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Figure 1: Mixed Reality training environment and deceptive guidance (cognitive attack) conditions. (a) Baseline Tactical
Combat Casualty Care (TCCC) Lifesaver training scenario where the system provides correct instructions for applying a tourniquet.
(b) Visual deception condition where the interface highlights an incorrect location on the ground as the target. The highlighted object
is not the correct item needed for the procedure, which can mislead the user during the task. (c) Auditory deception condition where
the system plays the voice command “Go ahead” even though the correct instruction is to first assess the soldier’s condition. The
conflicting audio cue may encourage the user to proceed incorrectly.

ABSTRACT

Mixed Reality (MR) systems are increasingly deployed in safety-
critical domains such as medical training and emergency response,
where users must interpret automated system guidance while per-
forming complex physical and cognitive tasks. In these high-stakes
environments, misleading system feedback can disrupt user engage-
ment and degrade task performance. Such disruptions may occur
when incorrect guidance is presented through different interface
modalities, including textual instructions, visual overlays, or spo-
ken prompts, which can confuse users, increase cognitive load, and
interfere with correct procedural execution. However, existing re-
search lacks comprehensive resources that systematically vary these
deceptive guidance modalities and their intensity to study their be-
havioral impact. To address this gap, we introduce an MR dataset
and targeted case study that captures user behavior under deceptive
system feedback during a high-stress, safety-critical Tactical Combat
Casualty Care training scenario. We collected behavioral telemetry
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from 29 participants exposed to misleading textual, visual, and audi-
tory interface cues while interacting with the MR system, recording
synchronized eye gaze trajectories, field-of-view traces, and detailed
behavioral interaction logs. The dataset also includes comprehensive
psychometric profiling from 17 validated instruments that measure
baseline traits such as self-efficacy and locus of control, together
with continuous subjective workload and presence scores. Statistical
analysis reveals a highly significant behavioral adaptation effect
(p < .001), indicating that participants progressively learned to fil-
ter misleading MR guidance and recover task efficiency over time.
To establish a predictive baseline, we evaluated several machine
learning models. The results show that an Explainable Boosting
Machine classifier achieves more than 80% accuracy and a micro
area under the curve score of 0.92 for detecting engagement degra-
dation using continuous gaze and interaction signals. By releasing
this open dataset together with strong predictive baselines, this work
provides a valuable resource for studying engagement dynamics and
developing anomaly-aware models for immersive systems.

Index Terms: Engagement, Mixed Reality, Cognitive Load, Be-
havioral Modeling, Temporal Adaptation

1 INTRODUCTION

Mixed Reality (MR) systems are increasingly used in safety-critical
domains, including defense and medical training, industrial main-
tenance, and emergency response [26]. In these settings, users rely
on digital guidance while performing perceptual, cognitive, and
physical tasks [5]. MR platforms can deliver text, audio, visual over-
lays, and interactive prompts directly within the user’s view [44].



Although this supports contextual training and operational decision
making, it also creates risk when users treat misleading or adversar-
ial system output as credible under time pressure [9]. This concern
is especially important in safety-critical scenarios, where small er-
rors in system guidance can affect task execution, workload, and
performance [10]. Misleading text, contradictory audio, or incorrect
visual placement may disrupt emergency care, industrial work, or
military procedures by interfering with attention, decision making,
and procedural accuracy [32]. Therefore, it is important to examine
how misleading MR information affects engagement, cognitive state,
task efficiency, and behavioral adaptation over time [35].

Prior research in human automation interaction has shown that
users do not respond to unreliable systems in a uniform way [1, 47].
Their behavior depends on how information is presented, how often
errors occur, and how quickly they can recognize inconsistencies
in system output [30]. Research has also shown that user engage-
ment, workload, presence, and performance are shaped by interface
design, multimodal feedback, and environmental coherence [23].
In addition, research on misinformation and adversarial interfaces
suggests that misleading content can affect attention, compliance,
and cognitive load in ways that depend strongly on modality and
context [33]. However, despite this growing body of work, very
few datasets systematically manipulate deceptive information in MR
while collecting synchronized gaze, field of view, behavioral logs,
task performance measures, and validated self-report instruments.
Most existing MR datasets focus on normal interaction conditions
rather than controlled deceptive or adversarial system feedback [38].

This limitation makes it difficult to answer several important ques-
tions. How do users adapt when misleading information persists
throughout an MR task? Do different attack modalities produce
different behavioral effects? Can engagement degradation or behav-
ioral disruption be detected directly from high-frequency gaze and
interaction signals? How does user performance change over time
as participants encounter repeated false information? Answering
these questions requires a dataset that combines controlled attack
conditions with rich multimodal data and subjective assessments
collected during a realistic MR scenario [6].

To address this gap, we present Believe It. Engage It.1, a mixed
reality dataset collected in a HoloLens 2 Tactical Combat Casualty
Care (TCCC) training scenario under controlled deceptive system
feedback. Participants completed the same training task while being
exposed to either text-only or multimodal false information at low,
medium, or high intensity. Across these conditions, we recorded
synchronized gaze trajectories, head and field of view traces, inter-
action logs, step-level task performance, and a broad set of validated
psychometric and self-report measures. This design allows analysis
of how users behave under persistent misinformation and how these
effects vary by modality and intensity.

The main contributions of this work are as follows:

• We introduce an MR dataset collected in a HoloLens 2 safety-
critical training scenario with controlled deceptive system feed-
back. The dataset includes synchronized gaze traces, field of
view logs, interaction streams, task performance records, and
validated self-report measures.

• We design a controlled experimental framework that varies
both the modality and intensity of misinformation through
text-based and multimodal false guidance conditions, enabling
systematic analysis of how deceptive information affects user
engagement and behavior in MR systems.

1Dataset request webpage: https://www.hix-lab.com/

dataset-request. Until the webpage is available, requests may be sub-
mitted via the HiX Lab Dataset Request Form. Code and models repository:
https://github.com/Nasim-Ahmed-CS/Believe-It-Engage-It.
For questions regarding the dataset, please contact the corresponding author
or visit https://www.hix-lab.com/.

• We develop machine learning models to predict user engage-
ment from multimodal behavioral and system data and apply
explainability analysis to identify the most influential signals
that contribute to engagement changes during deceptive MR
interactions.

Preliminary analysis reveals several notable patterns. Participants
demonstrated strong temporal adaptation during the MR task. Physi-
ological analysis shows a significant increase in oculomotor strain
after exposure (p < .003) while nausea and disorientation remained
low, confirming the ecological validity of the environment. In addi-
tion, baseline engagement models achieved over 80% classification
accuracy and a micro-AUC of 0.92 using gaze and interaction data.

2 BACKGROUND & RELATED STUDIES

This section reviews prior research related to immersive systems
used for safety-critical training, human interaction with MR guid-
ance, and the behavioral effects of misleading system information.

2.1 MR Systems for Safety Critical Training
MR systems are increasingly used for training in safety-critical do-
mains such as construction, industry, healthcare, and emergency
response because they allow users to experience hazardous scenarios
without real-world risk [19]. Prior work shows that MR simulators
improve learning by enabling trainees to practice complex or rare
events that cannot be safely reproduced in real settings, leading to
improvements in skill development, knowledge retention, and be-
havioral performance compared with traditional instruction-based
training [14, 24]. In healthcare and emergency response contexts,
MR environments support procedural rehearsal, situational decision
making, and hands on task execution under realistic operational
constraints, while similar benefits have been observed in industrial
and construction training where immersive systems improve hazard
recognition and compliance with safety procedures [11, 52]. These
systems combine spatial overlays, interactive guidance, and mul-
timodal feedback to support situational awareness and sustained
engagement during task execution [7]. However, the strong reliance
on system-generated guidance also introduces potential vulnerabili-
ties if the information becomes misleading or inconsistent, requiring
users to recalibrate trust while continuing to perform under pres-
sure [16].

2.2 Adversarial and Misleading Information in Immersive
Interfaces

Immersive interfaces can be disrupted by misleading or contradic-
tory information embedded in the environment [2]. Such disruptions
may arise from interface design errors, sensing failures, algorithmic
misclassification, poor content generation, or deliberate cognitive
attacks [42]. In these situations, systems may still present guidance
that appears credible even when the underlying information dis-
torts user perception, attention, or decision-making. Prior work on
misinformation shows that the behavioral impact of misleading infor-
mation depends strongly on how it is presented, including modality,
timing, realism, and contextual consistency [34]. In immersive en-
vironments, misleading cues may appear as textual prompts, visual
overlays, auditory signals, spatial inconsistencies, or multimodal
combinations of these elements [4]. Because immersion relies on
plausibility and coherence across sensory channels, violations of
these expectations can increase cognitive load, disrupt task flow,
and reduce user engagement [45, 54]. Over repeated exposures,
users may adapt by ignoring system guidance, relying more on prior
knowledge, or selectively attending to certain cues, highlighting the
complex interaction between system reliability and human behavior
in immersive settings. Recent work by Gharaibeh et al. also provides
an ontology-driven framework for studying immersive deception.
Their validation shows that adversarial actions, such as physiolog-
ical gaslighting and targeted disinformation, can affect user motor

https://www.hix-lab.com/dataset-request
https://www.hix-lab.com/dataset-request
https://forms.gle/gGHD3xwZorb7jYg68
https://github.com/Nasim-Ahmed-CS/Believe-It-Engage-It
https://www.hix-lab.com/


behavior and compliance, highlighting the need for empirical tools
to evaluate secure immersive interactions [15].

2.3 Datasets for Modeling User Behavior in Immersive
Environments

Several datasets have been introduced to study user behavior and
physiological responses in immersive environments. Prior work has
explored specific signals such as head motion, gaze patterns, and
multimodal physiological data during VR interaction. For instance,
Wu et al. [51] released a head-tracking dataset for users watching
spherical VR videos, while BehaVR analyzes motion and sensor
data across multiple applications to study user identification risks
in VR [22]. Other datasets focus on affective and cognitive states,
including VREED, which captures eye tracking and physiological
responses during emotion elicitation [48], and VRMN-bD, which
records multimodal signals to study fear responses in interactive
VR games [53]. The Mazed and Confused dataset further provides
multimodal telemetry collected during real walking tasks in VR [41].
In addition, the SET dataset introduced by Islam et al. [21] combines
physiological signals, eye tracking, and head motion to study early
forecasting of cybersickness using multimodal deep learning models.
While these datasets enable modeling of user state, attention, and
behavior in immersive systems, they are largely collected under
normal interaction conditions. Consequently, limited data exists for
understanding how users behave when immersive systems present
misleading or unreliable guidance, motivating the need for datasets
that capture behavioral telemetry and subjective measures under
controlled deceptive system feedback in MR scenarios.

3 DATA COLLECTION AND EXPERIMENTAL DESIGN

3.1 Task Description

The TCCC testbed used in this work instructs users to apply a
tourniquet in a simulated battlefield scenario, requiring independent
decision-making in care under fire and tactical field care settings.
The system is built upon an established MR training platform2

designed for high-intensity, scenario-based medical training. It has
been used in operational training contexts and evaluated through
expert feedback and training effectiveness assessments. For this
study, the testbed was deployed on a Microsoft HoloLens 2 device.

3.2 Task Conditions

The testbed incorporated a cognitive attack based on false informa-
tion, which has been shown to influence user behavior and reliance
on system guidance in immersive systems [49]. User responses
in MR environments are shaped by perceived reliability, informa-
tional coherence, and spatial consistency, and prior work shows
that presentation modality can affect how users interpret system
guidance [39, 49]. To examine these effects, false information was
injected into the MR interface through either text-only or multimodal
cues. Participants were assigned to one of six conditions defined
by attack modality and intensity, where modality included text-only
or multimodal guidance and intensity levels were Low, Medium,
or High. The frequency of injected false information was varied
according to models of cumulative reliability degradation, which
suggest that repeated reliability violations progressively alter how
users rely on and respond to system guidance [17, 20]. All partic-
ipants completed the same MR TCCC training scenario in which
they applied a tourniquet to treat a simulated hemorrhage while
interacting with instructional overlays, animations, and task activ-
ities involving both a virtual and physical manikin. Each session
lasted approximately 20 to 30 minutes, during which participants
encountered false information according to their assigned modality
and intensity condition, as summarized in Table 1.

2https://designinteractive.net/augmed-3/

3.2.1 False Information - Text Only
Text-only insertions were designed to degrade the visual interface
without altering the spatial environment. These attacks included
rendering pure gibberish across instructional panels, incorrect for-
matting (e.g., randomized indentations), and simulated error mes-
sages directly within the text fields (e.g., rendering an Error 404
prompt). Examples of these text-only attacks are shown in Fig-
ure 2(a,b), where the instructional interface presents unreliable text
and false system error cues. These textual anomalies forced users
to proceed without reliable written guidance. Text-based anomalies
such as gibberish, formatting irregularities, and simulated system
errors were selected to induce reliability violations without altering
core medical instruction. Minor interface errors have been shown
to degrade perceived system competence and reduce reliance in
technology-mediated environments [17, 20]. In MR contexts specifi-
cally, semantic or structural inconsistencies undermine informational
credibility and user confidence in system outputs [49].

3.2.2 False Information - Multimodal
In the multimodal condition, false information extended beyond text
anomalies to include activity, visual, and auditory inconsistencies.
Participants encountered nonsensical text prompts unrelated to the
medical procedure (e.g., “Insert Cash or Select Payment Type”) to-
gether with activity disruptions such as repeated task steps, which
increase extraneous cognitive load and interrupt task flow [46]. Fig-
ure 2(c,d,e) illustrates multimodal attacks through duplicated assets,
misleading spatial cues, and contradictory audio guidance. Visual
inconsistencies were introduced through three-dimensional asset
anomalies, including misaligned objects, duplicated equipment, and
incorrect casualty orientation, which disrupt spatial coherence and
reduce perceived system reliability in MR environments [39]. In ad-
dition, contradictory auditory cues, such as gunfire continuing after
the system indicated that the area was safe, were used to create per-
ceptual conflicts. Prior work shows that violations of environmental
plausibility and multimodal consistency can reduce immersion, alter
user trust, and affect engagement during MR interaction [43, 49].
These multimodal perturbations were therefore designed to simulate
realistic reliability violations while allowing systematic analysis of
user behavior under deceptive MR guidance.

3.2.3 Trial Structure
Before data collection, participants completed a short familiariza-
tion phase with the HoloLens 2 interface. Each participant then
completed one continuous trial using a between-subjects design. As
shown in Figure 3, the TCCC scenario included 30 task steps. The
2-minute intervals in Figure 3 represent rolling windows used to
aggregate telemetry and collect brief subjective responses. These
prompts were given during natural breaks between task steps to
reduce disruption to the medical task.

3.3 Participant Details
A total of 30 participants were recruited for this study. One partici-
pant was removed due to incomplete telemetry data, resulting in a
final sample of 29 participants. The participants were assigned to two
conditions: Text Only with 15 users and Multimodal with 14 users,
with users distributed across Low, Medium, and High attack intensity
levels. The participants ranged in age from 19 to 32 years, with 25
males and 4 females in the sample. The group included individuals
from diverse ethnic backgrounds, such as Asian, White, Hispanic
or Latino, Black or African American, and multiracial. Educational
backgrounds ranged from Associate- to master ’s-level programs.
Prior experience with augmented reality also varied widely, from
participants with no previous exposure to those with more than 100
sessions. This diversity helps ensure the dataset captures a broad
range of user behaviors and experience levels. It is important to
note that participants were not military or medical experts. This

https://designinteractive.net/augmed-3/
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Figure 2: Representative examples of deceptive MR attack conditions. (a,b) Text-only attacks introduce misleading instructional content, including
gibberish and false errors. (c,d,e) Multimodal attacks combine visual, activity, and auditory inconsistencies, including duplicated assets, misleading
cues, and contradictory audio guidance.

Table 1: Injected false information levels across multimodal and text-only conditions. Frequency indicates how often perturbations occur during the
scenario.

Intensity Multimodal (Text, Activity, 3D, Sound) Text Only

Low Text insertions (e.g., gibberish, formatting errors).
Frequency: every 3–5 steps.

Text insertions (e.g., gibberish, formatting errors).
Frequency: every 3–5 steps.

Medium Text + activity insertions (e.g., duplicate
completed task). Frequency: every 2–4 steps. Text insertions. Frequency: every 1–3 steps.

High
Text + activity + 3D/sound insertions (e.g.,
conflicting cues, extra 3D assets). Frequency:
every 1–3 steps.

Text insertions. Frequency: every 1–2 steps.

is relevant because they may have relied more on system guidance
during the task. Therefore, this sample provides a useful baseline for
studying trust and behavioral adaptation in immersive safety-critical
scenarios.

3.4 Hypotheses

The primary objective of this data collection is to examine how
users physically and cognitively respond to persistent attacks in
safety-critical MR environments. Drawing on prior work in human
automation interaction, immersive system resilience, and cognitive
load theory, we formulate the following hypotheses for the MR
testbed.

H1: Physiological Strain.
Participants will experience a measurable increase in oculomotor
strain due to the visual demands imposed by the MR interface, while
severe nausea or disorientation will remain limited, preserving the
ecological validity of the simulation.

H2: Behavioral Adaptation.
Participants will demonstrate temporal adaptation and behavioral
resilience to persistent spatial and textual anomalies, reflected in a
significant reduction in average task completion time as exposure
progresses, indicating that users learn to filter misleading informa-
tion during task execution.

H3: Engagement Detection.
High frequency gaze and visual signals can serve as reliable indi-
cators of engagement, enabling machine learning models to detect
engagement degradation during cognitive attacks in MR environ-
ments.

4 DATA DESCRIPTION

We collected a comprehensive array of behavioral and physiolog-
ical data. This provides essential elements for investigating users’
engagement, cognitive states, and behavioral resilience.

4.1 Interaction and Behavioral Streams

During each session, the MR testbed continuously recorded partic-
ipant interaction events and behavioral activity within the training
environment. These logs capture how users progressed through the
TCCC scenario while responding to system guidance and injected
false information. Interaction streams include timestamps for task

2 min

Step-1 Step-2 Step-3 Step-30

4 min 6 min 8 min 10 min ... 2*t min

Figure 3: Overview of a session in the TCCC simulation. Participants
complete 30 consecutive steps, while subjective data is collected
every 2-minute intervals.

steps, activity transitions, and user responses during navigation, se-
lection, and decision-making activities. Each activity also contains
metadata describing the task type, step duration, number of attempts,
and response correctness. All interaction events are synchronized
with the HoloLens recording pipeline, enabling step-by-step recon-
struction of user behavior and analysis of task performance, adapta-
tion to misleading guidance, and temporal changes in engagement
during cognitive attacks.

4.2 Eye Gaze and Field-of-View Traces
The dataset includes high-frequency eye-gaze telemetry captured
by the Microsoft HoloLens 2 eye-tracking system. For each frame,
the system records three-dimensional gaze origin and gaze direction
vectors along with head position and head orientation, providing
a continuous representation of visual attention during MR inter-
action. The dataset also contains field-of-view object traces that
record which virtual objects are visible to the participant at each
timestamp, including the number of visible objects, their identity,
and their world and screen coordinates. Gaze and field-of-view data
are synchronized using shared timestamps, enabling analysis of how
visual attention shifts across virtual elements during task execution
and cognitive attack conditions.

4.3 Visual Scene Features
The dataset also includes visual scene features extracted from the
MR interface to characterize the visual properties of the rendered
environment during task execution. These features capture temporal



and structural variations in the visual content that may influence
user perception, attention, and cognitive load. Specifically, we com-
pute measures such as brightness flicker, contrast, spatial frequency,
edge intensity, and histogram of oriented gradients (HOG) descrip-
tors, which quantify changes in visual intensity, texture, and scene
structure as instructional overlays and virtual objects appear within
the participant’s field of view. All visual features were computed
per frame and synchronized with gaze and behavioral telemetry
through shared timestamps, enabling analysis of how variations in
visual scene properties relate to gaze behavior, task progression, and
engagement during cognitive attack conditions [12].

4.4 Task Performance

Participant task performance in the MR scenario was organized into
several activity types that represent common interaction patterns
during training.

Discovery Activity. In this activity, participants explore the vir-
tual environment and identify relevant areas or items needed for
the task. The goal is to observe the surroundings and recognize
important clues or objects that may be required for the next steps of
the procedure.

Locate and Select Activity. In this activity, participants identify
the correct physical or anatomical location and select the appropriate
target. This task evaluates whether the participant can correctly
determine where to apply an action within the scenario.

Multiple Choice Activity. In this activity, participants respond to
a decision prompt by selecting one of several possible options. This
type of task measures decision-making and knowledge of the correct
response or procedure.

Navigation Activity. In this activity, participants move to a spe-
cific area or zone within the scenario. The task evaluates whether the
participant can correctly navigate the environment and reach the in-
tended location required for the next step of the task, and encourages
embodiment.

Timer Activity. In this activity, participants start a timer that
measures how long it takes them to complete a task. This evaluates
whether the participant can respond and complete the procedure in
an adequate amount of time to save the casualty.

4.5 Self-Report Measures

To capture subjective user experience during the MR training ses-
sion, we collected several validated questionnaires widely used in
human-computer interaction and immersive systems research. These
instruments measure workload, presence, usability, trust, and en-
gagement during interaction with the system. All questionnaires
were administered during the session and aligned with the behavioral
telemetry using synchronized timestamps.

4.5.1 NASA Task Load Index (NASA TLX)

Workload during the MR training task was measured using the
NASA Task Load Index (NASA-TLX) [18]. NASA-TLX assesses
mental demand, physical demand, temporal demand, performance,
effort, and frustration on a scale from 0 to 20, with higher scores in-
dicating greater workload. Participants completed the questionnaire
after the assigned MR attack condition, and the scores were used to
examine perceived cognitive and physical workload.

4.5.2 Presence Questionnaire (PQ)

The sense of presence in the MR environment was measured us-
ing the Presence Questionnaire (PQ) [28]. The PQ evaluates the
degree to which users feel immersed in the virtual environment. It
captures aspects such as realism of the environment, the ability to
act within the environment, and the ability to examine surrounding
objects and elements. Higher PQ scores indicate a stronger sense of
presence. This measure was used to determine whether deceptive

system feedback influenced the user’s perceived immersion during
the MR training scenario.

4.5.3 System Usability Scale (SUS)
System usability was assessed using the System Usability Scale
(SUS) [31], a widely used standardized questionnaire for evaluating
the perceived usability of interactive systems. The SUS consists of
ten items rated on a Likert scale and produces a final score ranging
from 0 to 100. Higher values indicate better perceived usability.
In this study, SUS scores were used to evaluate how participants
perceived the usability of the MR training system under different
attack modalities and intensity levels.

4.5.4 Trust in Automation (TIA)
Trust in the MR system was measured using the Trust in Automation
(TIA) scale [27]. The TIA questionnaire evaluates several aspects
of user trust, including perceived reliability and competence of the
system, predictability and understanding of system behavior, famil-
iarity with the system, perceived developer intention, and the user’s
general propensity to trust automated systems. These dimensions
provide a comprehensive view of how users evaluate automated as-
sistance during task execution. The TIA scores were used to analyze
how exposure to false information attacks influenced participants’
trust in the MR training system.

4.5.5 User Engagement Scale (UES)
User engagement with the MR training system was measured using
the User Engagement Scale (UES) [37]. The UES captures several
aspects of engagement, including focused attention, perceived us-
ability, aesthetic appeal, and reward or enjoyment during interaction.
Participants rated each item on a scale from 1 to 5, where higher
values indicate stronger engagement with the system. The overall
engagement score and subscale measures were used to examine
how attack modality and intensity influenced user involvement and
attentional focus during the MR training session.

4.5.6 Simulator Sickness Questionnaire (SSQ)
Potential simulator sickness symptoms during the MR training ses-
sion were measured using the Simulator Sickness Questionnaire
(SSQ) [25]. The SSQ evaluates symptoms across three primary
dimensions, including nausea, oculomotor discomfort, and disori-
entation. Participants completed the SSQ before and after the MR
exposure to capture any changes in physical discomfort associated
with the immersive environment. The resulting scores allow analysis
of whether extended interaction with the testbed produced measur-
able physiological strain during the training task.

4.5.7 Visual Fatigue Questionnaire (VFQ)
Visual fatigue was assessed using the Visual Fatigue Questionnaire
(VFQ), a 17-item survey designed to measure symptoms of visual
strain experienced during MR interaction. Participants rated how
noticeable each symptom was at the time of questionnaire comple-
tion using a continuous response scale. The VFQ captures indicators
such as eye discomfort, visual blur, and difficulty focusing, pro-
viding a subjective measure of oculomotor fatigue associated with
extended visual engagement in immersive environments [3].

4.5.8 Locus of Control (LoC)
Locus of Control measures whether individuals attribute outcomes
to their own actions or to external factors such as luck or fate [13,36].
It was assessed using a 29-item questionnaire, where higher scores
indicate a more external locus of control.

4.5.9 Self-Efficacy Scale (SES)
Participants’ feelings of self-efficacy, or confidence they have in
their abilities to complete tasks, were measured through a 10-item
generalized self-report assessment of self-efficacy [40].



Table 2: Descriptive Statistics of Immersive Experience and Workload
Metrics. The table reports the Mean and Standard Deviation (SD) for
the primary subjective assessments across both attack modalities.

Metric Text Only (n = 15) Multi Modal (n = 14)
Mean SD Mean SD

Presence (PQ) 59.33 8.21 62.21 10.09
Usability (SUS) 65.93 11.26 68.29 19.59
Engagement (UES) 3.07 0.26 3.21 0.58
Total Workload (NASA-TLX) 6.46 3.70 5.90 4.54
Trust in Automation (TIA) 7.87 1.46 8.00 2.25

Table 3: Accuracy for Selected Activities under Multi-Modal and Text
Only conditions. Values are reported as mean ± standard deviation
in percentage.

Activity Type Multi Modal Accuracy (%) Text Only Accuracy (%)
Discovery Activity 100.00±0.00 99.17±3.23
Locate & Select Activity 71.43±19.26 67.13±20.61
Multiple Choice Activity 73.21±25.41 74.44±33.70
Navigation Activity 71.43±25.68 85.67±21.78

4.5.10 Embedded Figures Test
Participants’ field dependence-independence was measured with
a 6-item test. This test assessed how people process information
relative to their environment and whether they are able to distinguish
individual shapes hidden in a larger, complex figure [50].

4.5.11 Combat Lifesaver (CLS) Knowledge Test
Participants completed a 29-question Combat Lifesaver (CLS)
Knowledge Test before using the system [29]. The test assessed
baseline knowledge of battlefield medical procedures, including
tourniquet use and casualty evaluation. Scores represented the total
number of correct answers.

5 DATA CHARACTERIZATION

5.1 Descriptive Statistics
To establish a comprehensive behavioral profile of the users under
cognitive attack, we first analyzed the subjective experience met-
rics. Table 2 details the descriptive statistics for Presence, Usability,
Engagement, Workload, and Trust across both attack modalities.
Notably, the high means for Presence and Usability across both
conditions, despite the severe spatial anomalies in the multi-modal
attacks, demonstrate the persistence of immersion, indicating that
users are dangerously likely to overlook MR system vulnerabilities.

We validated the recording integrity across both experimental
conditions. The Text-Only dataset contains a total of 342,434 gaze
points (µ = 22,829, σ = 8,469), while the Multi-Modal dataset con-
tains 242,254 gaze points (µ = 17,304, σ = 5,712). The disparity
in data volume (Figure 4) reflects the documented Missing Data lim-
itation, primarily attributable to intermittent file write interruptions
on the standalone device during specific trials. Nevertheless, with an
average of approximately 20,000 gaze samples per valid participant,
the sampling density remains sufficient for reliable reconstruction of
visual attention patterns.

5.2 Temporal Adaptation and Recovery Patterns
To examine how task efficiency and user performance changed over
the course of the 20 to 30-minute TCCC scenario, we split the
timestamped telemetry for each participant into two chronological
halves and conducted paired t tests on the average step completion
times.

As illustrated in Figure 5, the analysis revealed a highly signifi-
cant temporal adaptation effect across both attack modalities. In the
Text Only condition, participants completed steps significantly faster
in the second half of the scenario (M = 22.46s) compared to the
first half (M = 64.33s); t(14) =−6.899, p < .001, dz =−1.78. A
similarly strong adaptation was observed in the Multi-Modal condi-
tion, with second-half completion times (M = 43.67s) significantly
faster than the first half (M = 72.45s); t(13) = −5.737, p < .001,
dz =−1.53.

This suggests behavioral resilience. However, because there was
no clean baseline without deception, the recovery in task efficiency
cannot be attributed only to filtering false information. The observed
adaptation may reflect several factors, including practice effects, re-
duced novelty with the interface, and user adjustment to the injected
anomalies. This temporal dynamic highlights the richness of the
provided dataset. Researchers cannot rely on static post-exposure
surveys to understand MR vulnerabilities. Instead, they must utilize
the step-by-step performance logs and continuous gaze vectors pro-
vided to model real-time human adaptation. Furthermore, the two
conditions show that multimodal MR deception creates a direct con-
flict between physical space, virtual overlays, and audio instructions.
This conflict requires users to process competing sensory cues in
real time, which may explain the distinct behavioral responses and
increased oculomotor strain observed during the task.

To ensure the MR testbed successfully induced a realistic physio-
logical and cognitive load on participants, we analyzed pre- and post-
exposure scores for the Simulator Sickness Questionnaire (SSQ) and
Visual Fatigue Questionnaire (VFQ). As detailed in Table 4, paired
t-tests revealed a highly significant increase in the Overall SSQ Total
score across all participants following the 20–30 minute Combat
Lifesaver scenario (t = 3.20, p = .003, dz = 0.59). A deeper sub-
scale analysis indicates that this strain was overwhelmingly driven by
the Oculomotor dimension, with oculomotor strain showing highly
significant post-exposure increases globally (t = 3.78, p < .001),
as well as independently within both the Text-Only (p = .017) and
Multi-Modal (p= .014) conditions. Conversely, VFQ and the Disori-
entation dimension of the SSQ did not yield significant differences.
This specific profile of oculomotor strain without severe disorienta-
tion is a crucial finding, as it confirms the ecological validity of the
HoloLens 2 simulation, demonstrating that the testbed successfully
immersed users in a visually demanding MR environment without
inducing simulation-breaking nausea, thereby ensuring the dataset
reliably captures user behavior under genuine physiological load.

5.3 Individual Differences and Psychometric Profiling

A unique contribution of this dataset is the comprehensive psycholog-
ical and cognitive profiling of the participants, allowing researchers
to model not just how an attack functions, but who is most vul-
nerable to it. Table 5 details the descriptive statistics for baseline
traits, including the Locus of Control, Self-Efficacy Scale (SES),
Embedded Figures Test (a measure of field dependence), and the
CLS Knowledge Test.

The statistics reveal that both the Text-Only and Multi-Modal
groups possessed comparable baseline domain expertise (M = 16.27
and M = 15.14, respectively) and similarly high levels of self-
efficacy. This balanced distribution suggests that any behavioral
variances or temporal adaptations observed during the Mixed Real-
ity scenario are primarily driven by the cognitive attacks themselves,
rather than underlying disparities in medical knowledge or confi-
dence. By releasing these 17 psychometric instruments alongside
the high-frequency HoloLens telemetry, we provide the community
with the necessary tools to build highly personalized, trait-aware
anomaly detection models.

6 CASE STUDY: ENGAGEMENT CLASSIFICATION

6.1 Interpretable Engagement Modeling

Engagement Classification. To estimate engagement levels during
the MR task, we trained several interpretable machine learning mod-
els to classify engagement into three categories: Low, Medium, and
High. The models were trained on statistical features derived from
synchronized behavioral streams, eye gaze telemetry, and visual
scene features extracted from the MR interface. Specifically, we
evaluated Explainable Boosting Machines (EBM), Random Forest,
Decision Tree, and XGBoost classifiers. These models operate on
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Table 4: Pre- and Post-Exposure Physiological and Visual Strain. The table reports paired t-test results for the Simulator Sickness Questionnaire
(SSQ) and Visual Fatigue Questionnaire (VFQ). Significant increases in the Oculomotor subscale across all conditions demonstrate the ecological
validity and physical demand of the MR testbed.

Measure Condition Pre Mean Post Mean t-value p-value Cohen’s dz

SSQ Total
Overall (n = 29) 1.03 4.90 3.20 .003** 0.59
Text-Only (n = 15) 1.00 6.48 2.71 .017* 0.70
Multi-Modal (n = 14) 1.07 3.21 1.85 .088 0.49

SSQ Oculomotor
Overall 0.52 6.01 3.78 .001*** 0.70
Text-Only 1.01 7.58 2.69 .017* 0.70
Multi-Modal 0.00 4.33 2.83 .014* 0.76

SSQ Nausea
Overall 1.32 3.29 1.80 .083 0.33
Text-Only 0.64 4.45 2.45 .028* 0.63
Multi-Modal 2.04 2.04 0.00 1.000 0.00

SSQ Disorientation
Overall 0.96 2.40 1.36 .184 0.25
Text-Only 0.93 3.71 1.87 .082 0.48
Multi-Modal 0.99 0.99 0.00 1.000 0.00

VFQ Visual Fatigue
Overall 18.66 19.10 1.04 0.308 0.19
Text-Only 17.80 18.53 1.03 .322 0.27
Multi-Modal 19.57 19.71 0.30 .770 0.08

Note: * p < .05, ** p < .01, *** p < .001

Table 5: Baseline psychometric traits. Descriptive statistics are re-
ported as Mean ± SD for each attack modality.

Psychometric Measure Text Only (n = 15) Multi Modal (n = 14)
Locus of Control 10.20 ± 3.63 11.50 ± 4.16
Self-Efficacy Scale (SES) 34.27 ± 4.10 33.29 ± 4.38
Embedded Figures Test (Cognitive Style) 15.47 ± 1.92 14.21 ± 3.29
CLS Knowledge Test (Domain Expertise) 16.27 ± 4.80 15.14 ± 3.13

Table 6: Engagement Regression Model Comparison (Mean ± SD
across folds).

Model MAE ↓ RMSE ↓ R2 ↑ Pearson r ↑
XGBoost 0.5240 ± 0.0186 0.7293 ± 0.0354 0.4833 ± 0.0425 0.7027 ± 0.0337
Random Forest 0.5301 ± 0.0244 0.7353 ± 0.0375 0.4745 ± 0.0485 0.6948 ± 0.0374
Decision Tree 0.5480 ± 0.0288 0.7670 ± 0.0535 0.4279 ± 0.0688 0.6693 ± 0.0477

aggregated descriptors computed from two-minute temporal seg-
ments of the interaction timeline, allowing the models to capture
behavioral dynamics, gaze patterns, and variations in visual scene
properties associated with engagement changes.

Continuous Engagement Estimation: In addition to classification,
engagement was modeled as a continuous variable using regression
models including Random Forest, Decision Tree, and XGBoost re-
gressors. These models predict engagement intensity directly from
the multimodal behavioral and visual signals recorded during the
MR interaction. Because of its additive and interpretable structure,

Table 7: Three-class engagement classification performance (Mean
± SD across folds).

Model Accuracy Balanced Accuracy Macro-F1 Micro-AUC
XGBoost 0.7988 ± 0.0309 0.7989 ± 0.0315 0.7959 ± 0.0305 0.9365 ± 0.0287
Random Forest 0.7955 ± 0.0440 0.7962 ± 0.0439 0.7925 ± 0.0446 0.9190 ± 0.0372
Decision Tree 0.6999 ± 0.0569 0.7003 ± 0.0576 0.6990 ± 0.0543 0.7750 ± 0.0426
EBM 0.8056 ± 0.0647 0.8059 ± 0.0648 0.8041 ± 0.0655 0.9270 ± 0.0309

Table 8: Three-class engagement classification performance using
time-independent models. These models do not use task duration.

Model Accuracy Balanced Accuracy Macro-F1 Micro-AUC
XGBoost 0.7541±0.0382 0.7538±0.0385 0.7512±0.0379 0.8914±0.0321

Random Forest 0.7126±0.0512 0.7119±0.0518 0.7093±0.0524 0.8355±0.0411

Decision Tree 0.6082±0.0714 0.6085±0.0722 0.6071±0.0705 0.7015±0.0558

EBM 0.7377±0.0681 0.7373±0.0685 0.7416±0.0692 0.8722±0.0345

the EBM model was used only for the classification setting, where
it provides transparent insight into how gaze behavior, interaction
patterns, and visual scene features contribute to engagement predic-
tion [8].

Quartile-based label construction. For each participant time-
line, engagement scores were first smoothed using a centered rolling
mean with window size w = 3:

s̃i = RollingMeanw=3(si). (1)
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The smoothed scores were then ranked and partitioned into quar-
tiles (q = 4). Engagement labels were constructed as:

Q1 → Low(0), Q2,Q3 → Medium(1), Q4 → High(2).

Equivalently, the mapping can be written as

yi =


0, qi = 0
2, qi = 3
1, qi ∈ {1,2}.

Feature representation. For each temporal sequence feature,
we computed a compact interpretable representation:

{µ,σ ,min,max, trend, |∆|,max |∆|}

representing mean, standard deviation, minimum, maximum, tem-
poral trend, average absolute change, and maximum absolute change
across the window. Additional contextual features included condi-
tion one-hot indicators and the interaction minute index.

Figure 7: Top predictive features for engagement classification using
EBM model.

6.2 Training and Evaluation Protocol
All models were evaluated using 5-fold cross-validation. The folds
were participant-independent, so samples from the same participant
were not included in both training and testing. In each iteration, four
folds were used for training, and one fold was used for testing. This
process was repeated five times, with each fold used once as the test
set. The final performance was computed as the mean and standard
deviation across the five folds. For regression models, we reported
MAE, RMSE, R2, and Pearson correlation. For classification models,
we reported Accuracy, Balanced Accuracy, Macro F1 score, and
Micro AUC.

6.3 Predictive Performance
The predictive performance of the engagement regression mod-
els is summarized in Table 6. Three models were evaluated, in-
cluding XGBoost, Random Forest, and Decision Tree. Results
are reported as the mean and standard deviation across five cross-
validation folds. XGBoost achieved the lowest prediction error
with MAE of 0.5240±0.0186 and RMSE of 0.7293±0.0354. The
model also produced the highest correlation with the ground truth
engagement values with R2 = 0.4833±0.0425 and Pearson correla-
tion r = 0.7027±0.0337. Random Forest produced similar perfor-
mance with MAE of 0.5301±0.0244, RMSE of 0.7353±0.0375,
R2 = 0.4745±0.0485, and Pearson correlation r = 0.6948±0.0374.
The Decision Tree model produced higher error with MAE of
0.5480±0.0288 and RMSE of 0.7670±0.0535. The performance
of the engagement classification models is summarized in Table 7
and illustrated in Figure 6. Four models were evaluated, including
XGBoost, Random Forest, Decision Tree, and Explainable Boosting
Machine. To examine whether engagement classification depends
only on task duration, we also evaluated time-independent models
after removing the minute index variable. As depicted in Table 8,
the EBM model still achieved an Accuracy of 0.7377, Balanced Ac-
curacy of 0.7373, Macro F1 of 0.7416, and Micro AUC of 0.8722.
Since random chance is 0.3333 in our three-class setting, this result
suggests that spatial gaze and head position features provide mean-
ingful predictive information beyond time. For comparison, the time-
inclusive XGBoost achieved an accuracy of 0.7988±0.0309, Ran-
dom Forest achieved 0.7955±0.0440, and Decision Tree achieved
0.6999± 0.0569. Figure 6 reports time inclusive micro averaged
AUC values of 0.9365±0.0287 for XGBoost, 0.9190±0.0372 for
Random Forest, and 0.7750±0.0426 for Decision Tree.

6.4 Feature Attribution Analysis
The most influential features used by the engagement models in-
clude temporal, gaze, and visual scene features statistics. Figure 7
shows the top predictive features for engagement classification using
EBM. The interaction minute index appears as the most important
feature with an importance value of approximately 0.21. However,



the model also relies on several time-independent gaze and visual
features, suggesting that engagement prediction is not driven only
by elapsed time. Several gaze-related variables appear among the
highest-ranked predictors, including the temporal trend of gaze direc-
tion in the Z axis, the maximum absolute change in gaze direction in
the X axis, the mean absolute change in gaze direction in the X axis,
and the temporal trend of head position in the Z axis. Additional
system-level visual features include brightness flicker trend, stan-
dard deviation of HOG features, maximum spectral entropy, edge
intensity trend, and spatial frequency trend.

7 DISCUSSION

This work introduces a comprehensive multimodal dataset designed
to evaluate behavioral resilience in mixed reality environments un-
der deceptive system feedback. The dataset includes synchronized
behavioral logs, gaze trajectories, field of view traces, and subjec-
tive assessments collected from 29 participants interacting with a
HoloLens 2 training system. Across all sessions, the dataset contains
more than 580,000 gaze samples and detailed interaction records
spanning approximately 20 to 30 minutes of immersive activity per
participant. The results show that users are not passive victims of
cognitive attacks but instead demonstrate clear temporal adaptation
during the scenario. Average step completion times decreased sub-
stantially during the second half of the task. These findings also
show an important difference between misleading information in
MR and misleading information on a tablet or voice chatbot. In
MR, deceptive feedback can affect the user’s main perceptual envi-
ronment by creating conflicts between the physical world, virtual
overlays, and task instructions. This spatial conflict may help explain
the oculomotor strain and adaptation patterns observed in our results.
In the Text Only condition, the mean step duration decreased from
64.33 seconds to 22.46 seconds, while in the Multi-Modal condition,
the mean step duration decreased from 72.45 seconds to 43.67 sec-
onds. Physiological measurements further confirm the ecological
validity of the environment. The Simulator Sickness Questionnaire
scores show a significant increase in oculomotor strain after exposure
with p = 0.003, while nausea and disorientation levels remain rela-
tively low. Baseline machine learning models also demonstrate that
engagement degradation can be detected reliably from behavioral
telemetry. The engagement classification models showed reasonable
predictive performance without relying only on task duration, with
the time-independent EBM reaching 0.7377 accuracy and a micro
AUC of 0.8722, while the time-inclusive XGBoost achieved a micro
AUC of 0.9365. Regression models achieved Pearson correlations
above 0.70, indicating meaningful predictive relationships between
the extracted features and engagement scores. Feature attribution
analysis further shows that gaze-related variables and temporal inter-
action features are among the most influential predictors. Together,
these results provide a strong foundation for future research on
resilient mixed reality interfaces and anomaly-aware systems for
safety-critical environments.

8 LIMITATIONS AND FUTURE WORKS

This study has several important limitations that also open opportu-
nities for future research. First, intermittent file write interruptions
on the standalone device resulted in partial telemetry loss for a
small number of trials, which reduced the total number of usable
gaze samples for some participants. Although the dataset still con-
tains more than half a million gaze samples and dense interaction
logs, future work should investigate robust learning methods that
can handle missing segments of multimodal telemetry. Approaches
such as contrastive learning, representation learning, or temporal
imputation models could improve resilience when high-frequency
sensor streams contain gaps. Second, the validated dataset contains
behavioral recordings from 29 participants. Distributing these par-
ticipants across modality and attack intensity conditions results in

small cell sizes, which limits condition-level comparisons. Although
the dataset includes rich temporal data, including over 580,000 gaze
points, the participant pool remains limited and may not capture
the full diversity of user behavior across larger populations. Future
studies should expand the dataset with additional participants and
longer observation periods to support population-level modeling and
stronger statistical generalization. Third, the present evaluation fo-
cuses on a single safety-critical medical training scenario involving
tourniquet application within the TCCC environment. Although this
task provides a realistic and operationally relevant setting, future
work should investigate whether the observed behavioral adaptation
and engagement patterns generalize to other mixed reality tasks.
Expanding the experimental design to include domains such as in-
dustrial maintenance, disaster response training, aviation procedures,
or collaborative field operations would help determine whether simi-
lar behavioral resilience emerges across different cognitive demands
and task structures. Another promising direction involves the inte-
gration of the psychometric profiling included in the dataset. The
repository provides detailed measurements of baseline traits such as
self-efficacy, locus of control, field dependence, and domain knowl-
edge. These signals create an opportunity for the research commu-
nity to develop personalized engagement and anomaly detection
models that adapt to individual cognitive styles and trust tenden-
cies. Future work may combine these traits with high-frequency
behavioral telemetry to build adaptive mixed reality systems that
dynamically respond to user vulnerability, cognitive load, or suscep-
tibility to misinformation. Such models could support the design of
resilient, user-aware interfaces for safety-critical MR applications.
Finally, given the scale and multimodal detail of this dataset, future
work should expand this work into a more comprehensive journal
article. This would allow a deeper analysis of behavioral patterns
and modeling opportunities without strict page limits.

9 CONCLUSION

This paper presented a novel multimodal dataset for studying be-
havioral resilience in mixed-reality environments under cognitive
attack. The dataset integrates synchronized behavioral logs, gaze
trajectories, field of view traces, and validated self-report measures
collected from participants interacting with a HoloLens 2 training
system. Our findings show that users actively adapt to spatial and
textual anomalies during task execution rather than passively re-
ceiving misleading information. Task completion times decreased
significantly during the second half of the scenario, indicating that
participants learned to filter out false information and maintain task
efficiency. Physiological measurements further confirm the ecolog-
ical validity of the simulated medical training environment. The
system produced measurable oculomotor strain that reflects realistic
visual demand while avoiding severe nausea or disorientation that
could compromise immersion. In addition, the baseline machine
learning models demonstrate that engagement degradation can be
detected reliably from behavioral telemetry. The models achieved
strong predictive performance and highlighted that high-frequency
gaze vectors and temporal interaction features serve as informative
biomarkers of cognitive engagement during persistent attacks. By
releasing synchronized telemetry data with detailed psychometric
profiles, this work supports future research on resilient MR inter-
faces, anomaly detection, and real-time adaptive systems for safer
use in medical training, emergency response, and decision support.
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