 
risk_aversion: "" 
explanation_alignment_schema: [] 

interests: 
primary: [] 
secondary: [] 
disinterests: [] 

goals: 
long_term: [] 
short_term: [] 

constraints: 
time_per_session_minutes: null 
budget_monthly: null 

favorites: 
topics: [] 
authors_sources: [] 
tools: [] 

privacy: 
data_collection_consent: false 
analytics_consent: false 
personalized_models_consent: false 
research_consent: false 
share_with_partners_consent: false 
content_retention_days: null 
export_requested_at: "" 
delete_requested_at: "" 
legal_basis: [] 

security: 
mfa_enabled: false 
last_password_change_at: "" 
recovery_emails: [] 
sessions_active_count: 0 
last_suspicious_activity_at: "" 
risk_score: 0.0 
blocked_ips: [] 

devices: [] 

network: 
preferred_region: "" 
last_ip: "" 
vpn_detected: false 

model_access: 
allowed_models: [] 
default_model: "" 
feature_flags: {} 
rate_limits: 
requests_per_minute: null 
tokens_per_minute: null 

safety_overrides_user: 
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disallow_sensitive_topics: [] 
max_output_length_tokens: null 

usage: 
account_age_days: 0 
sessions_total: 0 
messages_total: 0 
avg_messages_per_session: 0.0 
avg_response_length_tokens: 0.0 
active_days_last_30: 0 
active_weeks_last_12: 0 
most_active_local_hours: [] 
topic_counts: {} 
tool_usage_counts: {} 
satisfaction_signals: 
thumbs_up: 0 
thumbs_down: 0 
comment_feedbacks: 0 

last_active_at: "" 

integrations: 
files: 
count: 0 
last_uploaded_at: "" 

connected_apps: [] 

automations: 
count_active: 0 
items: [] 

conversations: [] 

prompts: [] 

bookmarks: [] 

feedback: 
sessions_reviewed: 0 
items: [] 

exploration_profile: 
trust_calibration: 
baseline_trust: "" 
explanation_importance: "" 

preference_dimensions: [] 
exploration_goals: [] 
diversity_target: "" 
familiarity_target: "" 
longlist_size_preference: null 
shortlist_size_preference: null 
feedback_style: {} 
history_signals: {} 

moderation: 
user_mutes_topics: [] 
assistant_refusals_count: 0 
interventions: [] 

billing: 
currency: "" 
default_payment_method: "" 
invoices_count: 0 
last_invoice_at: "" 
credits_balance: 0 
promo_codes_applied: [] 

experiments: 
assignments: [] 
metrics_snapshot: [] 

web_usage: 
allowed: false 
last_used_at: "" 
domains_frequently_cited: [] 
citations_total: 0 
pdf_screenshots_taken: 0 

files: 

total_count: 0 
storage_bytes: 0 
items: [] 

memories: 
enabled: false 
items: [] 

notifications: 
channels: {} 
digests: 
frequency: "" 
last_sent_at: "" 

rules: [] 

support: 
tickets_count: 0 
last_ticket_at: "" 
tickets: [] 

retention: 
delete_after_days: {} 
next_purge_at: "" 
exceptions: [] 

builder: 
api_keys_count: 0 
apps: [] 

B Populating Persona Data Templates 

Prompt to ChatGPT 5: 

Create 8 realistic, diverse, and fully-populated simulated ChatGPT 
user profles in YAML format based on the schema provided below. 
Do not reference or infer any OpenAI internal data structures — 
use the schema purely as a fctional simulation template. 

Input: [Persona YAML template from Listing 1] 

Example System Output: 

Listing 2 shows an example of a fully populated simulated user 
profle generated using the persona schema defned in Listing 1. 

Listing 2: Example Simulated User Persona (YAML) 

user_id: "u001" 
tenant_id: "us_west_01" 
created_at: "2024-01-10T09:00:00Z" 
updated_at: "2025-08-25T12:00:00Z" 
status: "active" 
labels: ["casual_user"] 

account: 
email: "karen.fl@example.com" 
email_verified: true 
name: 
given_name: "Karen" 
family_name: "Flowers" 
display_name: "KarenF" 

username: "karen_65" 
plan: "free" 
plan_started_at: "2024-01-10T09:00:00Z" 
plan_expires_at: "" 
locale: "en-US" 
timezone: "America/New_York" 
marketing_opt_in: false 
early_access_opt_in: false 
referral: 
code: "" 
source: "" 

profile: 
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demographics: delete_requested_at: "" 
age: 65 legal_basis: [] 
birth_year: 1960 
gender: "female" security: 
pronouns: "she/her" mfa_enabled: false 
country: "US" last_password_change_at: "" 
region: "Florida" recovery_emails: [] 
city: "Tampa" sessions_active_count: 1 
language_primary: "en" last_suspicious_activity_at: "" 
languages_other: [] risk_score: 0.1 

roles_personas: ["retiree"] blocked_ips: [] 
biography_short: "Retired teacher, now gardening and writing 

poetry." devices: [] 
biography_long: "Karen taught English for 30+ years. In retirement, 

she enjoys gardening, reading mystery novels, and writing network: 
poems for her community group. She uses ChatGPT for recipes, preferred_region: "us-east" 
summaries, and learning new hobbies." last_ip: "98.201.45.33" 

education: vpn_detected: false 
highest_level: "Master's" 
fields_of_study: ["Education", "Literature"] model_access: 
institutions: ["University of South Florida"] allowed_models: ["gpt-5"] 

employment: default_model: "gpt-5" 
current_title: "Retired" feature_flags: {} 
current_org: "" rate_limits: 
industry: "" requests_per_minute: 30 
seniority: "" tokens_per_minute: 20000 
history: ["High school teacher"] safety_overrides_user: 

preferences: disallow_sensitive_topics: [] 
writing_style: ["simple", "clear"] max_output_length_tokens: null 
tone: ["warm", "friendly"] 
formatting: usage: 
bullet_density: "low" account_age_days: 600 
markdown_ok: false sessions_total: 120 
headings_ok: false messages_total: 800 
citations_style: "" avg_messages_per_session: 6.7 
spelling_variant: "US" avg_response_length_tokens: 250.0 

depth_defaults: active_days_last_30: 10 
explanation_depth: "low" active_weeks_last_12: 7 
examples_preferred: true most_active_local_hours: [9, 20] 
code_included_by_default: false topic_counts: {"gardening": 60, "literature": 30} 

content_filters_user: tool_usage_counts: {} 
avoid_topics: ["politics", "violence"] satisfaction_signals: 
avoid_phrases: [] thumbs_up: 45 

accessibility: thumbs_down: 2 
reading_ease: "high" comment_feedbacks: 1 
visual_support: [] last_active_at: "2025-08-25T12:00:00Z" 
screen_reader_mode: false 

session_behavior: integrations: 
ask_followups_automatically: true files: 
summarize_long_responses: true count: 2 
include_tl_dr: false last_uploaded_at: "2025-07-10T10:00:00Z" 

exploration_preferences: connected_apps: [] 
novelty_tolerance: "medium" 
serendipity_preference: "high" automations: 
risk_aversion: "medium" count_active: 0 
explanation_alignment_schema: [] items: [] 

interests: conversations: [] 
primary: ["gardening", "poetry", "literature"] prompts: [] 
secondary: ["recipes", "travel"] bookmarks: [] 
disinterests: ["gaming"] 

feedback: 
goals: sessions_reviewed: 2 

long_term: ["publish a small poetry collection"] items: [] 
short_term: ["learn how to compost effectively"] 

exploration_profile: 
constraints: trust_calibration: 

time_per_session_minutes: 20 baseline_trust: "medium" 
budget_monthly: 0 explanation_importance: "medium" 

preference_dimensions: [] 
privacy: exploration_goals: [] 

data_collection_consent: false diversity_target: "" 
analytics_consent: false familiarity_target: "" 
personalized_models_consent: false longlist_size_preference: null 
research_consent: false shortlist_size_preference: null 
share_with_partners_consent: false feedback_style: {} 
content_retention_days: null history_signals: {} 
export_requested_at: "" 
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moderation: 
user_mutes_topics: ["politics"] 
assistant_refusals_count: 0 
interventions: [] 

billing: 
currency: "USD" 
default_payment_method: "" 
invoices_count: 0 
last_invoice_at: "" 
credits_balance: 0 
promo_codes_applied: [] 

experiments: 
assignments: [] 
metrics_snapshot: [] 

web_usage: 
allowed: true 
last_used_at: "2025-08-25T12:00:00Z" 
domains_frequently_cited: [] 
citations_total: 5 
pdf_screenshots_taken: 0 

files: 
total_count: 2 
storage_bytes: 10240 
items: [] 

memories: 
enabled: false 
items: [] 

notifications: 
channels: {} 
digests: 
frequency: "" 
last_sent_at: "" 

rules: [] 

support: 
tickets_count: 0 
last_ticket_at: "" 
tickets: [] 

retention: 
delete_after_days: {} 
next_purge_at: "" 
exceptions: [] 

builder: 
api_keys_count: 0 
apps: [] 

C Generating Human-Readable Versions of 
Persona Profle 

Prompt to ChatGPT 5: 
Write a 250–300 word natural, human-like character description 
based on the YAML user profle below. Turn the structured data 
into a realistic narrative that describes who the person is, what 
they do, what they care about, and how they use ChatGPT. Keep 
it warm, believable, and cohesive—no lists or YAML, just fowing 
prose. 

Input: [Example simulated user persona YAML from Listing 2] 

Example System Output: 

KAREN 

Karen Flowers is a 65-year-old retiree living in Tampa, 
Florida. After teaching English in high school class-
rooms for more than 30 years, she’s enjoying a qui-
eter rhythm of life flled with gardening, reading, and 
writing poetry. Her days often begin in the garden 
and end with a mystery novel or a notebook full of 
verses she shares with her community group. A life-
long learner, Karen uses ChatGPT as a practical com-
panion—whether she’s looking up new recipes, fnd-
ing summaries of books, or exploring fresh hobbies 
like composting. 

Her background in education and literature shapes 
how she approaches the world: she values clarity, 
warmth, and simplicity in communication, and she 
avoids topics like politics or violence that don’t ft 
her current focus on gentler, more creative pursuits. 
She loves poetry that refects on everyday life and 
nature, often drawing inspiration from authors like 
Mary Oliver. While money isn’t something she wants 
to spend on digital tools, she devotes small windows 
of time—about 20 minutes here and there—to learning, 
writing, or experimenting with ideas. 

Karen’s long-term dream is to publish a small poetry 
collection, something that feels like a culmination of 
her love for words and her years of guiding others 
through literature. In the meantime, she sets tangi-
ble, everyday goals, like learning to compost more 
efectively so her garden can thrive. She isn’t chasing 
risk or novelty for its own sake, but she appreciates 
moments of surprise and delight—whether it’s a new 
fower blooming in her backyard or a line of verse that 
suddenly feels just right. Karen is warm, thoughtful, 
and steady, with a deep love for cultivating both her 
garden and her words. 

D Generating Baseline Condition (i.e., 
Non-structured) Explanations 

Prompt to ChatGPT 5: 
In 100 words explain, in second person, why [PERSONA] should read 
[RECOMMENDED BOOK]. Here’s some information on [PERSONA]: 
[Example simulated user persona YAML from Listing 2]. 

Example System Output: 

Karen, you should read The Book of Delights by Ross 
Gay because it feels like sitting with a kind friend 
who reminds you how much wonder still lives in 
the ordinary. Each short essay captures a small mo-
ment—a blooming fower, a stranger’s kindness, a 
shared laugh—and turns it into something luminous. 
As someone who loves poetry and gardening, you’ll 
recognize the same gentle noticing that comes from 
tending both words and plants. Gay’s refections in-
vite you to slow down and savor daily joys, which feels 
especially comforting and grounding in this stage of 
life. It’s a quietly nourishing read. 
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E Generating Experimental Condition (i.e., 
Structured) Explanations 

Prompt to ChatGPT 5: 

In 100 words explain, in second person, why [PERSONA] should 
read [RECOMMENDED BOOK]. 

Write as one continuous paragraph that integrates these ideas nat-
urally, without listing or labeling them. 

Essence – what the item is 
Item Metadata (genre/creator/release), Item Subject Matter (core 
theme/topic), Item Stylistic Expression (tone/aesthetic/voice), Item 
Format & Form Factor (format/medium/length). 

Experience – how it fts the user now 
Alignment with Time Capacity (time/pacing ft), Alignment with 
Efort/Skill Capacity (efort/skill ft), Alignment with Afective/Sen-
sory Capacity (mood/sensory ft), Alignment with Values/Identity 
(values/self ft). 

Exchange – how it is situated socially and culturally 
Personal & Direct Recommendations (e.g., named peers/mentors), 
Community & Shared-Interest Signals (e.g., named groups/audi-
ences), Public & Cultural Signals (e.g., awards/lists/media). 

Manveer Kalirai and Anastasia Kuzminykh 

Entwinement – how it connects further 
Relationships to Similar Items of the Same Kind (back/forward 
within medium), Connections to Diferent Kinds of Items (cross-
media resonance). 

Here’s some information on [PERSONA]: [Example simulated user 
persona YAML from Listing 2]. 

Example System Output: 

Karen, you should read The Book of Delights by Ross 
Gay because it gathers 102 of his brief daily essays 
that uncover joy in small, grounded moments—like 
planting fowers, savoring fruit, or exchanging kind-
ness with strangers. His tone is warm, funny, and 
deeply observant, echoing the mindfulness you bring 
to your garden and poetry. The short pieces ft easily 
into quiet Florida mornings or restful evenings, ofer-
ing gentle inspiration without hurry. Many readers 
and writers admire how Gay turns attention into grat-
itude. When you fnish, you might enjoy his public 
readings on PBS or NPR, where his voice makes those 
delights sing. 
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