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Abstract
Board games often involve strategic decision making and proce-
dural planning tasks. Such tasks require learners to make decisions
based on dynamically evolving game state and changing infor-
mation that is situated in a physical environment. Recommender
systems can filter available information and provide learners with
personalized and actionable suggestions that simplify their decision
making while playing board games. Such recommendations can
further be spatially aligned with relevant physical elements through
Mixed Reality (MR). We present an MR system called GLAMRec for
an engine-building strategy board game. GLAMRec provides per-
sonalized, transparent recommendations by integrating user data,
real-time game state tracking, and ontology-based reasoning during
a complex board game, which we use as a proxy environment for
procedural learning tasks.We interviewed six board game designers
to improve the GLAMRec and conducted a within-subjects design
user study (N=32) to investigate how personalized explanations
affect explanation satisfaction, user experience, and trust. We found
that personalized recommendations significantly improve expla-
nation satisfaction and hedonic user experience without affecting
trust ratings, recommendation compliance, and game performance.
These findings suggest that personalization primarily shaped per-
ception of enjoyment rather than measurable learning outcomes or
trust.

CCS Concepts
• Information systems → Personalization; Recommender
systems; •Human-centered computing→Mixed / augmented
reality; Ubiquitous and mobile computing systems and tools;
• Applied computing→ Interactive learning environments.
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1 Introduction
Personalized recommender systems are the subject of research in
various domains, with the goal to help users navigate informa-
tion overload by offering a subset of options that are individually
tailored. By selecting content that best matches a user’s profile, per-
sonalized recommendations can help users make better choices and
potentially improve the learning experience over generic, one-size-
fits-all approaches [26]. Personalization is hence generally valued
for improving relevance and user satisfaction [40], better preference
matching [72], and supporting diverse user needs and abilities [41].
Personalized recommender systems can provide substantial individ-
ual value also from the perspective of technology-enhanced learn-
ing [71], with promising findings in e-learning environments and
beyond [11, 55, 75]. However, a lack of transparency in personaliza-
tion has been linked to lower acceptance of recommendations [39].
In the context of intelligent systems, we define transparency as
the user’s appropriate understanding of how the system came to
derive a particular decision or recommendation [63]. This is espe-
cially relevant in scenarios where users must learn from or make
decisions based on the system’s suggestions. For instance, studies
have shown that offering “Why” or “How” explanation alongside
recommendations can enhance users’ perceived competence [15].
Accordingly, the availability of a structured, explainable model
of system decisions (e.g., in an underlying ontology) can support
interpretability of explanations [13].

In addition to transparency, previous research has shown that
the choice of medium is also important in learning contexts. For
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example, various computer games incorporate scientifically vali-
dated learning principles, such as providing players with continu-
ous feedback tailored to their immediate actions, as well as their
abilities and learning styles [20]. Immersive virtual environments
can support mental activities and reduce the cognitive demand to
make inferences while solving problems [57]. Dalgarno and Lee
argue that immersive virtual environments offer valuable bene-
fits, as learners can better understand the representation of spatial
knowledge, while immersion can enhance their engagement and
motivation [16]. Furthermore, immersive technologies outperform
traditional methods in procedural assembly tasks , improving ac-
curacy and efficiency [10]. Mixed Reality (MR) technologies can
enrich learning environments, allowing for tangible and spatial
interaction with physical objects and novel input modalities such
as user gaze to trigger specific content [14, 43, 79]. Specifically in
board games, virtual overlays can guide players’ attention without
interrupting their learning flow [32] and MR can enhance immer-
sion and engagement of players while assisting them in tracking
the game state and decreasing their cognitive load [34, 46, 47, 70].

In this paper, we explore how personalized recommendations
throughMR can support learning experience.We present theGLAM-
Rec (“Game Learning Assistance inMR through Recommendations”)
decision support system for board games. We use a complex phys-
ical board game as a proxy environment for procedural learning
tasks in other domains such as industry, medicine, or agriculture.
GLAMRec tracks the state of the board game using a head-worn
MR device and overlays recommendations to supply users with
real-time immersive guidance. We test two conditions where this
guidance is either generic or personalized (i.e., recommendations
are formulated with respect to user profile and real-time data) to
investigate the influence of such personalization on user learning
experience, user explanation satisfaction, and trust. In this context,
we evaluate learning in terms of the perceived, subjective learning
experience, how users perceive understanding, engagement and
support while playing, rather than through objective, cognitive or
procedural measures.

Our overall goal is to inform the design of recommender systems
in learning-oriented contexts such that they remain effective and
adaptive to the current user situation. In doing so, we contribute to
the broader discourse on trustworthy and user-aware recommender
systems that deliver explainable recommendations and support
a satisfactory user and learning experience while respecting the
user’s agency in the decision-making process.

In summary, with this paper we contribute:
(1) A prototype system called GLAMRec for personalized,

transparent recommendations in MR for learning a
complex strategic engine-building board game: It’s a
Wonderful World.

(2) An empirical study to evaluate the effect of personaliza-
tion on users’ subjective learning experience, satisfac-
tion and trust in the system, showing that personalized
recommendations increase explanation satisfaction and
hedonic user experience.

(3) Design suggestions for MR recommender systems in
learning-oriented contexts that provide personalized,
affordance-based explanations grounded in user data
and real-time game state.

2 Related Work
We start with a presentation of the underlying assumptions, cen-
tral themes, and most relevant research results that establish the
baseline of our investigation, which informs the use of MR, recom-
mender systems, and personalized learning support in an engine-
building board game.

2.1 Technology-Supported Board Gaming
When approaching a new game, players are typically supported
through user manuals, tutorials, or other onboarding mechanisms
that explain rules and mechanics of the game. To reduce the ini-
tial learning barrier, printed materials are sometimes accompanied
by digital tutorials such as DIZED1. Prior work has explored the
integration of digital technologies with board games in various
ways: through MR, embedding a fully digital board game into the
player’s physical environment or augmenting an existing physi-
cal board game to enhance immersion and engagement [46, 47];
through accompanying apps, where physical tabletop play is aug-
mented by a digital app that manages gameplay functions such
as information control and bookkeeping, reducing cognitive load
and helping in narrative delivery [34]; and through physiologi-
cal feedback, which integrates digital sensing technologies into
multiplayer board games to transform gameplay mechanics [70].
MR augments physical objects and scenes with spatially aligned
and interactive virtual objects [64]. Through spatial sound (and au-
dio), the use of MR can thereby offer an interactive and immersive
learning experience with interactive elements that go beyond the
possibilities of traditional learning materials [27]. With respect to
personalization, it is important to conceive affordances as action op-
portunities that exist in relation to the users’ abilities as well as the
current user-environment situation [22]. Previous research has used
games as a learning environment, since they can showcase multiple
affordances to the user in order to facilitate interaction [21, 68].
Gameplay affordances are defined as possible actions that improve
players’ performance such as score outcomes [29]. The support
offered at the beginning of a game, often referred to as tutorials,
can be implemented as cognitive and metacognitive scaffolding
cues in MR that guide players toward appropriate actions without
disrupting their flow state [32]. Incorporating user and game-state
data and adding textual information to those cues may move such
scaffolding toward personalized recommendations.

2.2 Recommender Systems and Transparency
Recommender systems are software tools or techniques that of-
fer suggestions for items which are useful to the user [54]—for
our investigation, these suggestions refer to actions and items
that are relevant while playing an engine-building board game.

1https://dized.com/. Last accessed January 19, 2026.
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Recommender systems are today widely used across industries
such as e-commerce, retail, media, and entertainment to help users
navigate the information overload and help them make a deci-
sion [23, 35, 58, 77]. To derive recommendations, systems may use
different knowledge sources, including demographics, individual
or group preferences, and needs; other knowledge sources include
contextual and domain-specific knowledge as well as any inferences
that could be made from these sources [18]. Hybrid recommender
systems, in this context, integrate several knowledge sources to
derive a recommendation which is tailored to the individual user
and context [18].

With growing system complexity and reliance of users on rec-
ommendations, the need for transparency increases as well [48].
In the context of recommender systems, transparency refers to
whether and how a system conveys how it arrived at a particular
recommendation [63]. The provisioning of explanations has been
shown to significantly increase user confidence when making deci-
sions as well as user trust in the system [9, 39]. Maartje and Malle
argue about the need for AI systems to provide explanations for
their actions in the same way as humans would in order to become
explainable [17]. While the topic of explainability has gained popu-
larity in the field of recommender systems (e.g., [62, 69]), it remains
underrepresented in educational recommender systems [4]. This is
a missed opportunity, since in an educational context, transparent
explanations could bring several benefits at once: Not only could
they increase trust in the system, hence providing indirect learning
support, but they could furthermore support the learning of a user
directly by bringing system choices to their attention and thereby
enhancing self-reflection.

2.3 Learning Support and Personalization
Explanations have been shown to be an essential part of an in-
dividuals’ learning process, helping to recognize underlying pat-
terns [38, 44]. Explanations provided by a system should hence be
given in a way (format, language, visual appeal, etc.) that is familiar
to the user, and the rationale behind actions should be communi-
cated in a way that is intuitive for the user. Specifically, to motivate
and justify possible actions, a system should clarify these actions
by offering reasons that are driven by beliefs, goals, or duties [17].
Offering such transparency in an educational context to support
the learning of specific content has been studied in only a few use
cases unrelated to recommender systems (cf. [76, 78]). Research
on transparent recommender systems in education is hence also
rare; rather, the field has primarily focused on systems that recom-
mend what to learn rather than the learning activity itself [3, 4].
Finally, explanations themselves might be personalized; however,
explainable recommender systems are typically kept generic and
do not consider individual users, leaving a large potential of using
personalization to enhance user-centered explainability (cf. [25]).

According to Strecker et al., personalization describes a system-
initiated adaption based on personal data for any delivery or process
method [67]. In an educational context, Pérez-Ortiz et al. [52] takes
user data such as interests and provides personalized recommen-
dations on learning material based on the user’s prior knowledge
and interaction. Jiang et al. [37] also includes dynamic data such

as time-aware interaction patterns to recommend individual learn-
ing paths, personalized to the user’s needs. In e-learning settings,
personalization has been shown to improve learning outcomes and
enhance learners’ autonomy [8, 26]. Researchers are further explor-
ing the use of generative AI methods for personalized learning;
for instance, Shu et al. [61] uses large language models (LLMs) to
generate tailored learning paths based on user performance and
interaction data for guitar learning.

3 GLAMRec: An MR System for Personalized
Decision-support for a Board Game

To leverage these prior findings on improving effective learning
through personalized [8, 52, 61] and transparent [76, 78] recommen-
dations, we propose the GLAMRec system, which provides in-game
recommendations for a board game to support learning how to play
the game. The recommendations are based on the board game’s
rules, real-time game-state data and personal user data provided
by the players. Previous research highlights that (complex) board
games and their mechanics can help to facilitate learning various
disciplines and skills, including computational thinking, teamwork,
and creativity [5, 53]. Especially strategy-focused board games can
be complex and cognitively demanding [45]. In our study, we there-
fore focus on personalized recommendations in a strategy game,
which can be thought as a proxy for other learning processes in
domains such as healthcare (e.g., following a sanitation procedure
for medical instruments), hospitality (e.g., learning how to prepare
roast beef), or craftsmanship (e.g., learning how create a sculpture).

GLAMRec provides recommendations on the learning activity
itself (e.g., recommendations on how to play the game), rather than
on the learning material as in prior recommender system imple-
mentations (e.g., recommendations on which practice content to
select next for learning or which board game to play next) [3, 4, 33].
We intentionally limit the scope of recommendations to learning-
oriented decision support. While other aspects of gameplay, such
as social interaction and narrative strengthening, could also be sup-
ported, understanding game mechanics and early strategic choices
represents a challenge when engaging with complex board games.
Furthermore, the recommendations are shown in MR, with virtual
content visible next to the physical board game, to allow for an im-
mersive learning experience that complements rather than replaces
the physical board game. In the following, we present our rationale
for the specific board game that we selected for our study (see
Section 3.1) and discuss the overall GLAMRec system architecture
(see Section 3.2). We then detail how GLAMRec creates recommen-
dations (see Section 3.3) and illustrate how users interact with the
system (see Section 3.4). The subsequent Sections 4-7 introduce and
discuss our evaluation of GLAMRec through expert interviews and
a user study.

3.1 Board Game Selection
The board game genre “engine-building” is particularly well suited
for our study because engine-building games typically induce a
complex and incremental learning environment with high strategic
depth. For game selectionwithin this genre, we defined three further
requirements:
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Figure 1: An overview of GLAMRec’s components. (1) A camera is mounted above the game and uses OCR to recognize the
text on individual cards and their positions. (2) The current recognized cards are included in a prompt that is sent to an LLM
together with the cards’ ontologies. (3) The LLM creates a generic recommendation (4) for which cards to choose in the current
game phase. (4a) If a personalized recommendation should be created, the generic one is then sent again to the LLM, along
with the player’s user profile (3a) and another prompt that specifies how to personalized the generic recommendation. (5) The
generated recommendation (generic or personalized) is displayed in MR. Additionally, card markers that indicate which ones
to choose are visible when a user directs their gaze to the specific zone.

• The game needed to require low reliance on chance (e.g.,
dice-rolling) and dexterity (e.g., physical skills).

• The game needed to exhibit sufficient complexity for strate-
gic reasoning, such that a recommender system may offer
valuable assistance beyond trivial observations.

• The game needed to support solo player mode and have a
rather short playtime; to ensure a feasible, controlled, and
reproducible study setting.

Based on these requirements, we selected the board game It’s a
Wonderful World (IAWW).2 In IAWW, players build and manage an
expanding empire by drafting and constructing cards to optimize
resource generation. The aim is to develop the most prosperous
civilization and earn most victory points after four rounds of strate-
gic planning and resource production. The game ,3 supports one to
five players, and has an average playtime of 45 minutes per play-
through. In solo player mode, each round consists of two planning
phases and one production phase. During the planning phase, the
player selects cards to either construct, recycle, or discard, consider-
ing various factors like the card type, cost, production, conditional
bonuses, and victory points. During the production phase the player
can produce resources from the built deck and finish constructing
cards. Throughout the game, the player has to make decisions in
each draft, allocate resources, and continue to optimize their strat-
egy. From a practical perspective, the game offers consistent card
layouts and typography suitable for OCR.

2https://www.laboitedejeu.fr/en/its-a-wonderful-world/. Last accessed January 19,
2026.
3https://boardgamegeek.com/. Last accessed January 19, 2026.

3.2 GLAMRec System Architecture
We created GLAMRec to provide transparent and personalized
decision support for players of the IAWW. The recommendations
are visualized in MR including game-affordance-based explanations
grounded in real-time game state as well as user data. GLAMRec
consists of five main components (see Figure 1) that we introduce
in the following.

Real-time game state recognition is implemented through an
OCR-based camera-feed pipeline that recognizes game cards and
tracks their positions across zones on the playing table (see (1)
in Figure 1 and Figure 2). The text recognition was implemented
with the open-source tool PaddleOCR 4. To support accurate card
identification and game state modeling, a full game ontology was
created for the IAWW game using RDF [73] (see (2) in Figure 1).
This ontology encodes all cards of the game and their associated
attributes, costs, and conditions (see Figure 3). This approach relates
to broader efforts that combine object recognition and identification
with semantic grounding [65, 66]. The ontology is hosted on a Solid
Pod5 for decentralized, user-controlled data access (cf. [56]), and
is loaded once at system initialization. When cards are recognized
on the playing field, the game ontology is accessed to establish the
current game state. This serves as input for the recommendation
generation (see (3) in Figure 1), which can be run in one of two
modes: generic (see (4)) and personalized (see (4a)). To personalize
generic recommendations, the system makes use of user profiles
with data collected through a questionnaire before the game (see
Appendix D.2). The profiles are stored on Solid Pods and contain

4https://github.com/PaddlePaddle/PaddleOCR. Last accessed January 19, 2026.
5https://solidproject.org/. Last accessed January 19, 2026.
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Figure 2: Real-time OCR integration to detect and classify
cards that are placed in different defined zones while playing
the It’s a Wonderful World.

personal background information about the player (see (3a) in Fig-
ure 1). Finally, generic as well as personalized recommendations are
passed to the MR interface which is implemented using a Microsoft
HoloLens 2 device (see (5) in Figure 1). This interface contextually
displays the recommendations and visual affordance cues. The cues
displayed gaze-contingent, i.e., they appear in MR based on where
the player directs their attention, which aligns with prior research
that uses gaze to opportunistically adapt to user’s context [7, 24].

3.3 Recommendation Generation
Recommendations in GLAMRec are created in two different modes:
The generic recommendations explain the game independent of user
background while the personalized recommendations tailor explana-
tions based on user data and apply analogy-based reasoning. For the
generation of recommendations, we used an LLM-based approach
(cf. [42, 74]) and specifically GPT-4o-mini as our recommendation
LLM based on early pilot tests across 74 recommendation genera-
tion instances in three game sessions.

3.3.1 Generation of Generic Recommendations. To generate generic
recommendations, we used the current game state together with
a tailored prompt containing the IAWW game rules as input to
the model. Because the official game manual6 emphasizes multi-
player gameplay with just a brief description of the adjustments
to enable solo play, we created a summary of the instructions that
focuses on solo mode. The generic recommendations are linked
with three different zones featured in IAWW (i.e., the Constructed
Zone, Construction Zone, and Draft Zone) and provide two layers of
explanation: (1) immediate tactical reasoning (e.g., “construct this
card for the energy recycling bonus which you can use”), and (2)
strategic context (e.g., “this card synergizes with your current deck”).
In early rounds of the game, GLAMRec provides detailed guidance
while verbosity is gradually reduced in later rounds to encourage
independent decision-making.

6See https://www.laboitedejeu.fr/wp-content/uploads/2021/01/ITS-EN-STD-rules-
web.pdf. Last accessed January 19, 2026.

3.3.2 Generation of Personalized Recommendations. GLAMRec’s
personalized recommendations are based on a user profile, which
is created through a short personalization form that takes approx-
imately 5-10 minutes to complete (see Appendix D.2). This form
captures several aspects of the user’s background and preferences,
which we derived through exploratory discussions, and were se-
lected for specific reasons:

• Known board and video games indicate prior experience
with strategic or digital game mechanics, enabling the rec-
ommender to relate to known game principles.

• Academic and professional background to draw on
familiar disciplinary concepts, domains or work-related con-
texts in explanations.

• Media preferences, passions, and hobbies allow recom-
mendations to be framed using analogies that resonate with
the player’s personal interest.

• Preferred recommender tone supports adjusting the com-
munication style to user expectations.

• Preferred language ensures further accessibility and a
more natural interaction with the system.

Making use of this additional information, personalized rec-
ommendations add a third layer on top of the immediate tactical
reasoning and strategic context introduced above: (3) analogy-based
explanations relate abstract strategies to familiar concepts (e.g., “try
increasing your science production, similar to how you would ex-
pand a settlement in Catan to maximize resource generation” refers
to a similar mechanism in the game Settlers of Catan that this user
has prior experience with).7 This design choice was later reinforced
by the expert interviews (see Section 4), in which the designers
of board games emphasized that they often relate back to known
games or concepts when explaining how to play a new game to a
player. The focus was set on experiential and contextual dimensions
to obtain relatable explanations and simultaneously to avoid using
demographic variables such as age or gender to reduce the risk of re-
inforcing stereotypes. Personalized recommendations furthermore
adapt their tonality as prior research has shown that tone-aware
explanations can increase perceived integrity, persuasiveness, trans-
parency, and satisfaction with recommender systems [49]. A recent
study by Okoso et al. revealed that explanation tone also signifi-
cantly affects the user decision-making process [50]. Based on these
prior findings, the four tone variants used in this paper (i.e., ana-
lytical/neutral, formal/professional, supportive/friendly and engag-
ing/enthusiastic) cover a variety from restrained factual expression
to more socially and emotionally engaging styles. Finally, to avoid
boredom, personalized recommendations vary the referenced pro-
file dimensions across turns by randomizing the chosen prompt.
In the design of the GLAMRec, we employed a privacy-preserving
approach. User profiles as well as the game’s ontology are stored on
a Solid Pod8 to decouple our system from the data it uses (cf. [56]).
Since data storage and access control are handled within the Solid
ecosystem, a separate database is not required and users retain fine-
grained control of what data they share and what applications they

7Examples of a generic and a personalized recommendation can be found in Appen-
dix A.
8For this project, an instance of the open-source community Solid server was used,
see https://github.com/CommunitySolidServer/CommunitySolidServer.

https://www.laboitedejeu.fr/wp-content/uploads/2021/01/ITS-EN-STD-rules-web.pdf
https://www.laboitedejeu.fr/wp-content/uploads/2021/01/ITS-EN-STD-rules-web.pdf
https://github.com/CommunitySolidServer/CommunitySolidServer
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Figure 3: The figure illustrates how the card “Parallel Dimension” is represented in the ontology in RDF format, including its
card type, resource cost, construction bonus, scoring and recycling bonus.

share it with. The advantage of this approach is that data remains
under user ownership and control while remaining accessible to
applications in an interoperable format (cf. [6]). In Solid, applica-
tions’ access rights are verified upon each request—meaning that
our system’s personalized recommender can gracefully degrade
when the user chooses to share less data. We have consciously
aligned GLAMRec with the interests of the Linked Data commu-
nity, demonstrating how Solid-based data infrastructures can be
leveraged for user-facing applications, in this case for personalized
and transparent recommendations in MR environments.

3.3.3 Transparent Recommendations. Transparency in GLAMRec
is implemented on two levels: (1) explanation transparency con-
cerns how recommendations are communicated to the user while
(2) decision transparency makes visible how the recommender’s
outputs relate to the current game state. By exposing both tactical
and strategic recommendations, GLAMRec enables users to under-
stand not only what to do but also why to do it. Previous as well
as ongoing research has explored using semantic sources, such as
ontologies and knowledge graphs, to be able to provide explainable
recommendations in an educational setting [1, 2]. We support this
approach and show how our game ontology can serve as the basis
for providing transparent explanations based on the current game
state. This layered approach of transparency helps complete novices
as well as more experienced players to benefit from the generated
recommendations. In the MR interface, gaze-enabled visual card

markers are overlaid directly on the physical game cards that are
being recommended for construction, recycling and discarding in
the Draft Zone or that are recommended to be prioritized for build-
ing in the Construction Zone. This makes GLAMRec ’s suggestions
explicitly traceable to concrete game elements on the playing field,
ensuring that users can always identify which part of the game
state a recommendation refers to. By anchoring recommendations
in the visual field, the system reduces ambiguity and may support
greater transparency without overwhelming the player. This design
empowers players to follow, question or ignore the system’s rea-
soning by glancing at the playing field, thereby maintaining agency
while interacting with the recommender. This layered design fol-
lows prior research on explanation transparency in recommender
systems [63] and aligns with MR-focused proposals for increasing
user agency and perceptual awareness [67].

3.4 User Interaction in MR
GLAMRec runs in real time on the HoloLens 2 device and was devel-
oped with the Unity Engine, using building blocks from the Mixed
Reality Toolkit (MRTK)9 and the Augmented Reality Eye Tracking
Toolkit (ARETT)10. Eye-gaze tracking using ARETT ensures a fixed
sampling rate (30Hz). The zones of the game’s playing field are

9https://github.com/MixedRealityToolkit/MixedRealityToolkit-Unity. Last accessed
January 19, 2026.
10https://github.com/AR-Eye-Tracking-Toolkit/ARETT. Last accessed January 19,
2026.

https://github.com/MixedRealityToolkit/MixedRealityToolkit-Unity
https://github.com/AR-Eye-Tracking-Toolkit/ARETT
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Figure 4: The MR interface shows three floating recommen-
dations that relate to one of the three zones in the board game
IAWW. The content updates each round to guide next actions.
(Note: This image is taken from a recording; UI visibility is
much better on the HL2 device.)

configured in MR to align with the given physical setup. Next, three
floating text panes are positioned above the playing field (to the left,
front, and right of the player’s perspective, see Figure 4)—generated
recommendations appear in these spaces. The recommendation
system communicates with the MR interface using a lightweight
UDP connection for real-time gameplay support. Detected card po-
sitions from the camera are mapped to the predefined board zones
in MR using a 2x8 grid system, allowing individual card recom-
mendations to be spatially anchored to the correct cards with 3D
card markers. The user’s gaze triggers the display of further con-
textual information. This is triggered based on gaze dwell time and
leads to a highlighting of the corresponding zone borders and card
markers. This affordance-based interaction ensures that relevant
recommendations (e.g., for individual cards) appear when the user
directs their attention to the respective area during gameplay.

In the Construction Zone, GLAMRec marks cards with a dot
in a turquoise color to indicate construction prioritization (see
Figure 5a). In the Draft Zone, GLAMRec marks cards that are rec-
ommended to construct in blue and cards that are recommended
to be recycled or discarded in orange (see Figure 5b). These card
markers are set based on the given recommendations and are gaze-
contingent, appearing if the user is looking at the corresponding
zone. The color selection for the card markers was based on the
consideration to remain distinguishable under common forms of
color blindness. Each time the game progresses to the next phase
and the game state changes, the recommendation system can be
triggered manually for the appropriate round/sequence or updates
automatically when card movements during the discard/redraw
step are detected. The MR interface updates accordingly, so that
users always see relevant recommendations based on the current
game state. The recommendations and affordance cues were in-
tegrated into the physical space, allowing users to perceive them
while actively playing the board game.

4 Expert Interviews
In the course of the development of GLAMRec, we conducted six
expert interviews with experienced board game designers to gain
qualitative insights on a prototype version, towards improving
the final version of GLAMRec. The aim of these expert interviews
was to understand what domain experts considered helpful in an
MR-based recommender system for board games, what they liked

(a)

(b)

Figure 5: Gaze-enabled card markers for each zone in MR to
visually indicate the zone-specific recommendation (High-
lighted with pink circles in these screenshots. The circles are
not visible for players). Markers update in real time as recom-
mendations appear or cards get removed. Image taken from a
recording; UI visibility is better on the HL2. (a) Construction
Zone. GLAMRec marks cards it recommends prioritizing for
construction with light-blue markers. (b) Draft Zone. GLAM-
Rec marks cards it recommends for constructing with dark
blue markers and for recycling/discarding with orange mark-
ers.

or disliked about our prototype, and what features they would
envision particularly in MR.

4.1 Expert Selection and Interviews Method
We recruited six board game designers via the BoardGameGeek
platform, where we only selected individuals with at least one pub-
lished game with a minimum complexity rating of 2 and preferably
similar mechanics to IAWW, such as closed drafting, end game
bonuses, or deck/bag/pool building. The expert pool consists of five
men and one woman, with the majority of experts aged around
55-64 years (see Table 1). We provide their names with their consent:

• E1: Mac Gerdts is the inventor of the rondel game mech-
anism and is internationally recognized for his contribu-
tions to the Eurogame genre. Games developed by him in-
clude Imperial and Concordia, which is rated as the 23rd-best
among all strategy games (and 26th-best among all games)
on BoardGameGeek.

• E2: Thomas Sing won the German Kennerspiel des Jahres
(“expert game of the year”) and the Deutscher Spielepreis
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Table 1: Demographic and experience data of the interviewed
board game designers.

ID Name Gender
Age

Group
No. Games
developed

Exp.
(yrs)

E1 Mac Gerdts Male 55–64 13 20
E2 Thomas Sing Male 55–64 15 12
E3 Stefan Malz Male 55–64 9 17
E4 Louis Malz Male 25–34 5 13
E5 Geoffrey Engelstein Male 55–64 25 20
E6 Rita Modl Female 35–44 14 9

2020 (“German Game Prize 2020”) for his board game The
Crew: The Quest for Planet Nine. His games include various
variation of The Crew and The Key.

• E3: Stefan Malz is part of the father–son duo Malz Spiele,
organizes board game events across Germany, and collabo-
rates with publishers on rulebooks, editing, and translations.
Notable games include Rococo, which was nominated for
several board game awards, and Edo.

• E4: Louis Malz is the other half of the father–son duo Malz
Spiele, also organizes board game events across Germany,
and collaborates with publishers on rulebooks, editing, and
translations. Louis Malz has extensive knowledge of over
1000 board games.

• E5: Geoffrey Engelstein teaches board game design at NYU
Game Center and is an author of books on tabletop gam-
ing. He is also well known for his long-running “GameTek”
segment on the podcast The Dice Tower and for his popu-
lar BoardGameGeek geeklists on the history and theory of
games. Board games he developed include The Expanse and
Space Cadets. In addition, he co-founded Mind Bullet Games,
a small design studio responsible for The Ares Project.

• E6: Rita Modl is a member of the Executive Committee of
the Spiele-Autoren-Zunft (“Game Authors’ Guild”) that is
mainly based in Germany but internationally oriented. She
is engaged in various associations, such as Blick aufs Brett
and Bayerisches Spiele-Archiv Haar e.V.. With her debut game
Men at Work, she won the Austrian Games Award “Spiele Hit
mit Freunden” in 2018. She designed games such as Kuhfstein
and King of 12.

All experts completed our system’s personalization form (see Ap-
pendix B) prior to their interview. One expert was already familiar
with the game. During the interviews, each expert was shown five
personalized recommendations that were based their user profile
(see Figure 6). The interviews were semi-structured and allowed
for open comments by the experts (see Appendix C). We were
especially interested to find out what they thought about the rec-
ommendations in terms of usefulness and accuracy, and how they
thought that the recommendations would impact the game play.

4.2 Interview Results
The interview data preparation followed the thematic analysis ap-
proach by Braun and Clarke [12], which resulted in six main themes
(see Table 2 for an overview).

Figure 6: An example of a recommendation as it was shown
to E5 during the interview.

Table 2: Overview of the themes identified in the expert in-
terviews (N=6).

Theme Summary

Learning to Play a
Game

Strategic cues and known-game analogies support
new players.

Transparency Explaining why actions are not recommended is
helpful.

Personalization
Dimensions

Responses to personalized analogies are highly
individual.

Frequency of Person-
alization

Too many personalized references can feel artifi-
cial over time.

Simplicity Concise summaries help reduce cognitive load dur-
ing gameplay.

Visualization Visual cues were preferred over text-heavy expla-
nations for quick guidance.

Learning to Play a Game. When approaching a new game, the
experts emphasized the importance of intuitive gameplay. Expe-
rienced players “often draw on the experience from other games
they know, searching for analogies in their mind, often subcon-
sciously, to derive an initial strategy.” (E1); such analogies are hence
deemed very helpful for learning. The experts “think it’s great
to give new players an overall strategy... there are just so many
choices, so having an initial strategy is really helpful to narrow
down what people have to consider.” (E5), and E4 mentioned that
“With complex games, it is difficult for many to make a decision in
the beginning. They are aware that the decision doesn’t have to be
correct and that games are about fun, but still many players want
to make the right decision at the start.” Traditionally, this guidance
is done by another person who knows the game well while this
role might be taken by recommender systems such as GLAMRec.
E6 agrees, stating that “That makes sense, because if I play a game
for the first time and don’t understand something, usually someone
sitting next to me says, ‘Take that card because next round you’ll
get that resource or these victory points.’ The system basically does
what an experienced player would do, giving me a little hint.”

Transparency. For the system to be transparent in explaining
why it would recommend certain choices—and, particularly, why it
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does not recommend others—is considered important since players
can learn the most from such explanations: “I think it is even more
important to know why I would not take the other cards... For the
overall understanding of the whole game, it is important to know
what these specific cards would have done for you, or rather what
they would not have done for you.” (E3). Overall, the majority of
experts appreciated the generic explanation of the recommendation
more than the personalized version, saying that it is either unnec-
essary to improve understanding or could be potentially disruptive.

Personalization Dimensions. Our prototype’s personalized refer-
ences were received mixed feedback from the experts. Some experts
liked the analogies made to known games: “That is also what we
often do. When someone asks what kind of game they should play,
we ask which games they know.” (E4) and “If somebody’s played
Dominion and we’re sitting down to play another deck-building
game, I’ll say, hey, you’re going to draw five cards. . . those steps
are similar to Dominion, just to orient them.” (E5). E6 further high-
lighted emotional connections: “I don’t play it much, but I have
a very positive connection to Catan. And when something is ex-
plained with reference to Catan, I immediately have a positive
experience of the game.” However, for others, references to other
games represented more of a hindrance: “When I read through it
quickly, I notice that I constantly have to switch mental tracks.”
(E3). Some experts appreciated the references to other dimensions
of their user profile, such as job experience: “I had to smile a little,
because I am effectively using and managing resources [on my job].”
(E1). In contrast, E4 remarked that such analogies might become
superficial: “It is difficult to capture what really fits when working
with very rough concepts.” With respect to further personalization
dimensions, E2 suggested that “For me it would have been much
more informative if they had asked what I have done throughout
my life, what I have enjoyed...because that shaped me. Since I col-
lected so much information from different experiences, I can now
act intuitively.”

Frequency of References to User Profile. Most experts found the
frequency of references to user profile dimensions overwhelming:
“From my personal feeling, I think there are too many personalized
references. Overall it works, it gives connections, that you are
familiar with.” (E4). This was also observable over time: While E2’s
initial reaction to personalized references was “I believe the referral
to my personal data does something to my motivation. I like it, I
think it increases my motivation.”, with more references E2 noted
that “In the meantime, it now feels a bit artificial. I don’t need it. It
is too repetitive. I now get the impression, it has to give me these
hints even though I don’t need them anymore... Now it feels forced...
I wouldn’t call it manipulation, but it doesn’t come across well.”

Simplicity. All experts emphasized the value of simplicity when
it comes to formulation and length of explanations, as well as game-
play in general: “For most people, they don’t want to read the rules.
I always say that, the rules are the original sin of board games. It’s
the root of many of the problems with board games. People get
intimidated, people get nervous, people start to say ’it’s going to
take too much time’ or get bored.” (E3). On the length of our proto-
type’s recommendations, E3 noted that “It says the right things, but
it is expressed in a very cumbersome way.” Experts further would

Figure 7: Study setup: A participant wearing the HoloLens
2 while playing the board game It’s a Wonderful World. An
overhead camera tracks the game state; predefined card decks
are beside the play area.

welcome a summary feature for the produced resources: “This is
something that often overwhelms players, all the small bureaucratic
details... That’s what many in our community appreciate in online
games, that the system takes over the scoring and bookkeeping. It
takes away a lot of work.” (E4).

Visualization. Connecting to the point of simplicity, visualization
was seen as beneficial for giving players an overview. E6 suggested
that “I see the card and it is outlined like a traffic light: green if it’s
very good, yellow if it’s okay, red if it’s not great. Then I immediately
know which one to take.” E2 emphasized the value of visuals over
text: “Texts are always difficult... but symbols are great, they explain
things quickly.” Similarly, E3 highlighted the benefit of visualizing
game constraints: ”The cards I can build would be shown in one
color and the ones I can’t would be different. That would be a huge
advantage, taking away the mechanical part of the game.”

4.3 Implications for the GLAMRec system
Our findings from the expert interviews were used to inform and
refine GLAMRec’s design before conducting our main user study.
Importantly, we adjusted the system to use personalization more
sparingly and to introduce more variation, ensuring that recom-
mendations did not repeatedly draw on the same personalization
source (e.g., prior experience with board games). Because experts
furthermore liked the idea of visual indications similar to those
used in video games, we made refinements in regards to the visual
presentation of the recommender systems’ information by imple-
menting card markers not only indicating the mentioned cards
for faster orientation during gameplay but also directly indicating
suggested actions.

5 GLAMRec Evaluation
We conducted a within-subject user study with N=32 participants.
Figure 7 shows the experimental setup. Each participant experi-
enced both recommender system types (i.e., generic and personal-
ized) in MR under counterbalanced conditions.

5.1 Hypotheses
We compare generic and personalized recommendations with re-
gards to perceived support for learning, and subjective learning
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experience. Since the level of perceived “learning support” and
“learning experience” can be very subjective and difficult to mea-
sure directly, we use proxy and connected measures for these. Con-
cretely, we investigate the overall user experience, as an important
pre-requisite for an efficient learning process.

A good learning experience includes that using the system is
enjoyable and that it provides a good user experience in general,
where the user is engaged in the process. Thus, we measure the
user experience using the short version of the User Experience Ques-
tionnaire (UEQ-S) [59], which consists of bipolar items rated on a
7-point Likert scale and captures pragmatic and hedonic qualities
(see Appendix D.3.1).

When learning a new game, it is important that one can under-
stand the instructions and is satisfied with the explanations one gets.
We hypothesize that personalization will increase the satisfaction
for the recommendations, as the personalized version will be more
relatable for the participants. We measure explanation satisfaction
using the Explanation Satisfaction Questionnaire (ESQ) [30] on a
5-point Likert scale (see Appendix D.3.2).

Additionally, we consider trust in the system an important pre-
requisite for an efficient learning process. As previous research
suggests an understanding of how the system derived the recom-
mendations, would lead to a potentially higher trust rating [9, 39].
We thus measure trust in the recommender system using the Trust
in Automation Questionnaire (TiAQ) [36], which contains 12 items
on 7-point Likert scales (see Appendix D.3.3).

The independent variable thereforewas the type of recommender
system, while the dependent measures, include the aforementioned
explanation satisfaction, user experience, and trust.

Thus, we formulated our hypotheses as follows:
H1 Participants report a better user experience (measured with

the UEQ-S) in the personalized condition compared to the
generic condition.

H2 Participants report higher explanation satisfaction (mea-
sured via ESQ) in the personalized condition compared to
the generic condition.

H3 Participants report greater trust (measured via TiAQ) in the
personalized condition compared to the generic condition.

Moreover, we collected further quantitative measures and treated
them as observational; these include game performance (rounds
reached, total points scored, number of cards built) and recom-
mendations compliance (fraction of recommendations followed by
the user). We explored whether participants would show greater
adoption of the provided recommendations by analyzing the rec-
ommendation compliance for each move in each condition.11 A
recommendation was considered valid if it was feasible within the
game rules and internally consistent (e.g., each card was associated
with a single recommended action and discard actions included two
cards). Otherwise, the recommendation was counted as invalid and
excluded from the compliance counts. Each valid recommendation
was counted either as followed, if the player executed the recom-
mended action for that card, or as not followed otherwise (e.g., if a
card was recommended for recycling and was instead constructed

11To ensure validity, recommendations that were clearly erroneous (e.g., duplicated or
inconsistent) were excluded from this analysis. We observed an error rate of around
7.5% in our setup.

by the player). These compliance values were aggregated per partic-
ipant and game round. Recommendation compliance was analyzed
for the draft zone. Recommendations provided in the construction
zone (e.g., prioritization of up to three cards for construction) were
excluded from the compliance analysis, since resource allocation ac-
tions were not tracked and therefore could not be reliably matched
to recommendation compliance. Additionally, we also considered
game performance including total points scored, number of cards
constructed and rounds completed as exploratory measure.

5.2 Method
Prior to conducting the user study, we performed a sensitivity
power analysis in G*Power for a two-tailed paired-samples t-test.
The significance level was adjusted to 𝛼 = .0125 (Bonferroni–Holm
correction for four comparisons: UEQ-Hedonic, UEQ-Pragmatic,
ESQ, and TiAQ per condition). Based on Sawant et al. [51], effect
sizes are often not reported for research papers in the human-
computer interaction field; however, based on their meta-study of
quantitative CHI papers, the thresholds for within-group effects
considered small, medium, and large are 0.12, 0.32, and 0.72, respec-
tively. Taking these field-specific recommendations and feasibility
constrains (e.g., time, resources) into account we chose an expected
medium-to-large effect size (Cohen’s d = 0.6) with a power of 0.70,
requiring us to recruit at least 29 participants.

5.2.1 Experimental Procedure. Our within-subject study took ca.
60 minutes per participant with two different primary phases. Prior
to their study slot, participants were asked to complete two pre-
surveys regarding their demographics (see Appendix D.1) and for
the personalization (see Appendix D.2). After arriving in our labo-
ratory, the participants were welcomed, received information about
the user study, and signed a consent form regarding data collection
and use. Each participant put on the HoloLens 2 and went through
the built-in calibration procedure.

The first study phase was conducted outside of the MR environ-
ment, with the intention to mitigate any potential biases in ratings
caused by participants’ negative attitudes toward MR in general.
Participants were shown two different versions of the instructions
for the IAWW (i.e., generic and personalized) on a computer screen,
with the order counterbalanced in each trial. The instructions were
generated using prompts similar to those for the recommendations,
with the personalized version based on the same user profile as
the gameplay recommendations. After reading each version, the
participants rated the instructions using the ESQ [30].

The second phase of the study consisted of two short gameplays
of the IAWW game, with a duration of 15 minutes each, with the
MR recommender, and counterbalanced between the generic and
personalized recommender systems during each play. To mitigate
learning effects and offer varied gameplay, two different, counter-
balanced decks with different starting conditions were used (Deck
A and B) in the two gameplays. Before starting the first game round,
participants received a brief explanation of the playing field from
the researcher, since the instructions before were in written form
and did not include any visual references. After each gameplay,
participants evaluated the recommendations via the UEQ-S and
TiAQ. At the end of the study, participants were compensated with
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an equivalent of ca. USD 35 per hour for their time. The study was
granted ethical approval according to our institutions’ regulations.

5.2.2 Pilot Study. Before conducting the main user study, we car-
ried out a pilot study with a colleague who self-reported a lot of
experience with playing board games. The pilot study showed that
a brief additional verbal explanation at the playing field was helpful
to solidify participants’ understanding prior to the gameplay and re-
duced the number of open questions during the session. Additional
insights from the pilot study led to the provisioning of clearer
indications of the current game phase in recommendations, and
the enforcement of a more consistent recommendation structure.

5.3 Participants
The participants of our main study were required to not be familiar
with the board game IAWW, while familiarity with board games
in general was considered a plus. The participants were recruited
through our University’s platform and consisted of a total N=32
participants (17 men and 15 women), of which 12 (37.5%) were
bachelor students, 15 (46.9%) master students, and 5 (15.6%) PhD
candidates in various fields related to Business, Economics, Law,
and Computer Science. Roughly half of the participants (17, 53.1%)
were aged 18–24, and the other half (15, 46.9%) were aged 25–34.
When asked to evaluate their familiarity with Augmented (AR) and
Virtual Reality (VR)12 on a 5-point Likert scale from 1=“not at all
familiar” to 5=“extremely familiar”, participants on average stated
that their familiarity was 2.63 and 3.09, respectively, with a majority
stating to have used AR or VR rarely or never; 3 participants out of
32 (9.4%) indicated using AR and VR a few times per month. With re-
spect to familiarity with board games and video games on a 5-point
Likert scale from 1=“not at all familiar” to 5=“extremely familiar”,
participants on average stated that their familiarity was 3.94 and
3.69 respectively. Out of 32 participants, 16 (50.0%) reported playing
board games a few times per month, 9 (28.1%) rarely or never, 6
(18.8%) once per week, and 1 (3.1%) a few times per week. Regarding
video games, 14 participants (43.8%) reported playing video games
rarely or never, 11 (34.4%) a few times per month, 5 (15.6%) a few
times per week, 1 (3.1%) once per week, and 1 (3.1%) every day.
Regarding the tonality of the personalization 9 participants (28.1%)
selected an analytical/neutral tone, 2 (6.3%) a formal/professional
tone, 14 (43.8%) a supportive/friendly tone, and 7 (21.9%) an en-
gaging/enthusiastic tone. Regarding recommendation language, 9
(28.1%) out of 32 participants indicated their preferred language
to be German, while the remaining 23 (71.9%) preferred to receive
recommendations in English.

5.4 Results
In this section, we present the main quantitative results of our user
study as well as further exploratory observations we made while
conducting the study.

5.4.1 Quantitative results.

Explanation Satisfaction. The ESQ results show significantly
higher explanation satisfaction in the personalized condition (M =
12As the term Mixed Reality is not as prevalent in public discourse outside of academia,
we used the terms AR and VR in the questionnaire to make them more relatable for
the participants.

3.88, SD = 0.70) compared to the generic condition (M = 3.55, SD
= 0.70; t(31) = 2.66, p = .012, d = 0.47), which reflects a medium
effect size based on HCI thresholds [51]. At item level, we observe
significant differences in regard to the availability of sufficient detail
(Mdiff = 0.47, p = .015, d = 0.46) and completeness (Mdiff = 0.38, p =
.047, d = 0.36). Other items showed non-significant trends toward
higher satisfaction in the personalized condition (all p > .05).

User Experience. The UEQ-S results show no significant differ-
ence for overall user experience between the personalized (M =
0.89, SD = 1.07) and generic (M = 0.69, SD = 0.97) conditions (t(31) =
1.40, p = .17, d = 0.25). As for the UEQ-S subscales, hedonic quality
was rated significantly higher (t(31) = 2.65, p = .013, d = 0.47) in the
personalized condition (M = 0.77, SD = 1.28) than in the generic
condition (M = 0.20, SD = 1.45). However, pragmatic quality did not
differ significantly between conditions (p = .33). Item-level analysis
(see Figure 9) indicates a significant difference on the usual/leading
edge item (Mdiff = 0.81, p = .002, d = 0.65), and non-significant trends
on the items boring/exciting (towards the personalized condition)
and inefficient/efficient (towards the generic condition). Descriptive
patterns suggested that generic recommendations were perceived
as somewhat easier, clearer, and more efficient, while personalized
recommendations were perceived as more exciting, inventive, and
leading-edge. These differences did not reach significance but align
with qualitative interview insights.

Trust. The TiAQ results show no significant difference in overall
trust between the personalized (M = 4.86, SD = 1.03) and generic (M
= 4.86, SD = 1.03) conditions (t(31) = 0.02, p = .99, d < 0.01). Subscales
for positive trust items (personalized: M = 4.50, SD = 1.09; generic:
M = 4.53, SD = 1.17) and distrust items (reversed) (personalized:
M = 5.30, SD = 1.25; generic: M = 5.26, SD = 1.16) also revealed
no significant differences (all p > .80). Effect sizes were negligible.
Small descriptive tendencies emerged at the item level: Generic
recommendations were rated slightly higher on perceived security,
reliability, and reduced suspicion, while personalized recommenda-
tions were seen as less underhanded and less deceptive. However,
none of these item differences reached statistical significance (all p
> .05).

Recommendation compliance. Exploratory analyses of the recom-
mendation compliance showed no significant differences between
conditions. Participants followed recommendations at comparable
rates in the generic (M = 0.66, SD = 0.17) and personalized (M =
0.66, SD = 0.19) conditions (t(31) = 0.13, p = .90, d = 0.02). No signifi-
cant change in following of recommendations across the two game
sessions was observed (p = .078). Recommendation compliance also
did not differ by board game experience level or gameplay order
(all p > .20).

Game Performance. Game performance as exploratory measure
did not significantly differ between recommender conditions across
points scored (𝑀𝑝𝑒𝑟𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑒𝑑 = 5.34,𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐 = 5.44, 𝑝 = .94), cards
built (𝑀𝑝𝑒𝑟𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑒𝑑 = 2.03, 𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐 = 2.16, 𝑝 = .78) or rounds
reached (𝑀𝑝𝑒𝑟𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑒𝑑 = 4.97, 𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐 = 5.47, 𝑝 = .21). It also did
not significantly differ between Deck A and B for the recommender
conditions (all p > .05). However, a strong learning effect was ob-
served across sessions: participants scored more points (first: M
= 2.94 vs. second: M = 7.84), built more cards (first: M = 1.06 vs.
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Figure 8: Overview of main results across recommender conditions. Violin plots show distribution and mean differences for (a)
Explanation Satisfaction, (b) User Experience, and (c) Trust in Automation.

Figure 9: Item-level mean differences in the UEQ-S. Posi-
tive values indicate that participants preferred personalized
recommendation. The difference in usual/leading-edge was
significant.

second: M = 3.13), and reached later rounds (first: M = 4.31 vs. sec-
ond: M = 6.13) in their second gameplay compared to the first (all
𝑝 < .001, 𝑑 > 1.0).

5.4.2 Further Observations. Many participants mentioned that the
experience was enjoyable. Voiced opinions on personalized refer-
ences differed, some described the recommendations as helpful
for clarifying strategies, particularly when personalized references
(e.g., cycling, investment) were perceived as relatable. Others ex-
pressed skepticism toward certain personalized references (e.g.,
when the system drew an analogy to the user’s fondness of K-
Dramas/Koreanovelas, where, according to GLAMRec, “narratives
build up to a dramatic scene much like the construction of cards to
a powerful engine”), which were considered either distracting or
suspicious. A recurring pattern was that participants relied heavily
on recommendations in the beginning but shifted toward trusting
their own intuition and playing more independently with only do-
ing cross-checks in the second round. In a few cases, participants
reported unease when the recommendations seemed incorrect (e.g.,
missing to mention a card), whereas others were not bothered by
this. They either played on their own or used the recommendations

to verify their own intended moves. No clear differences in interac-
tion behavior were observed between participants with lower vs.
higher prior board game experience. While participants with higher
board game familiarity sometimes appeared to gain confidence in
the gameplay slightly earlier by stating that they had understood
the game, both groups put in similar effort into understanding the
game mechanics and engaging with the recommendations.

6 Discussion
H1—User Experience. In our study, personalization showed a sig-

nificant impact on the hedonic quality of the user experience, indicat-
ing a more enjoyable experience due to the personalized condition.
The hedonic effect reached significance at the conventional 𝛼 = .05
level, but falls just short of the threshold when applying a Bonfer-
roni correction for multiple comparisons. We hence interpret with
caution that personalization appears to enhance the user experience
particularly in terms of the perceived innovativeness and excitement.
However, the personalized condition did not result in improve-
ments in the pragmatic quality of the user experience. Hypothesis
H1, which states that participants report a better user experience in
the personalized condition was therefore not supported as it did not
improve aspects of pragmatic experience. The players also did not
perform better across any game performance related measures such
as score, built cards, or rounds reached, which would indicate better
learning effects. This finding is contrary to prior findings of Shu
et al., where personalized learning paths led to better performance
outcomes [61]. This might be explained by the difference that par-
ticipants in our study had to learn a completely new and unfamiliar
board game and additionally mostly having little prior board game
experience, whereas in the research before it was about partici-
pants improving their craft and being familiar with the domain.
This could mean that in new learning experiences, personalization
may not be as central and generic explainable recommendations
may be sufficient for initial understanding. When comparing the
first gameplay and second gameplay sessions, game performance
improved. These improvements were consistent across both rec-
ommender conditions, indicating a practice effect associated with
repeated gameplay rather than the influence of personalization.
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H2—Explanation Satisfaction. Significantly higher explanation
satisfaction was found in the personalized condition for the pre-
sented instructions. The effect was primarily driven by perceptions
of sufficiency of detail and completeness, which suggests that richer
contextualization enhances the perceived explanatory quality of
recommendations. This aligns with previous qualitative findings,
where personalized learning paths also led to higher satisfaction
being expressed by the participants [61]. Although higher satisfac-
tion was present in the personalized condition, our results show no
significantly higher recommendation compliance, which we ana-
lyzed as an exploratory measure. There was also no indication that
prior familiarity with board games affects participants’ tendency
to follow recommendations, which is consistent with the absence
of moderation effects in the compliance analysis. The average rec-
ommendation compliance by users was nearly the same for the
generic and personalized conditions across all games, which could
potentially be related to the overall high trust in the system. Overall,
hypothesis H2 was hence supported. Combining this result with our
results on H1, we show a distinction between perceived explanatory
quality and actual effectiveness for learning as reflected by game per-
formance: While richer contextualization may make explanations
feel more engaging and complete, effective learning outcomes seem
to depend more strongly on clarity and generic explainability, as
also suggested by the expert interviews and similar to our findings
about game performance. These findings suggest that even though
personalization increased satisfaction through more engaging ex-
planations, it did not lead to greater behavioral reliance on the
system, which is consistent with the findings regarding the game
performance.

H3—Trust. No significant difference regarding trust between the
personalized and generic condition was found. The hypothesis H3,
stating that participants report higher trust in the personalized
condition, is not supported. Since the trust ratings were high in
both conditions, overall explainability seems to have established
a sufficiently high baseline already, which aligns with previous
research findings [9, 39]. Bernardo et al. [9] showed that trust is de-
pendent on the perceived usefulness of a system, meaning correctly
explaining a correct decision of the system—this would explain
the similar ratings in our study, since we can assume that both
conditions appropriately explained the action. Descriptive patterns
indicate that generic recommendations are associated with slightly
stronger perceptions of security and reliability, while personalized
recommendations were viewed as marginally less deceptive and
underhanded. This might point at greater relatability of the person-
alized condition, making it appear more trustworthy in these item
measures. So, while personalization improved satisfaction, it did
not significantly change the trust in the system.

6.1 Limitations
GLAMRec relies on PaddleOCR for text recognition, using an iPad
Pro camera to record the game state in 4K resolution. While this
setup provided overall reliable results, the system struggled with
subtle variations in lighting and shadows. Despite studio lighting,
some flickering effects remained and frame rate changes only par-
tially mitigated these issues.

Furthermore, despite extensive prompting and refinement, the
employed LLMoccasionally produced errors, where it recommended
multiple actions for an individual card or missed mentioning a card.
The error rate was around 7.5%. This underlines that, even with
careful design, it is not possible to eliminate all inaccuracies when
using LLM-based recommendations within complex settings.

Personalization in GLAMRec combined multiple elements, in-
cluding tone adaptation, personalized analogies, and contextual
framing of explanations. These elements were applied jointly in the
recommendations, which does not allow the present study to at-
tribute observed benefits to individual personalization mechanisms.
More controlled future studies could therefore systematically isolate
specific personalization components to examine which primarily
enhance enjoyment or which support understanding. GLAMRec
personalization was also heavily dependent on the amount and
specificity of the contextual data provided by the user. Furthermore,
the LLM does not have exhaustive knowledge of all board games
that users mentioned (or of other aspects of user profiles), which
sometimes resulted in imprecise references. Given the diversity of
games and players, there is a trade-off between giving broad per-
sonalized explanations, which may appear impersonal, and highly
specific personalization, which may fail to resonate with a particu-
lar user. Both cases could potentially reduce the overall quality of
the personalization.

GLAMRec focused on card-based game state tracking and did
not capture every game element, such as the exact placement of
the resource cubes. Tracking additional game assets could provide
a more complete representation of the game state, but would poten-
tially also require more hardware, more computational resources,
and could hence lead to increase latency. Furthermore, since there
were occasional errors with the current setting, adding another
input layer to consider might lead to more errors.

Finally, a limitation of our user studywas the sample size. Smaller
effects with N=32 participants in our study might have gone un-
detected. Additionally, the two gameplays had a duration of 15
minutes each in the study, which aligns with the natural playtime
of the chosen board game and was considered due to practical con-
siderations for the user study. Further studies with a larger sample
size or duration length could help to strengthen the findings; with
respect to effects on long-term learning, a repeated study after
several weeks or months might be relevant. Moreover, apart from
game performance, this study did not include dedicated cognitive
or procedural learning assessments; future work could incorporate
such measures (e.g., knowledge tests or transfer tasks) to more
directly capture learning outcomes beyond game performance.

6.2 Future Work
We argue that our proposed personalization approach can be trans-
lated to a variety of other settings, where several of the following
conditions apply: (1) availability of some user data and/or context
data (e.g., progress, state, environment), (2) a complex task space
in which some actions are appropriate to take and others are inad-
visable, and (3) need for domain-specific or procedural knowledge
that can be integrated into the recommendation process. Since
recommendations are grounded in ontological reasoning, this also
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supports responsible design: the system’s decisions can be traced
back and investigated by the user.

We specifically propose that GLAMRec’s approach could be used
in work or industry environments, such as an assembly scenario,
where the system could track a worker’s progress while also consid-
ering their training level (e.g., [28]). It could then support learning
about the assembly process, suggesting the actions to take and
which tools to use (or avoid). Similarly, in maintenance work, real-
time sensor data from the machine as well as user data that includes
the users’ maintenance history and well-known other machines
could be leveraged to advise on diagnostics, guiding the user on
what to inspect and what issues can be ruled out—similar to GLAM-
Rec by drawing analogies between other games the user knows
well. The implicitness of the recommendations can be adjusted as
well depending on the user scenario, to either provide full guidance
or just subtly nudge towards the right direction. There is great
potential for (automatic) adaptation of how the system supports
learning and decision-making, what data can be applied, and for
whom it is tailored, for instance in combination with ubiquitous
task assistants, i.e., digital companions (cf. [19]). Such systems—and
GLAMRec itself—would furthermore profit from the integration of
user feedback, which we have not implemented for our implemen-
tation and study. Specifically, we believe that the integration of user
feedback on recommendations could lead to stronger preference
effects: the system could dynamically adjust the level of personal-
ization based on learned user preferences—this is similar to the
arguments on dynamic robot adaptation presented by Hostettler et
al. [31]. We believe dynamic adaptation would address the mixed
reception in H1 by giving frequent personalized references only to
users who enjoy them.

In professional as well as home scenarios, building on the current
implementation, GLAMRec could be extended to work for multi-
person settings as well, where multiple people are playing, cooking,
or assembling together (e.g., cf. [80] for collaborative assembly
and cf. [32] for peer-scaffolding). The system state would then
incorporate the actions of multiple individuals and reasoning would
be extended to incorporate others’ tasks and experiences as well,
leading to a type of group adaptation that is personalized through
individual interfaces. Past interaction patterns among the members
of the group could also be taken into account, and the system could
provide recommendations to help individuals make better strategic
decisions as well as to learn collaboratively, while raising awareness
of how their choices affect and are affected by others.

Finally, a fascinating option that we considered but chose to not
implement for this study is what we refer to as cross-learning (draw-
ing from a similar concept in machine learning, cf. [60]). GLAMRec
might use user profile data to understand what else (other than
IAWW gameplay) the user currently intends to learn about (e.g.,
from information about a student’s upcoming exams). The sys-
tem could then subtly integrate appropriate topics in gameplay
explanations. While such integration clearly needs to be precisely
calibrated, we believe that this idea might carry far and open fasci-
nating potential for life-long cross-learning.

7 Conclusion
This paper presents GLAMRec, a recommender system that visual-
izes game-specific affordances based on the real-time game state
and incorporates user data to provide personalized recommenda-
tions for supporting learning in a strategic engine-building board
game. Our results show that, compared to generic recommenda-
tions, personalized recommendations lead to significantly higher
explanation satisfaction; they further provide a significantly more
enjoyable user experience by enhancing hedonic qualities such as
novelty and stimulation during gameplay. However, personalization
did not lead to greater trust in the system. These findings suggest
that the value of personalization in recommender systems lies pri-
marily in improving user engagement rather than in educational or
trust-building outcomes; however, we believe that tuning the sys-
tem’s personalization level to individual users has the potential for
pareto-improvement across both dimensions. We finally would like
to highlight the modular and privacy-aware system design through
Solid Pods, which can guide future implementations of adaptive
recommender systems for learning environments and opens large
potential for future research with respect to integration of user
feedback, extension to further domains.
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Table 3: Example of a generic and personalized recommendation (personalized for a participant passionate about investing
with finance background; tone: analytical/neutral). Differences are marked in italics.

Zone Generic Personalized

Constructed
Zone

The Constructed Zone holds fully constructed cards that generate
resources. The goal is to maximize Victory Points (VP) through
efficient resource production and scoring.
Current Round: 1, Sequence: 2.
Status: 1 Empire card constructed. Produces a total of 1 material
and 2 gold.
No conditional bonuses currently active.
Focus on constructing Project cards for the 2× VP bonus.
Prioritize constructing more yellow Project cards to synergize with
the current Empire card.
No supremacy bonuses are active since production is below 5 for
any resource.

The Constructed Zone holds fully constructed cards that generate
resources. Given your background in economics and financial ser-
vices, think of this zone as your investment portfolio where the goal
is to maximize your returns—Victory Points (VP)—through efficient
resource production and scoring.
Current Round: 1, Sequence: 2.
Status: 1 Empire card constructed. Produces a total of 1 material
and 2 gold.
No conditional bonuses currently active.
Focus on constructing Project cards for the 2× VP bonus.
Prioritize constructing more yellow Project cards to synergize with
the current Empire card.
No supremacy bonuses are active since production is below 5 for
any resource.

Construction
Zone

The Construction Zone contains cards selected for construction
that need to be built as soon as possible. Focus on building cards
that enhance resource production.
Recommended to construct:
Magnetic Train — Requires 1 energy, 1 science, and 3 gold. Pro-
duces 1 gold and synergizes with Structures for additional gold
production.
Propaganda Center — Requires 3 gold. Produces 1 gold and syn-
ergizes with Project cards for additional gold production.
Prioritize these cards due to their resource generation potential
and synergy with the constructed Empire card.

The Construction Zone contains cards selected for construction
that need to be built as soon as possible. Consider this zone your
strategic planning phase, akin to analyzing investment opportunities
in your financial internships. Focus on building cards that yield re-
sources.
Recommended to construct:
Magnetic Train — Requires 1 energy, 1 science, and 3 gold. Pro-
duces 1 gold and synergizes with Structures for additional gold
production.
Propaganda Center — Requires 3 gold. Produces 1 gold and syn-
ergizes with Project cards for additional gold production.
Prioritize these cards due to their resource generation potential
and synergy with the constructed Empire card.

Draft Zone The Draft Zone contains randomly drawn cards that can be con-
structed, recycled, or discarded. Focus on selecting cards that will
enhance your strategy.
Construct:
Casino City — Produces 2 gold and fits the Project strategy for
2× VP.
Recycle:
Unknown Technology — Recycling provides science, which is
needed for constructing other cards.
Airborne Laboratory — Recycling provides science, which is also
beneficial for future constructions.
Discard:
Mega-Drill
Tank Division— Both cards do not align with the current strategy
and can be discarded to draw new options.

The Draft Zone contains randomly drawn cards that can be con-
structed, recycled, or discarded. This is similar to diversifying your
investment portfolio; focus on selecting cards that will enhance your
strategy by either having valuable resources or scoring potential.
Construct:
Casino City — Produces 2 gold and fits the Project strategy for
2× VP.
Recycle:
Unknown Technology — Recycling provides science, which is
needed for constructing other cards.
Airborne Laboratory — Recycling provides science, which is also
beneficial for future constructions.
Discard:
Mega-Drill
Tank Division— Both cards do not align with the current strategy
and can be discarded to draw new options.
This strategy will optimize your resource production and set up for
future rounds effectively, much like building a well-rounded invest-
ment strategy.

B Personalization Questionnaire for the Expert
Interviews

This is the English version of the Personalization Questionnaire
for the Experts. If they wished, they could also choose to fill in a
German version.

(1) Demographics. This section won’t be used for person-
alization.

• What is your name?

• What is your gender? Male | Female | Non-binary | Prefer
not to say

• What is your age? Under 18 | 18–24 | 25–34 | 35–44 | 45–54 |
55–64 | 65–74 | 75+

• Howmany and which games have you designed (published)?
• How many years have you been designing board games?
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(2) Personalization Section The following section will be
used to personalize the gameplay prototype for your
interview.

(2.1) Games You Know. Knowledge about the known games,
helps to reference known mechanics and co.

• Which board games have you played before and are familiar
with? Please list up to 10 board games you knowwell enough
to understand the basic rules or strategies.

• Which video games (if any) have you played before and are
familiar with?Please list up to 10 video games you’ve played
before (on PC, console, or any other platform).

(2.2) Academic Background. Understanding your academic
background allows the system to draw references from
familiar concepts and domains.

• What is the highest level of education you have completed?
Please select the option that best describes your highest com-
pleted level of education. No education beyond compulsory
schooling | Upper secondary: Vocational education (e.g. ap-
prenticeship) | Upper secondary: General education (e.g. high
school diploma) | Tertiary: Professional college / advanced
vocational education | Tertiary: University / academic higher
education

• Any further details you’d like to share? (e.g., your specific
specialization, degree program, research focus)

(2.3) Professional Experience. Your professional experience
helps the system relate recommendations to relevant
fields or work-related contexts.

• What are your previous work experiences/current back-
ground? Choose one or more sectors that best describe your
work experience. Agriculture, Forestry, and Fishing | Mining,
Stones and Earth | Food, Beverages, and Tobacco | Textiles
and Clothing | Leather, Leather Goods, and Shoes | Wood,
Wicker, Basket, and Cork Products | Paper and Printing In-
dustry | Chemical Industry, Petroleum Processing | Rubber
and Plastic Products | Glass, Ceramics, Cement Products |
Metal Production and Metal Products | Electrical Engineer-
ing, Electronics, Watches, Optics | Mechanical Engineering
| Vehicle Manufacturing | Furniture; Repair of Machinery |
Energy Supply | Recycling;Water Supply Construction Indus-
try | Trade; Motor Vehicle Trade and Repair | Motor Vehicle
Trade and Repair | Wholesale | Retail | Transport and Logis-
tics | Hospitality Industry | Information and Communication
| Computer Science; IT Services | Financial and Insurance Ser-
vices | Banks | Insurance | Real Estate | Professional, Technical
and Scientific Services | Research and Development | Other
Economic Services | Public Administration, Social Insurance
| Education | Health and Social Services | Arts, Entertainment
and Recreation | Other Services | Private Households | Other:

• Would you like to add more detail about your professional
experience? (e.g., job titles, relevant projects, industry spe-
cializations)

(2.4) Media Preferences Media preferences can be used to
reference familiar themes or narratives in the recom-
mendations.

• Are there any specificmedia or entertainment you enjoy?(e.g.,
movies, genres, TV shows, books, comics). Feel free to list as
many as you like and names — the more detailed, the better!

(2.5) Passions. If you’re passionate about certain topics, hob-
bies or interests, the system can incorporate them into
the experience.

• What are you passionate about? (e.g., topics, hobbies or in-
terests)

(2.6) Recommender Tone. This helps personalize how the
system communicates its suggestions in a tone that
feels natural or effective to you.

• Do you have a tone preference for the recommender system’s
communication? coach/motivational | analytical/neutral

• What language of the recommendations do you prefer? Eng-
lish| German

C Interview Guideline for the Expert Interviews
Before showing the system:

• Are you already familiar with the game It’s a Wonderful
World?

• How do you typically approach board games yourself?
→ Do you read the rulebook and try it out right away?
→ Do you watch reviews or gameplay videos beforehand?
→ Or do you just start playing without preparation?

While showing the system (if the expert comments spon-
taneously):

• What is your impression?
• What do you think about the system’s generated recommen-
dation and personalization?

• Does the reasoning make sense to you?
• At first glance, does the recommendation seem understand-
able to you?

• To what extent do you think this recommendation would
genuinely help a player make a decision, or would it rather
cause confusion?

After showing the system:
Perception

• How did you generally perceive the system?
• Was it clear to you how the recommendations were gener-
ated?

• How did you find the transparency of the decision-making
logic?

Personalization

• How appropriate or helpful did you find the personalized
recommendations in relation to your background?

• Were there recommendations that became clearer or more
compelling to you because of the personalized explanation?

• Were there situations in which you found the personalization
excessive, unnecessary, or

• Did you feel “represented” in the system’s language and
reasoning? (e.g., through profession, interests, etc.)

• Do you think personalization is generally useful?
Gameplay Flow

• Did you feel that the system supported the flow of the game,
or did it rather disrupt the experience?

• How would you assess the usefulness of such a system for
players who don’t know the game yet?
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• Do you think such a system would help a complete board
game beginner?

Assessment

• From your perspective as a game developer, how do you
view the idea of giving players personalized and transparent
recommendations?

• Did you feel the system helped you understand the game
and its mechanics (better)?

• Do you think such a system could be especially useful for
more complex games, as orientation or for learning?

• Do you see any risks or opportunities for the player experi-
ence — for example, in terms of fun, challenge, or learning?

• What would you improve or do differently in this approach?
• Do you think players feel more engaged or understand what
to do faster if analogies are used (e.g., economic terms for
business students)?

• What types of user data would you consider useful? Are
there data you would add, remove, or prioritize?

• How important do you think it is that a recommendation
system explains why it makes certain suggestions?

Reflection

• Is there anything that stood out to you, positively or nega-
tively, that we haven’t talked about yet?

• Would you do anything differently when developing a game
if you knew such a system was going to be used?

D Questionnaires for the User Study
D.1 Demographic Questionnaire

(1) Please indicate the date and time of your appointment for
this experiment.

(2) What nickname will you use? Please choose a nickname and
use it the same way in all questionnaires and throughout the
user study. This helps us match your responses correctly.

(3) What is your gender? Male | Female | Non-binary | Prefer
not to say

(4) What is your age? Under 18 | 18–24 | 25–34 | 35–44 | 45–54 |
55–64 | 65–74 | 75+

(5) What is your current level of study or academic position?
Bachelor student | Master student | PhD student | Other

(6) What is your field of study? (B=Bachelor’s, M=Master’s) Busi-
ness Administration (B) | Economics (B) | Law (B) | Law &
Economics (B) | International Affairs (B) | Computer Science
(B) | Strategy and International Management (M) | Banking
& Finance (M) | Business Innovation (M) | General Man-
agement (M) | Marketing Management (M) | Accounting &
Corporate Finance (M) | International Affairs & Governance
(M) | Economics (M) | Quantitative Economics & Finance (M)
| Computer Science (M) | Other

(7) How familiar are you with Augmented Reality? 5-Point Lik-
ert scale: Not at all familiar | Slightly familiar | Somewhat
familiar |Fairly Familiar | Extremely Familiar

(8) How familiar are you with Virtual Reality? 5-Point Likert
scale: Not at all familiar | Slightly familiar | Somewhat famil-
iar |Fairly Familiar | Extremely Familiar

(9) How often do you use Augmented Reality? 5-Point Likert
scale: Every Day | A Few Times a Week | Once a Week | A
Few Times a Month |Rarely or Never

(10) How often do you use Virtual Reality? 5-Point Likert scale:
Every Day | A Few Times a Week | Once a Week | A Few
Times a Month |Rarely or Never

(11) How familiar are youwith Board Games? 5-Point Likert scale:
Not at all familiar | Slightly familiar | Somewhat familiar
|Fairly Familiar | Extremely Familiar

(12) How familiar are youwith Video Games? 5-Point Likert scale:
Not at all familiar | Slightly familiar | Somewhat familiar
|Fairly Familiar | Extremely Familiar

(13) How often do you play Board Games? 5-Point Likert scale:
Every Day | A Few Times a Week | Once a Week | A Few
Times a Month |Rarely or Never

(14) How often do you play Video Games? 5-Point Likert scale:
Every Day | A Few Times a Week | Once a Week | A Few
Times a Month |Rarely or Never

D.2 Personalization Questionnaire
• What is your nickname?
Games You Know. Knowledge about the known games,
helps to reference known mechanics and co.

• Which board games have you played before and are familiar
with? Please list up to 10 board games you knowwell enough
to understand the basic rules or strategies.

• Which video games (if any) have you played before and are
familiar with?Please list up to 10 video games you’ve played
before (on PC, console, or any other platform).
Academic Background. Understanding your academic
background allows the system to draw references from
familiar concepts and domains.

• What is the highest level of education you have completed?
Please select the option that best describes your highest com-
pleted level of education. No education beyond compulsory
schooling | Upper secondary: Vocational education (e.g. ap-
prenticeship) | Upper secondary: General education (e.g. high
school diploma) | Tertiary: Professional college / advanced
vocational education | Tertiary: University / academic higher
education

• Please share some further details. (e.g., your specific special-
ization, degree program, research focus)

(2.3) Professional Experience. Your professional experience
helps the system relate recommendations to relevant
fields or work-related contexts.

• What are your previous work experiences/current back-
ground? Choose one or more sectors that best describe your
work experience. Agriculture, Forestry, and Fishing | Mining,
Stones and Earth | Food, Beverages, and Tobacco | Textiles
and Clothing | Leather, Leather Goods, and Shoes | Wood,
Wicker, Basket, and Cork Products | Paper and Printing In-
dustry | Chemical Industry, Petroleum Processing | Rubber
and Plastic Products | Glass, Ceramics, Cement Products |
Metal Production and Metal Products | Electrical Engineer-
ing, Electronics, Watches, Optics | Mechanical Engineering
| Vehicle Manufacturing | Furniture; Repair of Machinery |
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Energy Supply | Recycling;Water Supply Construction Indus-
try | Trade; Motor Vehicle Trade and Repair | Motor Vehicle
Trade and Repair | Wholesale | Retail | Transport and Logis-
tics | Hospitality Industry | Information and Communication
| Computer Science; IT Services | Financial and Insurance Ser-
vices | Banks | Insurance | Real Estate | Professional, Technical
and Scientific Services | Research and Development | Other
Economic Services | Public Administration, Social Insurance
| Education | Health and Social Services | Arts, Entertainment
and Recreation | Other Services | Private Households | Other:

• Please share some more detail about your professional expe-
rience. (e.g., job titles, relevant projects, industry specializa-
tions)

(2.4) Media Preferences Media preferences can be used to
reference familiar themes or narratives in the recom-
mendations.

• Are there any specificmedia or entertainment you enjoy?(e.g.,
movies, genres, TV shows, books, comics). Feel free to list as
many as you like and names — the more detailed, the better!

(2.5) Passions. If you’re passionate about certain topics, hob-
bies or interests, the system can incorporate them into
the experience.

• What are you passionate about?
(2.6) Recommender Tone. This helps personalize how the

system communicates its suggestions in a tone that
feels natural or effective to you.

• Do you have a tone preference for the recommender system’s
communication? Analytical/Neutral | Formal/Professional |
Supportive/Friendly | Engaging/Enthusiastic

• What language of the recommendations do you prefer? Eng-
lish| German

D.3 Additional Questionnaires used in the User
Study

D.3.1 UEQ-Short. For the short version of the User Experience
Questionnaire (UEQ-S) [59], for each pair of opposite terms, partic-
ipants select the point on a 7-point Likert scale that best reflects
their impression (1 =left term, 7 = right term).

• Obstructive vs. Supportive
• Complicated vs. Easy
• Inefficient vs. Efficient
• Confusing vs. Clear
• Boring vs. Exciting
• Not interesting vs. Interesting
• Conventional vs. Inventive
• Usual vs. Leading edge

D.3.2 Explanation Satisfaction. For the Explanation Satisfaction
questionnaire [30] participants state their agreement on a 5-Likert
scale, ranging from 1=Strongly Disagree to 5=Strongly Agree.

• From the explanation, I know how the game system works.
• This explanation of how the game system works is satisfying.
• This explanation of how the game system works has suffi-
cient detail.

• This explanation of how the game system works seems com-
plete.

• This explanation of how the game system works tells me
how to use it.

• This explanation of how the game system works is useful to
my goals.

• This explanation of the game system shows me how accurate
the game system is.

D.3.3 Trust in Automation. For the Trust in Automation question-
naire [36], the participants indicate their agreement on a 7-point
Likert scale, ranging from 1=Not at all to 7=Extremely.

• The system is deceptive.
• The system behaves in an underhanded manner.
• I am suspicious of the system’s intent, action, or outputs.
• I am wary of the system.
• The system’s actions will have a harmful or injurious out-
come.

• I am confident in the system.
• The system provides security.
• The system has integrity.
• The system is dependable.
• The system is reliable.
• I can trust the system.
• I am familiar with the system.
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