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ARTICLE INFO ABSTRACT

Keywords: Mixed Reality (MR) has demonstrated its potential in various learning contexts. MR-based learning environ-
Mixed reality ments empower users to actively explore learning content visualized in multiple formats, such as 3D models,
Eye tracking videos, and images. Nonetheless, the sophisticated visualizations in MR learning environments may result in

Attention feedback

Learni potential visual overload, posing a challenge for users in efficiently allocating their attention. In this paper,
earning

we present AF-Mix, a learning support system that leverages eye tracking sensors in Microsoft HoloLens 2
to offer attention feedback for learners. Aiming to design AF-Mix, we conducted a participatory design study
and integrated the attention feedback into our system, following users’ needs and suggestions. Furthermore, we
evaluated AF-Mix in an evaluation study (n = 22) following a quantitative analysis of users’ visual behavior, as
well as a qualitative analysis of interview transcripts. Our findings show that providing feedback to support the
learning process can be achieved effectively with eye tracking. In specific, attention feedback assists learners
in retrieving previously missed information and encourages learners to reallocate their attention in the review
process. Moreover, providing personalized feedback based on previous attention allocation is more effective in
supporting users than a self-review approach without gaze-aware assistance in MR. Such feedback facilitates
users in managing their limited attentional resources better and supports the reflection of their learning journey
more effectively.

1. Introduction MR environments has been recognized (Thoravi Kumaravel et al.,
2019). Besides, users sometimes encounter visual overload and are

Mixed Reality (MR) for learning has been intensively explored in challenged to manage their attention during the learning process appro-
recent years (Arici et al., 2019; Maas and Hughes, 2020). For example, priately (Knierim et al., 2018). In physical classrooms, this is typically
it has been applied in medical education to help students better un- the task of the teacher to structure the learning materials and provide
derstand anatomy structure (Huang et al., 2018), in math education to feedback, which is essential if learners are expected to establish a

create a playful learning scenario (Khan et al., 2018), or in simulation comprehensive understanding of the learning topic (Quintana et al.,
learning to present immersive environments (Ibdfez et al., 2016). In 2004).

general, MR learning systems come with several advantages, including
their potential to visually present and engage learners with abstract
concepts to promote a more comprehensive understanding (Khan et al.,
2018; Radu and Schneider, 2019). Consequently, MR learning environ-
ments can better motivate learners and improve their overall learning
performance (Khan et al., 2019).

Nonetheless, MR learning environments also come with significant
limitations, including challenges for learners in attention management
and overcoming cognitive overload (Vovk et al., 2018; Knierim et al.,
2018). Meanwhile, most MR learning environments follow a construc-
tivist approach, requiring active learning (Hanid et al., 2020), and such
an approach also requires sufficient guidance and assistance (Mayer,
2004). Therefore, a need for more effective support for learners in

While some existing MR learning systems are designed for tu-
toring or collaborative learning with multiple users (Huang et al.,
2021; Radu et al., 2021), other systems expect users to learn inde-
pendently without help from fellow learners or teachers in the MR
environment (r and r, 2017; Mohammadhossein et al., 2022). Successful
learning outcomes in such scenarios require effective self-regulated
learning skills. In the framework of self-regulated learning, designing an
effective learning system requires consideration and support of various
cognitive and metacognitive activities, such as goal-setting, planning,
monitoring, etc. (Panadero, 2017). Among these activities, providing
feedback to students is crucial for cognitive support during the learning
process (Butler and Winne, 1995). While feedback can be achieved in
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various ways, we focus specifically on providing attention feedback
for MR learning systems in our study. This is due to the reported
challenges of attention management in the immersive learning envi-
ronment (Han et al., 2022; Grogorick and Magnor, 2020). Embedding
attention feedback to support learning in MR environments to the best
of our knowledge has been not investigated so far.

We provide attention feedback in MR learning systems to support
users in managing their attention allocation and promote a more effi-
cient review process of their learning outcomes. Therefore, we name
our system AF-Mix. Our human-centered design process focused on
collecting user needs and potential design solutions in participatory
workshops. After implementing the system in Unity and deploying it
on HoloLens 2, we evaluated the impact of attention feedback on the
review process with a user evaluation, analyzing eye tracking and
interview data collected from 22 participants in a between-subject
experiment. The data analysis, using a Bayesian t-test framework,
suggests that AF-Mix enhanced awareness by helping learners retrieve
previously missed information while having no significant impact on
learners’ processing time during the review. Furthermore, participants
perceived AF-Mix as supportive and effective for learning in MR. Par-
ticipants also reported that such a system can benefit learners of dif-
ferent learning styles and encourage learners to optimize their review
strategy.

Our main contribution in this paper is a new approach for pre-
senting attention feedback using eye tracking in MR learning environ-
ments. The results of our user evaluation suggest that AF-Mix supported
participants in obtaining an overview of their learning progress and
successfully helped them to better allocate their attention in the review
process. By conducting user evaluation and synthesizing user feedback,
we contribute to the HCI community with design recommendations
and guidelines for gaze-aware learning support in MR systems, as well
as insights on supporting self-monitoring and self-reflection in MR
learning environments.

2. Related work

The term MR was originally coined to indicate a spectrum of virtual
environments, including Augmented Reality (AR) (Milgram and Fumio,
1994). However, researchers have interpreted the term differently over
the past decade (Speicher et al., 2019). One attempt is to define MR
as ‘“strong AR”, as reported by Speicher et al. (2019), and it has
been adopted in works of Yue et al. (2017) and Maas and Hughes
(2020). According to this definition, MR environments should create
an enhanced user experience compared to their mobile-AR counter-
parts, constructing a blended and interactive environment of physical
surroundings and virtual elements, not just static virtual overlays on
top of the physical environment. In this paper, MR specifically refers
to using head-mounted displays (HMD) to construct immersive AR
environments with extended features such as eye tracking.

Using MR for education and learning has been explored in many
fields, such as medical education (Moro et al., 2021; Bianchi et al.,
2020), science education (Arici et al., 2019; Radu and Schneider,
2019), language learning (Shao et al., 2020), K-12 education (Maas
and Hughes, 2020), collaborative programming (Radu et al., 2021),
etc. Research has shown that using MR for educational purposes has
the potential to improve students’ motivation and learning outcomes
by making abstract ideas and concepts more tangible (Khan et al.,
2019). With MR, students can interact with the virtual learning material
naturally, as they would do when learning with physical material.
For example, Radu and Schneider (2019) implemented a collaborative
learning environment with HoloLens 1, where abstract concepts in
physics are visualized in MR (e.g., magnetic fields). Students can easily
explore the “dynamic nature of relationships between important vari-
ables” in such learning environments (Radu and Schneider, 2019). The
importance of giving and receiving feedback in such MR environments
is also addressed in their work, specifically the feedback given by other
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collaborators during the learning process. As another example, Vazquez
et al. (2017) proposed language learning by using MR. Compared to
traditional learning formats such as phrasebooks, serendipitous lan-
guage learning is achieved in MR with extensive contexts. For instance,
when users discover a physical object in the environment, the MR
system not only displays the corresponding word for the object but also
augments the physical object with additional contextual information
by “embedding 3D models” or a movie clip to the object (Vazquez
et al., 2017). Similar to the previous example, Hennerley et al. (2017)
implemented an MR application that supports the understanding of
abstract concepts in programming with 3D visualizations. Therefore,
one major advantage of learning in MR environments is the following:
MR systems support students in understanding intangible concepts by
embedding 3D visualizations and various formats of learning material
in the learning environment. Besides, MR devices motivate kinesthetic
learning, a learning strategy that by definition requires physical activi-
ties to actively engage in the learning task (Igbal et al., 2019), whereas
other learning formats such as mobile-AR often hinder it (Radu and
Schneider, 2019; Oh et al., 2018).

Even though MR systems have advantages over other learning for-
mats in some contexts, researchers have pointed out the limitations of
MR learning systems as well. Optimizing cognitive workload caused
by information overload, addressing usability issues, and reducing
motion sickness are challenges for designing MR learning environ-
ments (Vovk et al, 2018; Vergel et al., 2020). In response, some
research has explored providing learning support in MR systems. For
instance, Giraudeau et al. (2019) claim that intuitive interactions in MR
can reduce cognitive overload during the learning process. Ibafiez et al.
(2016) adopt scaffolding in AR simulation learning systems to guide
users in exploratory learning. However, little research has been done
to provide feedback that increases users’ self-awareness and supports
them in optimizing their review strategies. We believe that this research
gap prevents learners from fully utilizing the advantages of MR learning
environments.

Compared to traditional learning environments, MR systems of-
ten present learners with a self-directed and constructivist scenario,
including ones developed by Radu and Schneider (2019) and Khan
et al. (2018). Constructivism focuses on motivating learners to ac-
tively engage in learning activities and construct their understanding of
the knowledge proactively (Schunk, 2012). Examples of constructivist
learning strategies include inquiry-based learning, experiential learn-
ing, kinesthetic learning, etc. These learning strategies have been com-
monly adopted for designing MR or AR learning environments (Huang
et al.,, 2016; Radu and Schneider, 2019; Radu et al., 2021). Mean-
while, education research suggests the necessity of providing feed-
back in constructivist learning environments to promote better self-
regulation (Kirschner et al., 2006). Such feedback can increase users’
self-awareness and support in improving their learning performance.
Receiving feedback and adjusting learning strategies are also seen as
an integral part of self-regulated learning (Butler and Winne, 1995).

Nonetheless, most MR learning systems have so far focused on
creating innovative interaction and experience during the learning jour-
ney, while integrating effective self-awareness feedback for learning
in MR has been overlooked. This research gap has been recognized
by Thoravi Kumaravel et al. (2019), as they criticize the lack of
feedback in most MR learning environments. As a response, they inte-
grate learning feedback in their system by implementing “bidirectional
mixed-reality telepresence” tutoring (Thoravi Kumaravel et al., 2019),
allowing tutors to give asynchronous feedback on learners’ perfor-
mance. Furthermore, another study conducted by Shao et al. (2020)
focuses on American sign language education, which also emphasizes
the importance of providing feedback during the learning process,
especially in the context of motion learning. The feedback discussed in
these studies focuses on addressing whether a user action is correctly
performed or not, instead of examining users’ attention distribution
and promoting self-awareness in the learning process. Moreover, these
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systems are typically designed for multi-user learning environments.
We argue that there is a research gap in providing feedback on users’
attention during the learning process in self-directed and single-user
MR learning environments.

Attention plays an important role in learning, and managing at-
tention in constructivist learning environments is crucial for learning
success (Schunk, 2012). Existing studies have leveraged eye tracking to
provide attention feedback in non-MR learning contexts (D’Mello et al.,
2012; Sharma et al., 2016). In a review of studies that used eye tracking
for learning support, Lai et al. (2013) suggest that eye tracking is a
“promising channel for educational researchers to connect learning out-
comes to cognitive processes”. To the best of our knowledge, providing
attention feedback has not been well-studied in MR settings. Therefore,
we aim to fill this research gap by designing a gaze-aware system that
presents attention feedback to users in MR learning environments.

3. Method

Our study aimed to introduce attention feedback into MR learn-
ing systems. For this goal, we followed an iterative research process.
Overall, we organized our research process in three phases. Each phase
contributes to the development and evaluation of the attention feed-
back system, denoted as AF-Mix. The first phase focused on unveiling
user needs and establishing design goals. We conducted a participatory
design study and organized three design workshops. The goal of the
workshops was to reveal user challenges in using MR learning systems
and elicit potential design ideas for AF-Mix.

The second phase revolved around the practical implementation of
AF-Mix based on design solutions derived from the preceding phase.
This resulted in the extension of an existing MR learning system with
gaze-aware learning support, i.e. attention feedback. The feedback in-
cluded an analytical overview of learners’ attention distribution (Fig. 6-
1) and color-coded flashcards (Fig. 6-3) reflecting learners’ prior atten-
tion allocation.

The final phase comprised a comprehensive evaluation of AF-Mix
through a dedicated user study. The primary objective was to in-
vestigate the impact of attention feedback on learning strategy and
outcomes, particularly its influence on the review process during the
learning experience. Employing mixed methods, we analyzed eye track-
ing data and interview transcripts. For the evaluation, we recruited
22 participants and divided them into two groups: Participants in
the treatment group received attention feedback after exploring the
learning material, while participants in the control group did not.

For the data analysis, we adopt the Bayesian t-test framework for
the quantitative eye tracking data (Rouder et al., 2009). Specifically,
we aim to determine whether the attention feedback enhances learn-
ers’ awareness of content previously overlooked during the learning
process. Additionally, we explore whether the introduction of attention
feedback influences the processing time during the subsequent review
phase. Complementing our quantitative analysis, we also conducted
interviews to gain insights into the user experience. The interviews had
been transcribed and coded by two independent coders in an opening
coding process before we conducted a thematic analysis based on the
guidelines proposed by Braun and Clarke (2006).

4. Participatory design

Aiming to understand user needs and define our design goals, we
conducted a participatory design study. For the participatory design, we
organized three design workshops and recruited 15 students (6 female,
9 male) to generate ideas and design solutions. Students were recruited
voluntarily from a Human-Computer Interaction (HCI) lecture at the
local university. Participation in the workshops did not influence the
outcomes or grades for the lecture. The recruitment process received
approval through an Institutional Review Board (IRB) review process.
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The inclusion and exclusion criteria for the workshops include the
following (See Table 1):

We used the 6-3-5 brainwriting method to collect ideas and sketches
from participants. After the workshops, we summarized user needs and
design goals.

Based on the previous work of Liu et al. (2022), we used their
MR learning system for HCI education as the foundation of our par-
ticipatory design. In their MR learning system, users can explore the
established HCI concept of Model Human Processor (MHP) proposed
by Card (1981), using multimodal interaction such as gesture and eye-
gaze-based interaction. In the end, the system will present users with
a review option, which allows users to rediscover previously missed
learning content. Nonetheless, the system has not been systematically
evaluated and the review option requires a more effective design. We
believe the learning content is well-suited for the participants, as the
concept is directly relevant to the HCI lecture they were attending
and had not yet been covered in their lecture at the time of the
design workshops. Apart from this system, we also presented various
other MR learning systems to the participants, including HoloPatient!,
HoloAnatomy (Wish-Baratz et al., 2019). The goal is to reduce the
priming effect of one particular MR learning system on participants
during the design workshops.

The goals of our participatory design are the following: First, we
aim to reveal user challenges in learning with existing MR systems
and validate the potential attention management difficulty indicated
in the related work. Second, we would like to collect ideas and design
solutions produced by the participants to effectively integrate attention
feedback in an MR learning system. For the participatory design study,
15 participants (6 females) were recruited voluntarily and divided
evenly into three sessions. All participants were undergraduate students
taking an HCI lecture and had a basic understanding of HCI-related
learning content and MR technology. Each session lasted around one
hour and was organized in a meeting room at the local university.
Before the workshops, participants were first informed about the study
procedures and gave their consent.

The design workshops unfolded with the following procedure: First,
participants were given a brief introduction to MR technology and
the HoloLens 2 device. They were invited to use the device hands-on
to familiarize themselves with gesture- and eye-gaze-based interaction
techniques afterwards. Next, participants explored a selection of ex-
isting MR learning applications (HoloPatient, HoloAnatomy, the MHP
learning application) at their own pace, allowing them to experience
the current design and use cases of MR in education. Following this,
we introduced the concept of leveraging eye-tracking technology to
support attention management during learning. To minimize potential
biases, instead of showcasing existing gaze-aware learning support
systems, we only provide basic information to participants: we first
demonstrated the technical capabilities of the HoloLens 2 eye-tracking
sensors. Afterwards, we provided a concise explanation of attention
management principles in learning, informed by current research (Roda
and Nabeth, 2007).

Lastly, participants generated and exchanged ideas on how to design
attention feedback using the 6-3-5 brainwriting method. The 6-3-5
brainwriting method is a classic ideation technique originally pro-
posed for product innovation and later adopted in interdisciplinary
research (VanGundy, 1984; Heslin, 2009). In HCI research, it has
been used as an effective participatory method (Muller and Kuhn,
1993; Boy, 1997), and researchers have revealed its advantages for
group elicitation and preventing the ideation process from being domi-
nated by verbally dominant participants (Wilson, 2013). For our design
workshop, we followed the guidelines proposed in prior research on
participatory design (Muller and Kuhn, 1993; Hutt et al., 2021). In our

1 HoloPatient is an MR learning system developed by GIGXR: https://www.
gigxr.com/holopatient/.
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Table 1
Inclusion and exclusion criteria for workshop participants.
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Inclusion criteria

Exclusion criteria

Willing to test and provide feedback in group discussions
Enrolled as a full-time university student
Proficient in English (CEFR B2)

Severe motion sickness, epilepsy, or other medical conditions
Limited English proficiency to understand learning material
Unable to participate due to constraints, e.g. COVID-19

Fig. 2. Brainwriting worksheets produced by participants.

workshop, a brainwriting session typically lasted around 30 min. In
this session, participants formulated their ideas by making sketches or
writing them down on a worksheet. The session followed a repetitive
process consisting of five rounds. In the first round, each participant
contributed three ideas on his or her worksheet within five minutes.
After the first round, the worksheets were passed around to the partic-
ipants so that all participants could review others’ ideas and engage in
this additive process. The session finished when every participant had
reviewed the worksheets of all other participants. After the brainwriting
session, participants discussed the final results and suggested potential
design solutions. Fig. 1 shows participants exchanging design ideas
using the brainwriting technique. After organizing three participatory
design workshop sessions, the results were collected and synthesized
from the worksheets.

4.1. Findings

We coded and clustered all ideas generated by the participants into
three themes, representing the main user needs:

1. Attention feedback should be presented in a simple and straight-
forward way in the review process, without causing additional
cognitive overload.

2. The review process should provide a different learning approach
from the previous explorative learning process.

3. The review process including attention feedback should help
learners to effectively process previously missed information.

Many ideas attempt to reduce users’ cognitive overload. The first
two themes emphasize this user need. Participants commonly rec-
ognized a difficulty users may face in MR environments: cognitive
overload. After reviewing the learning system developed by Liu et al.
(2022), participants assumed that the initial exploratory learning pro-
cess requires a high mental workload. Therefore, participants suggested
that the review process and attention feedback should feature a simple
design, which does not require much effort. Besides, design ideas
contributed by participants highlight that a clear distinction between
the exploration and the review process should be clarified as affordance
in the system design, assisting learners to adjust their learning strategies
accordingly. Based on participants’ insights, we concluded one poten-
tial design solution: the initial learning process may allow users to
explore learning material in an arbitrary sequence, making the learning
process more autonomous and flexible. Thereafter, the review process
can present a predefined learning path that guides users in covering
content they might have missed previously.

Overall, the collected ideas suggest a unique design to present
attention feedback in a simple format. As one participant wrote in her
worksheet, attention feedback should “reduce users’ mental workload
with a simple interface” instead of further overwhelming users. Addi-
tionally, the third theme suggests that participants wanted more than
just receiving information on their attention. Particularly, participants
wished for additional support for self-reflection in the review process
after receiving the attention feedback. One participant explained this
during the discussion:

In my opinion, the goal of getting feedback is to know more about
your weakness in the process. If the system is already capable of
telling me what I missed, is it possible to help me review and mem-
orize what I missed? (...) Fixing your weakness is more important
than finding it out. (P4)

Sketches (see Fig. 2) produced by the participants also corroborate
the clustered themes. In the design sketches produced by the partic-
ipants, one idea attempts to address the user needs in all clustered
themes. The idea is to present attention feedback and review options
as a deck of virtual flashcards. The MR learning system can potentially
display one flashcard at a time. Each flashcard should be color-coded
based on users’ previous attention. Users can go through the flashcards
one by one to review their learning progress and the learning material
at their own pace. Fig. 2 shows this idea from the worksheets. This
design was favored in the group discussion during the participatory de-
sign sessions. Participants from the workshop sessions proposed several
advantages of this design. First, this design reminds users of familiar
experiences in using a deck of physical flashcards, thus potentially re-
ducing their cognitive workload. Moreover, participants suggested that
the new design has the potential to help users reflect on their learning
results and even assist them in fostering knowledge. In conclusion, the
design of attention feedback for our system was finalized based on the
results of the participatory design study: The feedback scene of our
system is designed as a set of color-coded flashcards. Details of the
design and implementation of the attention feedback are discussed in
the next section.
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Fig. 3. Low-fidelity prototype of the feedback scene.

5. Design and development of AF-mix

Our system AF-Mix integrates Attention Feedback in Mixed Real-
ity. AF-Mix consists of three scenes: a) introduction; b) exploration;
c) feedback. The introduction scene assists users in onboarding and
presents essential information to help them understand the overall
concept to be learned. The exploration scene allows users to explore
the learning material with eye-gaze-based interaction and learn the
concept at their own pace, The learning material is presented as content
items, including 3D models, images, texts, and videos. Lastly, attention
feedback is provided in the feedback scene based on users’ previous
gaze attention.

We selected the established HCI concept MHP as the learning con-
tent, based on the previous study of Liu et al. (2022). The concept
is well-established and was initially proposed by Card (1981) to inte-
grate Human Information Processing (HIP) knowledge in HCI education
and research. The user requirements suggest an engaging and active
learning experience. Users should be able to freely explore the learning
content and activate content items based on their attention. Therefore,
we arranged the content with multimedia material, including 3D mod-
els, videos, images, and texts as content items. Users can trigger the
content items and explore the information with their gaze, and AF-
Mix presents users with attention feedback based on the collected eye
tracking data. Section 5.2 describes the user interaction in more detail.

Before implementing AF-Mix, we created low-fidelity prototypes
and made design decisions. Fig. 3 shows the feedback scene with
the design of presenting attention feedback as color-coded flashcards,
inspired by the idea that emerged from the participatory design study
(See Fig. 2). The final design of attention feedback in our system is
the following: After exploring the content in the exploration scene,
users would receive a summary of how many content items they have
explored or missed. Next, users have the opportunity to review all items
displayed as a deck of flashcards in a randomized order and go through
them one after another. Each flashcard is also color-coded to indicate
the level of attention from the previous scene.

The following sections describe the system architecture and each
scene with more details, including how users explore the learning
content and how attention feedback is presented in AF-Mix.

5.1. System architecture

For implementing AF-Mix as a HoloLens 2 application, we used
Unity as our engine and imported the foundation package of Mixed
Reality Toolkit (MRTK) 2.7.0 in Unity. In Unity, our workflow consists
of two parts: a) creating 3D models, content items, and the user inter-
face; b) compiling C# scripts to connect the frontend and backend. The
first part was achieved with the open-source Computer-Aided Design
(CAD) software Blender®. In Blender, five 3D models (human body,
eye, ear, neuron cells, and brain) were created to represent the main

2 https://www.blender.org/
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components of the MHP: a human user, visual perception, auditory
perception, motor system, cognition, and memory.

After importing the 3D models in Unity, the frontend and backend
of AF-Mix were implemented. Prefabs from the MRTK library were used
for the frontend interface, including prefabs of information panels that
hold images, texts, and videos as content items as well as UI buttons.
The backend collects eye tracking data when users interact with the
items. Based on the collected data, the system categorizes the content
items according to users’ gaze duration and presents attention feedback
accordingly. Additionally, the collected eye tracking data were also
used for quantitative analysis in the evaluation study.

5.2. Introduction and exploration scene

Attempting to avoid usability issues, we include a short introductory
scene in the final system. The introduction scene provides interactive
examples of how to use eye-gaze-based interaction to explore elements
in MR.

In the introduction scene, AF-Mix introduces eye-gaze-based inter-
action to users (See Fig. 4-2, Fig. 4-3). At this stage, users are instructed
to toggle a button with their gaze. If users successfully toggle the button
by gazing at the button for more than two seconds (default setting for
button prefabs in MRTK for HoloLens 2), they can proceed to the next
page. On the next page, a 3D model of a cheeseburger will appear on
top of the information panel. Here, the introduction guides users to
look at the model and activate a tooltip before they proceed to the last
page (See Fig. 4-3). This interaction technique is used throughout the
exploration scene. The last page of the introduction scene presents basic
information on the MHP concept. It is designed to give users a general
impression of what they will learn later and reduce their cognitive
workload when they enter the exploration scene.

The exploration scene contains learning material users can explore,
including 3D models and content items. Upon entering the scene, users
encounter the main 3D model of a human user interacting with a
laptop. Besides, a notification message is fixed above the 3D model,
reminding users to employ the previously introduced eye-gaze-based
interaction to explore the content (Fig. 5-1). The self-directed learning
process follows a drill-down approach, where users explore content
arranged in three layers. Fig. 5 illustrates the process of exploring the
three layers of content. The main 3D model is the first layer of content:
It is static and displayed throughout the scene. When users gaze at
particular parts of the main model, including eyes, ears, the brain, and
hands, the second layer will be activated. Each second layer comprises
another 3D model (secondary model) and a short text explaining one
of the following components: visual perception, auditory perception,
motor system, cognition, and memory. When exploring the second
layer, users can gaze at the secondary models and activate the third
layer. The third layer contains content items that elaborate on sub-parts
of the MHP concept in detail. For example, the auditory perceptual
processor (ears) is part of the second layer, consisting of three sub-parts:
inner, middle, and outer ear. Each sub-part includes two content items:
one information panel with texts and another with either images or
videos.

Throughout the exploration scene, a total of 20 content items are
presented. As detailed in the system architecture, each item is as-
sociated with a script that logs whether users have fixated on the
item and records the gaze duration for each item. This functionality is
crucial for providing attention feedback in the subsequent scene. In the
exploration scene, users can find a ’Finish Learning’ button located in
front of the main hologram, enabling them to proceed to the feedback
scene when they decide to conclude their content exploration.
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Welcome

You can also use your eyes to interact with
objects.

cheeseburger!

Try to look at the button at the top. v?u will
see the button getting highlighted while you
look at it.

Fig. 4. Guidance on using gesture (1) and eye-gaze-based interaction (2,3) in the introduction scene.

Fig. 5. First, users use eye-gaze-based interaction to explore the main 3D model (1) and activate the second layer of content (2). Next, users gaze at the secondary models (2) to
activate and explore the content items (3).

Learning Feedback

M

On the next page, you can go through all learning
content. Different colors indicate different levels of

attention you paid previously.

1 Out of 20 learning components to explore, you have

I briefly explored: 2 (10 %)
| paid great attention to: 3 (15 %)

i i i briefl
A completely missed: 15 (75.00 %) Completely missed content s marked in ', briefly

explored content in yellow, focused content in

Lo

A brief description of motor system Cochiea: the i

Fig. 6. Attention feedback in our system includes basic learning analytics on users’ attention (1) and color-coded flashcards for reviewing the content (2,3).

5.3. Feedback scene

Attention feedback is presented as a deck of color-coded flashcards
in the last scene in AF-Mix. After finishing the explorative learning in
the previous scene, users are presented with a brief analytics of their
learning outcome with three numbers (See Fig. 6-1): the number of
completely missed items, the number of briefly explored items, and the
number of items that have been examined with great attention. The cri-
teria for such three categories are defined based on users’ gaze duration.
If users’ gaze duration on a content item exceeds a predefined thresh-
old, based on reading rate research (Brysbaert, 2019), the component is
labeled as “explored with great attention” (color-coded in green). The
threshold is derived as follows: On average, each content item contains
85.05 words (SD = 40.19). It is assumed that learners need to read

at least the first three lines of text on an item, averaging 27.6 words
(SD = 2.1), to comprehend its content. Consequently, the benchmark
threshold for a content item to be color-coded green (“explored with
great attention”) is a gaze duration exceeding 5 s, calculated using
a fast reading rate of 337 words per minute for non-fiction English
text (Rayner et al.,, 2010; Brysbaert, 2019). Meanwhile, if the gaze
duration falls below this threshold but is greater than zero, the item is
labeled as “briefly explored” (color-coded yellow). Items with a gaze
duration of zero seconds are marked as “completely missed” (color-
coded red). This categorization organizes content items in the feedback
scene into three attention levels: high (green), brief (yellow), and none
(red).

The analytics is presented in an information panel consisting of
the aforementioned three numbers. After reviewing the analytics, the
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Fig. 7. A user testing the system.

system presents all content items as a deck of flashcards to users (See
Fig. 6-3). The order of the cards is randomized, and the system displays
one card at a time. Here, each card is labeled in one of three colors: red,
green, and yellow, indicating the three levels of attention. Users can
navigate through the cards by selecting either the “back” or “forward”
button, arranged on two separate sides of the card. Through presenting
the flashcards, AF-Mix provides users with individual attention feed-
back along with a review process. During the review process, users are
allowed to check their previous attention to each content item based on
the color coding at their own pace. At any time during the process, they
can finish the review process by selecting a “Finish Review” button at
the bottom of the card deck.

Our design follows the basic idea collected in the participatory
design workshop, as most participants were in favor of using flashcards
to review the learning content in MR. Aiming to alleviate potential
cognitive overload as suggested by the participants, all 3D models from
the exploration scene are hidden in the feedback scene. Consequently,
only the content items remain, serving as flashcards for attention
feedback in the review process.

6. Evaluation study
6.1. Data collection

The evaluation of AF-Mix was conducted as a between-subject
laboratory experiment with students from the local university in a co-
learning space. The learning space had been previously designed for
immersive learning experiences and self-study at the university. The
evaluation received approval from the university IRB. In the evaluation
study, 22 participants were recruited. They were evenly divided into
a control group and a treatment group, each comprising 11 partici-
pants. Participants who completed the study were incentivized with a
monetary remuneration of 12 euros.

The entire evaluation consists of 22 sessions, including 11 sessions
for the treatment group and 11 for the control group. Each session was
designed to last approximately 60 min. In each session, one of the 22
participants was randomly selected and invited to immerse themselves
in the MR learning environment with HoloLens 2. The integration of
the eye tracking sensor on HoloLens 2 facilitated the collection of
eye tracking data to track users’ attention allocation with the AF-Mix
system. This data collection process involved tracking participants’ gaze
focus on each content item, determining whether an item was examined
in both the exploration and feedback scenes, and capturing the gaze
duration on each reviewed item in both scenes (see Figs. 7 and 8).

Additionally, qualitative data were collected through semi-structured
interviews conducted afterwards. The goal of the interview is to collect
feedback as qualitative data for a thematic analysis. In the coding
process for thematic analysis, two coders independently reviewed and
coded the interview transcripts to improve inter-coder reliability and
validity. An achieved Cohen’s kappa of 0.82 suggests a good agreement
level through the coding process.

Fig. 8. Screenshot during evaluation.

6.2. Task and procedure

The primary objective of this study is to investigate the efficacy
of providing attention feedback for MR learning environments. Thus,
we introduced two separate review options within the MR learning
app: one integrated with attention feedback, as described in Section 5
(assigned to the treatment group), and another without such feed-
back (assigned to the control group). The introduction and exploration
scenes for the two options are identical, only the feedback scene has
been modified for the control group. Participants in the control group
received flashcards without color coding or analytics, unlike the treat-
ment group, who received attention feedback along with insights into
their learning outcomes, as depicted in Fig. 6. This deliberate design
meant that participants in the control group were left uninformed
about which specific items they may have missed during the initial
exploration. Consequently, they had to rely on their memory, while
this information was presented explicitly in the feedback scene to the
treatment group.

With these design considerations, we organized 22 sessions. Each
session began with an onboarding process, presenting participants with
study background information, explaining the experimental procedure,
and clarifying their rights. After giving informed consent, participants
were instructed to use the HoloLens 2 and calibrate the device for eye
tracking. This concludes the onboarding process.

After the onboarding process, each participant in both groups was
given the same task: They should explore the learning content freely
without time constraints in the exploration scene and review their
learning progress by going through the flashcards in the feedback scene
with AF-Mix. During the process, eye tracking data were collected
as described in the previous Section 6.1. Upon completing the learn-
ing task, each participant was invited to a semi-structured interview.
The interviews were designed to take around 10-15 min to complete,
addressing the following topics: a) overall impression; b) potential
usability challenges; c¢) opinions on the attention feedback; and d)
suggestions for further improvement. The interviews were recorded
with the consent of the participants. After the interviews, participants
completed the evaluation study and claimed the remuneration.

6.3. Participants

We recruited 22 participants (8 females). The age of the participants
ranged from 19-28 years old (M = 24.09, SD = 2.69). The recruit-
ment process was done through the online recruitment platform of
the Karlsruhe Design and Decision Lab (KD2Lab) at Karlsruhe Institute
of Technology®. The KD2Lab has a standard subject pool comprising
university students from diverse educational backgrounds and with
different academic degrees. The inclusion and exclusion criteria remain

3 More information on the recruitment platform can be found on the
website of the KD2Lab: https://www.kd2lab.kit.edu/
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the same as for the design workshops. Through this process, we man-
aged to recruit participants that represent the target user demographic
for AF-Mix.

During the onboarding process, we inquired about participants’
previous experience with immersive technologies and their familiarity
with the presented topic. None of the participants had prior experi-
ence with HoloLens 2, and none were familiar with the MHP concept
presented in AF-Mix.

7. Data analysis and results
7.1. Eye tracking data analysis

We collected eye tracking data to assess gaze duration on each con-
tent item throughout the evaluation. This allowed for the measurement
of the variables NewFeedbackItems (NFI) and TimeNewFeedbackItems
(TNFI). NFI represents the total number of content items that were not
initially viewed in the exploration scene but were later discovered and
examined in the feedback scene. TNFI indicates the total gaze duration,
measured in seconds, spent examining the newly discovered and ex-
amined content items in the feedback scene. Note that, to be classified
as ’discovered and examined,’” a content item must accumulate a gaze
duration exceeding 5 s in the feedback scene. We set this minimum
threshold based on the assumption that participants, with a fast reading
rate of 337 words per minute, would likely need to read at least three
lines of text presented on content items (with an average length of
27.6 words) to grasp an overview of the content. We use prior research
from Rayner et al. (2010) as a reference for the reading speed, while
the average text length is calculated from the presented content items
in our design. This approach aims to provide a thoughtful consideration
of participants’ interactions with the presented content.

Considering our between-subject design and data collection method,
we opted for the Bayesian t-test framework to analyze the gathered
data, as described by Rouder et al. (2009). Our research goal is to
explore the impact of introduced attention feedback in the MR learning
environment, and as such, we formulated relevant hypotheses. Given
that the attention feedback offers learners a comprehensive overview
of their prior learning outcomes, providing a clear indication of what
they missed in the exploration phase through color coding, we outline
the rival hypotheses regarding the NFI variable as follows: The null
hypothesis (H,_NFI : 6 =0) assumes that attention feedback does
not affect the number of newly discovered and examined items in
the feedback scene. In contrast, the one-sided alternative hypothesis
(H,_NFI : 6 = 0) suggests that providing attention feedback results in
a higher number of such items for participants in the treatment group.
The § value represents the standardized effect size.

For the TNFI variable, we propose the following rival hypothe-
ses: The null hypothesis (Hy,_TNFI : 6 =0) proposes that attention
feedback does not affect the total gaze duration on newly discovered
and examined items in the feedback scene. In contrast, the one-sided
alternative hypothesis (H, TN FI : 5 > 0) suggests that attention feed-
back leads to a longer gaze duration due to the increased amount of
information (i.e., the color coding on each flashcard). Due to limited
prior knowledge of the research topic, a Cauchy prior distribution (r =
1/\/5, truncated at zero) has been assigned for both hypotheses. This
choice ensures a conservative and unbiased approach to the Bayesian
analysis.

Notably, before delving into the examination of the two variables
and associated hypotheses mentioned earlier, we investigated the num-
ber of items examined during the exploration scene in a pre-analysis.
The results from a t-test (BF,, = 0.481, BF,z = 2.079, § = —0.228,
95% CI: [-0.987, 0.457]) reveal no significant difference between
the two groups. This supplementary pre-analysis is crucial as it helps
verify that any potential disparities observed in the feedback scene
(e.g., differences concerning NFI and TNFI) are likely attributed to
the design intervention rather than variations in participants’ learning
behavior between the two groups.
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Fig. 9. Number of newly discovered and examined content items in review phase (NFI)
for the treatment group (M = 7.909, SD = 3.448) and the control group (M = 4.091,
SD = 4.888).
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Fig. 10. Total gaze duration (in seconds) on newly discovered and examined items in
the review phase (TNFI) for the treatment group (M = 202.273, SD = 177.648) and
the control group (M = 208.909, SD = 286.533).

Regarding the NFI variable, the mean item count was 7.909 for
the treatment group and 4.091 for the control group, with standard
deviations of 3.448 and 4.888 respectively. Therefore, the higher value
of NFI in the treatment suggests the efficacy of attention feedback in
helping learners retrieve previously missed information. Regarding the
TNFI variable, the mean gaze duration was 202.273 s for the treatment
group and 208.909 s for the control group, accompanied by standard
deviations of 177.648 and 286.533, respectively. Upon plotting the data
(See Figs. 9 and 10), we observed non-normality in both variables,
accompanied by the presence of outliers. These observations may be
attributed to the relatively low sample size and considerable individual
differences in learning strategies (Schunk, 2012). To address model mis-
specification arising from non-normality and outliers, we implemented
a log transformation for both variables. Additionally, a Mann-Whitney
U test was conducted alongside the two-sample t-test, as it remains
unaffected by the log transformation. This dual-method approach has
been applied in existing studies to ensure the robustness of a Bayesian
t-test analysis (van Doorn et al., 2020). For a comprehensive overview
of the collected data, descriptive analyses, and the Bayesian analysis
results, please refer to the accompanying .jasp file, accessible at https:
//osf.io/5t7vf/ (see Figs. 11 and 12).

The findings reveal strong evidence supporting H, NFI as the
Bayes factor (BF,) is 11.757, indicative of a great likelihood for the al-
ternative hypothesis. Consistently, the Mann-Whitney U analysis yields
a BF,, of 5.171, providing moderate evidence in favor of the alterna-
tive hypothesis. This finding underscores the effectiveness of attention
feedback in helping learners retrieve previously missed information.
On the contrary, for the gaze duration on newly examined items in
the feedback scene, no decisive evidence is shown for H, TNFI,
with BF,, = 0.754 and BF,, = 1.343. The error percentage in both
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Fig. 11. Hypothesis testing with one-sided Bayesian independent samples t-test for
H,_NFI :5>0.
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Fig. 12. Hypothesis testing with one-sided Bayesian independent samples t-test for
H, TNFI :6>0.
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Fig. 13. The Bayes factor robustness plot for BF,, concerning NFI. The maximum
BF,, = 12.21 was reached at a prior width r of 0.98. The evidence for the alternative
hypothesis is stable throughout different prior distributions.

cases is < 0.001%. Further exploration and analysis may be needed to
better understand the impact of attention feedback on the time spent
examining newly discovered items.

To ensure the robustness of our findings, we conducted additional
analyses. Figs. 13 and 14 depict the Bayes factors concerning the prior
width (r). For BF,, regarding variable NFI, the Bayes factor exhibits
great stability, ranging from 3 to 12 across a broad range of prior
widths from 0.2 to 1.5. In the case of the second pair of hypotheses,
the BF,, value attained its peak at the outset (1.104 at r = 0.083)
before gradually declining, eventually leaning towards evidence for the
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Fig. 14. The Bayes factor robustness plot for BF,, concerning TNIF. The evidence
for both the null and alternative hypothesis is rather weak across the range of prior
distributions, with slightly more evidence for H, as the prior width increases.

null alternative. Lastly, we investigate the parameter estimation for the
first hypotheses pair on variable NFI, as the previous Bayesian t-test
indicates strong evidence for H,_N FI. By conducting a two-sided t-
test, we observe a posterior distribution of § = 0.99 with a 95% CI
ranging from 0.128 to 1.946.

7.2. Thematic analysis

For the collected qualitative data, we conducted a thematic analysis
of the interview transcripts. 18 out of 22 participants provided consent
for interview recordings, which were later transcribed for coding. The
remaining four participants agreed to the interview but chose not to be
recorded. Instead, we opted for taking notes during their interviews as
an alternative to transcripts. The interviews had an average duration
of 10.1 min (SD = 4.342), and the average length of each transcript is
1082.1 words (SD = 559.49) (see Fig. 15).

After collecting the qualitative data, we conducted a thematic anal-
ysis, resulting in a set of themes that represent participants’ opinions on
AF-Mix. In the process of coding and generating themes, we followed
the guidelines proposed by Braun and Clarke (2021). In line with
guidelines, we embraced the concept of recognizing themes as ‘“‘stories
we tell about our data” (Braun and Clarke, 2021). The inductive
coding process, involving two independent coders (the first and second
authors, both HCI researchers with experience in qualitative analysis),
produced 92 codes. Subsequently, through collaborative efforts, these
codes were consolidated into 27 overarching codes. A group discussion
led to the identification of 10 sub-themes from the example codes.
These sub-themes were then examined against the transcript data for
accuracy and validity. Ultimately, four main themes emerged from the
thematic analysis.

To ensure the reliability of our analysis, we cross-referenced the
identified themes with the original codes from the transcripts. Addi-
tionally, Cohen’s Kappa coefficient was calculated during the thematic
analysis, with a result of 0.82 for the coding process and 0.88 for theme
generation, indicating a satisfactory level of agreement between coders.

The resulting themes from our qualitative analysis are described
in the following section. Quotes are presented with participant infor-
mation enclosed in brackets, denoting their respective groups: C for
the control group and T for the treatment group. For instance, PT1
indicates participant number one, who was in the treatment group.

Theme 1: Learning in MR results in difficulties to manage
attention

Among the 18 participants who gave consent to the recording
and transcribing of the interviews, 16 participants acknowledged the
novelty of using MR for self-directed learning. One participant reported
that using HoloLens 2 is “full of ‘wow’ factors” (PC2). Nonetheless, the
learning experience in MR was somewhat overwhelming. As a result,
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Themes

Limited attention capacity: 19

Exhaustion: 14

Theme 1: Learning in MR results in
difficulties to manage attention: 45

Usability challenges: 12

Importance of feedback in learning: 22

Theme 2: Attention feedback supports users
in MR learning environments: 48

Different learning preferences: 14

Special need in MR: 11

Self-reflection: 15

Active involvement: 14

Theme 3: MR enables kinesthetic and
active learning: 20

Theme 4: Attention feedback should be
engaging and individual: 23

. Suggested features: 9

- Self-aware in learning space: 6

Fig. 15. Visualization of the thematic analysis with a Sankey diagram. The numerical values next to each code suggest its occurrence frequency within the transcripts.

participants could not manage to concentrate on the learning content
as intended. Instead, they paid more attention to the proficiency of in-
teraction methods because they “didmn’t use anything like this before”
(PT17).

Most of our participants (16 out of 22) had not used any MR devices
before the evaluation study. For the six participants who had expe-
rience with MR, they had only used video-see-through (VST) devices
such as HTC Vive. Therefore, all participants were first-time users of
HoloLens 2. Common problems identified from the qualitative analysis
include usability challenges and motion sickness. Three participants
from both the control groups (PC2) and the treatment group (PT17,
PT15) complained about the limited field of view (FoV) of the device.
Two other participants (PC4, PT7) reported the difficulty of using
their fingers to press the buttons in MR environments, while other
participants suggested that the eye-gaze-based interaction was not easy
to use, because “the gaze indicator is always 1-3 centimeters off
from my real gaze position” (PT1). In the interviews, five participants
explicitly suggest that the experience tends to “get very exhausting after
a while” (PT15) and they “couldn’t use it for a long time” (PC8). As a
consequence, participants found it tricky to pay full attention to the
learning content as they got accustomed to the learning environment.

Theme 2: Attention feedback supports users in MR learning envi-
ronments

All participants in the treatment group expressed positive opinions
on receiving the feedback information. Attention feedback in MR seems
to remedy difficulties in the learning process and “optimize the whole
learning process” (PT5). Many participants (16 out of 22) admit that
receiving feedback is an essential process in their regular learning strat-
egy, so integrating feedback into the learning process in MR made them
more confident. Besides, the simple design and interaction method also
contributed to supporting users in focusing on reviewing their learning
progress. Overall, participants who reviewed their learning progress
with attention feedback suggested the following significant advantages
of having attention feedback in MR: First, attention feedback helped
them find the content they had missed. Reviewing the content with
attention feedback helped participants to “see the big picture” (PT3).
Furthermore, attention feedback supports users in reflecting on their
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learning journey. The feedback provokes participants to think about
“how I (they) have read and learned the content” (PT1) and “improve
my habits of learning” (PT5). Eventually, participants reported that
AF-Mix helped reduce their cognitive workload and improved their
confidence after the learning journey. One participant explained this
as follows:

I really liked that part (feedback scene). Because this is my first time
using this device (HoloLens 2), I wasn’t sure whether I was doing
the right thing or whether I have checked out everything. With the
feedback, I know what I missed and get a better sense of the topic.
(PT9)

In the control group, participants also suggested the need for such
feedback. They recognized the learning support provided in their group
by the regular flashcards (not color-coded) because they “gave me
(them) the opportunity to review everything” (PC18). However, five
participants admitted that they needed more support in reviewing their
learning process. Using regular flashcards presented in the control
group, some participants (PC2, PC4, PC6, PC18) still indicated that “I
(they) wouldn’t have even realized I've missed something” (PC2). To
those participants, we proposed the design of adding color coding based
on eye tracking data to the flashcards. All of them agreed that such a
design would support them even better. One participant claimed that
this design can “help you make sure that you really learn the whole
thing and not just some information” (PC6).

In both groups, even participants who do not integrate feedback
as a necessary part of their learning routine also appreciated hav-
ing attention feedback in MR. Participants in our evaluation have
reported different attitudes towards feedback for their regular learning
experience (e.g., exam preparation). Some participants revealed that
“feedback is not part of my learning strategy at all” (PC14), while
others claimed that it is a crucial part of exam preparation for them
(PT1, PC6, PC16). One participant justified her neglect of feedback
as follows: “When I study for exams, instead of finding a way to get
feedback, I might as well just keep studying” (PC14). Nonetheless, we
found that attention feedback in MR environments is desired by all
participants. Even for participants who normally do not value feedback,
attention feedback is also desired in MR for two reasons. First, some
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participants explained that receiving attention feedback, at last, helped
them build confidence, as a new learning environment in MR makes
them (PC2 and PT9) wonder: “Have I really learned everything?”
Secondly, participants expressed a desire to “know more about myself”
(PT7), and receiving attention feedback fulfills such a need.

Theme 3: MR enables kinesthetic and active learning

Despite the usability challenges faced in MR learning environments,
participants still acknowledged the unique advantages of the learn-
ing experience. Four participants from different groups (PT1, PC2,
PT5, PT13) pointed out that users need to “move and learn” in MR
environments. Even though a few participants suggested that it can
be “demanding” for specific learning contexts, others assumed such
a learning method may help users retrieve information and foster
knowledge by nudging them to create a connection between spatial
contexts and the learning content. One participant gave a concrete
example of writing an exam:

I noticed different information is arranged at different places in the
space. So you can imagine when you are taking a quiz (about the
MHP concept), you may still remember where the ear was (in the
MR environment). This can help you recall relevant information.
(PT5)

In general, participants needed to actively explore the learning
content in MR by moving in the room and interacting with different el-
ements, instead of passively receiving information as students would do
when they “learn something from a textbook” (PT5). Previous research
also suggests the advantage of motivating kinesthetic learning in MR
environments (Knierim et al., 2020), and our thematic analysis supports
this assumption. Apart from comparing our system with traditional
learning formats such as textbooks, several participants (PC2, PC6,
PC16) also compared it with the learning experience using VR-HMDs:

Especially when I'm in this room (learning space at the university),
I prefer using HoloLens instead of VR, (because) when I see the
surrounding environment, I realize this is a space for learning and
I should concentrate. In VR, I'm totally immersed in a virtual space
(PC6).

Theme 4: Attention feedback should be an engaging and individ-
ual

Participants in our study exhibited different learning skills and
strategies. For some participants, exploring the learning content ac-
tively in the exploration scene is an engaging experience. For others,
self-directed learning as well as content exploration can be confusing,
and they would like to “see something like a table of content(s)”
and learn everything “with instructions and perhaps with someone
else” (PT15). Such comments reflect individual differences in learning
styles and strategies. Therefore, diverse and sometimes contradicting
suggestions for improvements were proposed by participants.

First, participants reported a contrast between the exploration scene
and the feedback scene. The exploration scene requires users to ac-
tively activate content items with eye-gaze-based interaction and move
around the physical space, while the feedback scene presents all items
one by one to users. While some participants recognized this as an
effort to reduce cognitive workload in the feedback scene, others
found it less engaging than the exploration process. Another emerging
issue is the so-called Midas touch problem (Jacob, 1995; Velichkovsky
et al., 1997). Since the intents behind visual attention remain unclear
to our gaze-aware system, participants sometimes find the feedback
frustrating. One participant elaborated on this during the interview as
follows:

I already knew everything about certain parts, so I skipped it.
However, in the end, the application suggested I need to pay more
attention. On the other hand, I looked at one part because I was
confused, and it was hard to understand; but in the end, I was told
I already fully explored it. This inaccuracy demotivates me a little
bit. (PC2)

11

International Journal of Human - Computer Studies 198 (2025) 103467

Participants also proposed potential solutions and attempted to
make the process of receiving attention feedback more engaging. Four
participants (PC4, PT7, PT15, PC16) suggested that integrating knowl-
edge tests in MR can be supplementary to the current design. The
knowledge tests can also contribute to determining the reason behind
visual attention. For example, if a user could answer all questions
regarding a certain item correctly but had not paid attention to it during
the learning process, AF-Mix could assume that users had skipped it
because of their familiarity with the content. Another idea to make the
feedback and review process more engaging is presenting statistics of
fellow users. This idea was elaborated by one participant as follows:

I don’t mean that I care about other people who are studying the
same thing, but seeing the learning analytics of everybody else who
is learning the same thing can really motivate me in reflecting on
my own learning behavior. (PT1)

8. Discussion

In general, participants of the evaluation study reviewed our sys-
tem as an effective approach to helping them better allocate their
attention during the learning journey. The core functionality of present-
ing attention feedback with color-coded flashcards received positive
feedback in the qualitative analysis. The analysis of the eye tracking
data also suggests that providing attention feedback helps users dis-
cover previously overlooked content more efficiently. Notably, this did
not require additional time within the feedback scene on the newly
discovered items. This observation suggests that the implemented de-
sign features may not have induced cognitive overload, preventing a
scenario where participants would require additional time to process
supplementary information, such as color coding. This confirms that
our designed learning system is aligned with what users suggested in
the participatory study.

Overall, the eye tracking data seem to suggest the following pattern
introduced by the attention feedback: While all participants exhibited
similar learning progress and outcomes during the exploration scene
(validated by the pre-analysis), and they all had the option to examine
all 20 content items in the feedback scene, participants in the treatment
group demonstrated in the feedback scene a different review strategy.
They effectively directed more attention towards previously overlooked
items, resulting in a higher count of NFI (it is worth noting that a
minimum gaze duration of 5 s is required for an item to be counted as
NFI). Simultaneously, aided by color coding, they examined the items
they had missed more efficiently in the review process, spending less
time on each item than the control group. This resulted in a TNFI
value comparable to that of the control group. This nuanced shift in
attention allocation and review strategy highlights the potential impact
of the introduced design intervention on participants’ interaction with
the content in the MR learning environment.

8.1. Design implications

Meanwhile, the analysis of qualitative data reveals diverse opinions
among users regarding attention feedback. In summary, we outline the
following design implications:

Facilitating Effective Learning Through Attention Feedback

Exploring learning content in MR was reported by participants to
be an engaging, innovative, and unique experience, and it promotes
active learning. Nonetheless, they often felt overwhelmed, as usability
challenges (e.g., limited FoV, inaccurate calibration) disrupted their
attention in the learning process. These challenges may affect users’
autonomy and self-confidence in using MR systems. Concerning the
learning support presented in our system, participants in both groups
reported that the flashcards had reduced their cognitive workload after
the exploration, as presenting flashcards in the feedback scene allowed
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participants to see all learning content and reflect on their learning
progress. Under these conditions, participants in the treatment group
emphasized that the gaze-aware attention feedback allowed them to
reflect on their learning journey and allocate their attention more
effectively during the review process. Consequently, attention feedback
in MR helped them “see the big picture” (PT3). In addition, participants
in the control group suggested that adding such gaze-aware support
could have supported them further in the review process. Therefore,
when comparing the results of the two groups, we consider that the
color-coded flashcards with attention feedback provided participants
with more effective learning support.

Even participants who did not typically integrate feedback into their
regular learning routine considered receiving attention feedback in MR
environments as necessary and beneficial. We attempt to interpret this
opinion as follows: When participants explore content presented in
traditional learning formats (e.g., textbooks), they have an established
strategy to approach the content from their accumulated experience.
Having much experience in efficiently using the given formats, feed-
back may not be deemed as quintessential for learning success by some
participants. However, if participants are exposed to a new learning
environment such as MR, with no prior experience and success, they
may need more learning support such as attention feedback. Further
research can explore the hypothesis that there is a correlation between
the level of prior experience in MR and the need for attention feedback
as a form of learning support. Lastly, our results suggest that atten-
tion feedback in MR should be designed compactly, assisting users in
reducing cognitive overload and managing their attention.

Tailoring Attention Feedback to Individual Learning Styles

While participants found AF-Mix to be a practical support mech-
anism in using the MR learning system, our interpretation of the
evaluation results revealed variations in participants’ learning styles
and preferences concerning attention feedback. Due to this variation,
alternative designs for attention feedback were proposed. These include
two ideas: First, integrating learning analytics of fellow students to
promote extrinsic motivation. Second, making attention feedback more
interactive with a quiz based on users’ previous attention.

The first alternative design may benefit users who prefer peer
learning over self-directed learning environments, information on the
learning progress of others may motivate them to review their own
learning outcomes. In contrast, the second alternative design might
appeal to users favoring inquiry-based learning, which may better
provoke active learning in the feedback process.

Having alternative design ideas proposed by participants does not
necessarily suggest the inferiority of our current design. Rather, these
alternative ideas illustrate the diversity of learning styles among users.
Both our findings of the evaluation study and existing studies suggest
that people embrace different learning strategies (Schunk, 2012). As a
result, it is impossible to suggest a universal method to support learning
in MR with feedback. Besides, our relatively small sample size and
predefined learning topic cannot represent all learning scenarios in
MR. We argued against a one-size-fits-all design of attention feedback.
Our work aims to showcase the potential of attention feedback for MR
learning environments and propose one effective design. More research
is needed to understand how different designs of attention feedback in
MR can benefit learners with different mindsets and learning styles.

8.2. Limitation and future work

Currently, AF-Mix only incorporates one method of providing feed-
back: attention feedback based on eye tracking. This was inspired by
the identified research gap in providing gaze-aware attention support in
MR learning systems. However, MR learning environments may benefit
from other types of feedback. For instance, giving feedback on whether
a physical action is performed correctly is crucial for kinesthetic and
spatial learning. Existing research integrates such feedback in MR by
using external sensors to collect behavioral data and compare it to
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a predefined baseline (Shao et al., 2020). Additionally, motivating
kinesthetic and spatial learning is a major benefit of MR environments,
as recognized by our participants. However, participants mentioned
that the current design does not effectively encourage kinesthetic learn-
ing during the feedback and review process. Therefore, future work
should explore additional methods to enhance AF-Mix with feedback
for promoting kinesthetic learning.

Furthermore, understanding the intent behind users’ attention is
missing in our system, which is commonly known as the Midas touch
problem in eye tracking research (Jacob, 1995). Participants in our
study reported a lack of extrinsic motivation, when AF-Mix constantly
assumes the missing attention as a result of poor attention management.
In reality, users may ignore certain content because they have already
acquired the relevant knowledge before. Meanwhile, paying excessive
attention to certain content does not always lead to a better under-
standing of the content. Instead, our qualitative analysis shows that
it can be correlated with confusion or frustration. Therefore, tracing
users’ attention and inferring user intent based solely on eye tracking
data may be insufficient. Future work could explore ways to interpret
individual intent behind attention, possibly incorporating additional
biosignal data for more accurate attention feedback presentation. An-
other limitation in understanding users’ attention is the predefined
threshold for the high attention level. While this threshold is based
on the average reading rate for non-fictional English text, it may not
apply to all users or learning contexts. To enhance the reliability and
generalizability of attention feedback, future research could implement
an adaptive threshold that adjusts itself based on the difficulty of the
learning content and learners’ individual reading speed.

Moreover, future research can enrich the Bayesian analysis with
more data and longitudinal studies, shedding light on nuanced as-
pects of the introduced attention feedback. Specifically, it remains
unclear whether the integration of attention feedback, including gaze-
aware learning analytics and color-coded flashcards, requires learners
to adapt their learning or review strategies. Presently, there is no
strong evidence suggesting that attention feedback demands an increase
in review time for previously missed items (see Section 7.1 for rival
hypotheses Hy TNFI and H, TNFI), a positive indication that the
system does not introduce unforeseen challenges in attention manage-
ment when presenting gaze-aware assistance, resulting in participants’
feeling overwhelmed and needing more time. However, the absence of
a significant increase in review time may also imply that the feedback
does not always stimulate active self-reflection, a process that typically
consumes more time. Due to the relatively low sample size for our
evaluation, no conclusive interpretation can be made to clarify the
results. Collecting data on cognitive load through a survey including
the NASA-TLX questionnaire may also provide valuable insights into
the mental processes involved. Exploring these nuances can enhance
our understanding of the cognitive processes influenced by the feedback
mechanism.

Lastly, our study aims to enhance the MR learning experience
through attention feedback. We did not compare the advantages of
MR learning systems with traditional formats, focusing instead on
refining the current MR learning experience with an existing system.
We somewhat presume the benefits and advantages of MR systems over
traditional learning formats as inherent in some aspects, as various ad-
vantages have been highlighted in prior research (Mohammadhossein
et al., 2022; Akcayir and Akcayir, 2017). Nonetheless, to what extent
such advantages hold true and whether they apply to all contexts
(including HCI education in our study), require further research. We
acknowledge the need for future work to validate assumed benefits
and explore the specific advantages of MR learning systems over other
learning formats, particularly in under-researched areas such as HCI
education. Additionally, participants in the design workshop may bring
legacy biases influenced by their familiarity with existing analog tech-
nologies. While this can lead to design solutions that feel intuitive and
easy to use for novice users, such as the flashcard approach in our
system, it may also limit the exploration of the full innovative potential
offered by immersive learning technologies.
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9. Conclusion

In this paper, we present AF-Mix, a gaze-aware learning system
that provides attention feedback in MR. The motivation for integrating
attention feedback in MR is to assist users in managing their attention in
the learning experience. We identified several challenges users typically
encounter in MR learning environments, including attention manage-
ment. These challenges highlight the growing need for effective support
in the learning experience. Therefore, our goal is to provide learning
support by assisting users in managing their attention and reviewing
their learning outcomes with attention feedback in self-directed MR
environments.

By adopting a human-centered design approach to develop AF-Mix,
we first conducted a participatory design study. Through participatory
design workshops, we adopted the idea of visualizing the learning
content as color-coded flashcards based on users’ attention. We deliv-
ered the final design as follows: AF-Mix first allows users to actively
explore the content using eye-gaze-based interaction while collecting
eye tracking data during the process. Next, AF-Mix notifies users of
their attention distribution based on the collected data, including the
number of items users have previously missed, briefly explored, and
explored with great attention during the content exploration. Subse-
quently, AF-Mix displays all learning content as a deck of flashcards.
Here, each flashcard is color-coded based on users’ previous attention
levels, allowing users to review their learning outcomes.

The results of the mixed-method evaluation show that AF-Mix as-
sisted participants in figuring out what content items they had missed
during the content exploration and motivated them to examine these
items in the review process. Eventually, participants described AF-Mix
as efficient in guiding them to retrieve missed information and reflect
on their learning progress. Thereby, they could allocate their attention
more efficiently in the review process.

In summary, our work contributes to the field of HCI by highlighting
the challenges associated with attention management in MR learning
environments and providing effective gaze-aware support through at-
tention feedback. Our findings suggest that attention feedback serves as
an effective gaze-aware support method to improve the overall learning
experience in MR. This research also offers a foundation for further
exploration: The design methods and solutions proposed in our paper
can also be applied to other learning contexts in MR. Future research
can extend the design knowledge with evaluation in different learning
scenarios, contributing further implications and innovative methods
for enhancing gaze-aware support in MR learning environments. We
believe that this study can contribute to unleashing the full potential
of MR and provide valuable insights for ongoing research in designing
human-centered MR learning systems.
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