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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

https://orcid.org/0009-0006-0834-0765
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3742413.3789129
https://doi.org/10.1145/3742413.3789129


IUI '26, March 23�26, 2026, Paphos, Cyprus Sandra Dojcinovic, Jannis Strecker-Bischo�, Simon Mayer, and Kenan Bekta³

example, various computer games incorporate scienti�cally 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 o�er valuable bene-
�ts, 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 e�ciency [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 speci�c content [14, 43, 79]. Speci�cally in
board games, virtual overlays can guide players' attention without
interrupting their learning �ow [ 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
through MR can support learning experience. We present the GLAM-
Rec (�Game Learning Assistance in MR 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 pro�le and real-time data) to
investigate the in�uence 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 e�ective 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 e�ect 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,
a�ordance-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 o�er 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 a�ordances 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
a�ordances to the user in order to facilitate interaction [21, 68].
Gameplay a�ordances are de�ned as possible actions that improve
players' performance such as score outcomes [29]. The support
o�ered at the beginning of a game, often referred to as tutorials,
can be implemented as cognitive and metacognitive sca�olding
cues in MR that guide players toward appropriate actions without
disrupting their �ow state [32]. Incorporating user and game-state
data and adding textual information to those cues may move such
sca�olding 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
di�erent knowledge sources, including demographics, individual
or group preferences, and needs; other knowledge sources include
contextual and domain-speci�c 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 signi�cantly increase user con�dence 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 �eld 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 bene�ts 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-re�ection.

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. Speci�cally, to motivate
and justify possible actions, a system should clarify these actions
by o�ering reasons that are driven by beliefs, goals, or duties [17].
O�ering such transparency in an educational context to support
the learning of speci�c 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 �eld 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 �ndings on improving e�ective 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 speci�c 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 selection within this genre, we de�ned 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 pro�le (3a) and another prompt that speci�es 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 speci�c 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 su�cient complexity for strate-
gic reasoning, such that a recommender system may o�er
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
�ve 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 �nish 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 o�ers 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-a�ordance-based explanations
grounded in real-time game state as well as user data. GLAMRec
consists of �ve 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 PaddleOCR4. To support accurate card
identi�cation 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 e�orts that combine object recognition and identi�cation
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 �eld, 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 pro�les
with data collected through a questionnaire before the game (see
Appendix D.2). The pro�les 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 di�erent de�ned 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 a�ordance 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 di�erent 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 speci�cally 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 o�cial 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 di�erent 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 pro�le, 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 speci�c 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 signi�-
cantly a�ects the user decision-making process [50]. Based on these
prior �ndings, 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-
�le dimensions across turns by randomizing the chosen prompt.
In the design of the GLAMRec, we employed a privacy-preserving
approach. User pro�les 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 �ne-
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.
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Figure 3: The �gure 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 veri�ed 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 bene�t 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 �eld,
ensuring that users can always identify which part of the game
state a recommendation refers to. By anchoring recommendations
in the visual �eld, 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 �eld, 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 �xed
sampling rate (30Hz). The zones of the game's playing �eld 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.
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Figure 4: The MR interface shows three �oating 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.)

con�gured in MR to align with the given physical setup. Next, three
�oating text panes are positioned above the playing �eld (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 prede�ned 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 a�ordance-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 a�ordance 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 �nal 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-speci�c 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 �ve
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 Geo�rey 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: Geo�rey 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 �ve
personalized recommendations that were based their user pro�le
(see Figure 6). The interviews were semi-structured and allowed
for open comments by the experts (see Appendix C). We were
especially interested to �nd 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 identi�ed 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 arti�-
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 di�cult 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 �rst 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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