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Abstract—Predicting player engagement in video games offers
significant advantages for game design and quality assessment.
Current approaches for predicting engagement, however, are
costly, invasive, and/or suffer from recall bias, which limits
their employability in practice. This paper presents a new
multimodal neural network model for engagement prediction
and conducts systematic analyses to identify practical solutions
for real-world applications. We develop a hybrid architecture
combining convolutional downsampling with transformer-based
sequence modeling that effectively processes temporal data from
multiple sensing channels, including EEG, eye tracking, and
webcam footage. Through comprehensive comparative analysis,
we determine which modalities and specific features most strongly
contribute to engagement detection. Our evaluation demonstrates
that webcam-based approaches utilizing geometric facial features
and deep learning-based emotional embeddings achieve perfor-
mance comparable to specialized biometric equipment while
requiring only standard hardware. Feature attribution analysis
reveals that head pose dynamics and facial embeddings are
the most influential engagement signals, with neurophysiologi-
cal features showing limited contribution. Cross-modal analysis
confirms that facial emotion-based combinations achieve the
strongest performance. Statistical power analysis reveals par-
ticipant variability, highlighting generalization challenges. These
findings demonstrate that effective engagement measurement is
achievable using accessible webcam technology, offering an opti-
mal balance between accuracy and accessibility for widespread
commercial implementation in gaming contexts.

Index Terms—Player engagement, engagement prediction,
gaming systems.

I. INTRODUCTION

N video games, player engagement refers to the deep

and multifaceted psychological and emotional connection
players establish with a game. It encompasses the player’s
cognitive, affective, and behavioral states and interactions
during gameplay. Player engagement has a central role in
human-computer interaction [1]], significantly influencing how
players perceive and interact with video games. It extends
beyond mere interaction to encompass the player’s immer-
sion, motivation, and overall satisfaction [2]], [3]. As games
increasingly embrace narrative elements, the assessment of
gaming systems extends beyond technical parameters like
latency and frame rate. Consequently, the concept of player
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engagement has garnered attention from both academia and
industry, underscoring its importance in game design and
optimization [4]]. Engaged players, characterized by height-
ened concentration and enjoyment, contribute to the appeal of
video games. Effective assessment of player engagement is
essential for understanding player experiences [5]] and offers
valuable insights for the optimization of game quality, resource
allocation in cloud gaming [|6], [7]], and user satisfaction [§].

Measuring player engagement, however, presents signifi-
cant challenges. Traditional approaches rely on post-gameplay
questionnaires that introduce recall bias [9], or employ bio-
metric sensors that require specialized laboratory equipment,
limiting their practical application in real-world settings. While
game telemetry provides valuable behavioral insights, it often
lacks generalizability across different games and may not
directly capture the player’s subjective experience. An ideal
engagement measurement system should be non-interrupting,
based on player-reported ground truth, minimize temporal
bias, work across different games, and be deployable with
commonly available hardware.

In this paper, we present multiple research contributions
using the open-source MultiPENG dataset [10]. First, we
develop and evaluate a hybrid neural architecture that effec-
tively processes temporal data from multiple sensing channels,
including EEG, eye tracking, and webcam footage. Second, we
conduct a systematic comparative analysis to determine which
modalities and specific features most strongly contribute to en-
gagement detection. Third, we demonstrate that webcam-based
approaches, which utilize only standard hardware available
on most computers, can achieve comparable performance to
specialized biometric equipment, offering an optimal balance
between accuracy and accessibility for real-world applications.

While our analysis incorporates multiple sensing modalities
(EEG, eye tracking, webcam) to establish performance bench-
marks and understand which signals contribute to engage-
ment detection, our primary contribution is demonstrating that
webcam-based approaches alone achieve comparable perfor-
mance (63% vs 65% accuracy) using only standard hardware,
thereby eliminating the need for specialized equipment in prac-
tical deployment. Through detailed ablation studies, feature
attribution analysis, and cross-modal comparisons, we provide
insights into how different sensing modalities capture comple-
mentary aspects of player engagement. Our findings reveal
that head pose dynamics and deep learning-based facial em-
beddings serve as particularly strong engagement indicators,

0000-0000/00$00.00 © 2025 IEEE

Authorized licensed use limited to: SIMON FRASER UNIVERSITY. Downloaded on July 09,2026 at 14:29:44 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.


https://orcid.org/0000-0001-6118-1587
https://orcid.org/0000-0002-3973-4445
https://orcid.org/0000-0003-3261-4376

This article has been accepted for publication in IEEE Transactions on Multimedia. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMM.2026.3673558

IEEE TRANSACTIONS ON MULTIMEDIA

suggesting that webcam data alone can capture much of the
engagement-relevant information without requiring specialized
hardware. These results have significant implications for devel-
opers and researchers seeking to implement engagement-aware
systems in gaming applications beyond controlled laboratory
environments, with potential adaptations for educational con-
texts. Dataset and analysis ethically approved (UOttawa Ethics
H-07-23-9439) with consent.

The remainder of this paper is organized as follows: Section
reviews background concepts and related work in engage-
ment measurement. Section details our data processing
pipeline and model architecture. Section presents experi-
mental results and comparative analyses across sensing modal-
ities. Finally, Section[V]summarizes our findings and discusses
implications for future engagement-aware applications.

II. BACKGROUND AND RELATED WORK

A. Background

1) Definition of Engagement: Player engagement is a mul-
tidimensional construct that encompasses cognitive, affective,
and behavioral aspects of the gameplay experience [11].
Several theoretical frameworks have been proposed to explain
engagement. Flow theory describes engagement as the optimal
balance between game challenge and player skill [12f], with
practical formulations including the measurement model [13]
and experience fluctuation model [[14]]. Alternative perspectives
include sensory and imaginative immersion [15], cognitive
absorption [16], emotional attachment [[17]], and motivational
aspects like conation [I8]. Chen et al. define engagement
as a “sustained level of involvement caused by capturing a
person’s interest, holding the majority of a person’s attentional
resources, and placing the person in an immersive state” [19].

2) Importance of Engagement: The importance of engage-
ment extends beyond player experience to business metrics.
Engagement directly correlates with monetization strategies,
particularly in freemium games where playing time influences
exposure to advertisements and in-app purchases [20]. En-
gagement metrics can predict player churn, activity patterns,
and purchase propensity, enabling timely interventions for
retention and monetization [21]]. Different game genres exhibit
distinct engagement dynamics; for instance, in multiplayer
games, interactions with other players strongly influence en-
gagement levels. Karmakar et al. demonstrated that jointly
modeling players’ motivation, progression, and churn in role-
playing games significantly improved retention analysis [22].

Beyond commercial applications, engagement serves as a
key metric for measuring the efficacy of educational games
[23]], entertainment games [24]], and evaluating cognitive ef-
fects of gaming [25[]. Strategic focus on engagement can
enhance purchase intent, word-of-mouth marketing, and player
recruitment [26]. A recent comprehensive review by Rashed
et al. presents a taxonomy of engagement measurement ap-
proaches across different modalities, identifying critical trade-
offs between complexity and interpretability, accuracy and
generalizability [27].

B. Related Work

Current approaches to engagement measurement face sev-
eral limitations that affect their practicality and reliability. We
categorize and summarize the key approaches in the literature
in the following.

1) Self-Report Methods: Standard engagement question-
naires include the Game Engagement Questionnaire [28§]], the
Immersive Experience Questionnaire [29], and Player Expe-
rience of Need Satisfaction [30]. While these instruments
capture various aspects of engagement, they are typically ad-
ministered after gameplay, introducing recall bias [9]] and fail-
ing to capture moment-to-moment fluctuations in engagement.
Semi-structured interviews provide deeper insights into player
experiences [31] but share the same temporal limitations,
making both approaches unsuitable for real-time measurement.

While self-report measures capture subjective experiences
that may be influenced by mood, fatigue, or other individual
factors, these influences are inherent to the construct being
measured rather than confounds to be eliminated. In engage-
ment prediction, the objective is to predict what players will
report, incorporating whatever factors affect their subjective
experience.

2) Biometric Signals: Physiological and neurological mea-
surements provide objective indicators of engagement. EEG
signals have been used to develop engagement indices based
on frequency bands [32], though signal flickering presents
challenges for consistent measurement [33|]. Apicella et al.
demonstrated that EEG-based engagement detection systems
can achieve reliable performance in interactive environments
where both cognitive and motor skills are engaged, using filter
bank and common spatial pattern features with support vector
machines [34]]. Eye-tracking metrics like pupil dilation, blink
rate, and gaze direction offer insights into visual attention
[35], with some metrics approximable from facial footage
via webcams [36]. Additional physiological measures include
heart rate, respiratory rate, and electrodermal activity [37].
While biometric data provide deeper insights, they require
specialized equipment that limits studies to laboratory settings
and raises privacy concerns.

3) Multimodal Approaches: Several studies have explored
combining multiple data sources to measure engagement more
comprehensively. Wu et al. demonstrated that combining video
features with speech and audio modalities improves engage-
ment detection performance, and introduced techniques to
address challenges of label quality and intra-class variety in
engagement measurement [38]]. EngageMon [39] integrates
touch events, physiological signals, and motion data for mobile
gaming contexts. Pinitas et al. combined gameplay frames and
gamepad inputs to predict engagement [40|]. While promising,
these approaches face challenges in generalizability across
gaming contexts and effective modality integration.

4) Game-Specific Elements: Game telemetry provides in-
sights into player behavior but often lacks generalizability
across different games. Pinitas et al. used game scene frames
and gamepad actions to estimate real-time engagement [40],
though their method requires separate models for different
games. Reguera et al. measured engagement based on level
completion attempts and abandonment time [41], assuming
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standardized difficulty levels across games. Rashed et al. de-
veloped a framework for non-intrusive, real-time engagement
measurement using game telemetry data, focusing on online
multiplayer games [42]. While telemetry-based approaches
offer valuable insights, they still require game-specific adapta-
tions, unlike biometric methods which function independently
of game mechanics.

5) Webcam Video: Webcam data offers a non-intrusive,
accessible source for measuring engagement through facial
expressions, head movements, and gaze information. Previ-
ous works have used facial data to quantify emotions in
educational [43]] and gaming contexts [44]]. FaceEngage used
webcam feeds to measure engagement based on facial em-
beddings, head motion, gaze motion, and facial action units
[24], though it relied on game status assumptions rather than
player-reported ground truth. Rae et al. measured engagement
using facial expressions with continuation desire (conation)
as ground truth [[18]], though this approach employs a narrow
definition of engagement focused primarily on motivation.
The main limitation of existing webcam approaches is their
reliance on narrow engagement definitions rather than com-
prehensive player-reported measures.

C. Requirements for Effective Engagement Measurement

Based on the limitations of existing approaches, we establish
five key criteria that an effective player engagement measure-
ment method should satisfy:

C1. Non-interrupting: The method should not disrupt the
natural flow of gameplay. Interruptions can introduce
noise and alter the gaming experience, making continuous
measurement unsustainable.

Player-Reported Labels: Indirect proxies capture lim-
ited aspects of engagement. The ground truth should
derive from players’ self-reported experiences rather than
assumptions about gameplay status or narrow emotional
indicators.

Unbiased: The temporal gap between experience and
reporting should be minimized to reduce recall bias.
Traditional post-gameplay surveys fail to capture the
dynamic nature of engagement throughout a long session.
Game Generic: The approach should generalize across
different game genres, mechanics, and platforms. Meth-
ods tied to specific game elements lack broader applica-
bility.

Practical: For real-world deployment, the method should
not require inaccessible equipment or necessitate sharing
sensitive information.

C2.

C3.

C4.

Cs.

As summarized in Table I} existing methods each fail to sat-
isfy one or more of these criteria. Surveys and interviews [45],
while gathering player-reported data, are inherently interrup-
tive and vulnerable to recall bias. Biometric approaches [32],
[37] provide non-interrupting, real-time measurements across
game contexts but require specialized equipment and access
to sensitive data. Game-specific methods [40]-[42]] operate
non-intrusively but require adaptations across different games
and often rely on proxy indicators rather than player reports.

Standard webcam methods [18], [24] offer practical, non-
interrupting measurement across game types but typically rely
on narrow engagement definitions rather than comprehensive
player-reported ground truth.

TABLE 1
CRITERIA COMPARISON OF EXISTING METHODS

Method Cl C2 C3 C4 G5

Surveys & Interviews
Biometric Signals

Standard Webcam Methods

NEE XN
ANENENEN
NEEENEN
ANENEE RN

X
v
Game-Specific Elements v
v
v

Proposed method (MultiPENG Webcam)

To address these limitations, our work focuses on the
webcam-based modality within the MultiPENG dataset [[10].
Unlike previous webcam approaches such as FaceEngage [24]]
that infer engagement from game status, or conation-focused
methods [18]], the webcam data in MultiPENG is aligned with
authentic player-reported ground truth. The dataset collection
employs strategic timing of self-report measures during natural
gameplay pauses, reducing the duration of annotated sessions
to an average of 46 seconds for a minimal recall bias. This
approach enables the development of webcam-based models
that satisfy all five criteria: they are non-interrupting, based
on player-reported ground truth, minimize bias, work across
different games, and only require a standard webcam.

Regarding privacy considerations for webcam-based ap-
proaches, we note that webcams are already ubiquitous in
modern gaming environments, particularly among streamers
and players engaged in multiplayer games with video chat
features. Unlike biometric sensors that capture physiological
data, webcam processing for engagement detection can be per-
formed locally on the user’s device without transmitting video
data, with only engagement metrics shared if desired. This
processing model aligns with existing privacy expectations
in gaming contexts where players routinely use webcams for
streaming and communication purposes.

A key advantage of using the MultiPENG dataset is that
it also provides aligned multimodal data, including EEG and
eye-tracking information synchronized with webcam footage.
This allows us to develop multimodal baselines against which
we can validate the performance of our webcam-based ap-
proach. The multimodal nature of the dataset enables com-
parative analysis across different sensing modalities while
maintaining consistent ground truth measures.

In the following sections, we describe our methodology for
utilizing the webcam modality from this dataset to build a
robust, game-generic engagement measurement system that
satisfies all five criteria in Table [Il

III. PROPOSED SOLUTION
A. Proposed Engagement Prediction Model

Before detailing our model architecture, we clarify the
operational workflow. Our system is trained using synchro-
nized multimodal data paired with player-reported engagement
labels collected via ESM during natural gameplay pauses.
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Fig. 1. Proposed multimodal model: each modality is encoded by a separate Convolutional Transformer before late fusion.

Once trained, the model can predict engagement from sen-
sor data alone during deployment, eliminating the need for
questionnaires during actual gameplay sessions. This enables
real-time engagement assessment for game designers and
developers based on models grounded in authentic player-
reported experiences.

We design a neural network model to capture temporal
engagement dynamics while handling the high dimensionality
and varied sampling rates of our multimodal data. Our model
balances complexity against dataset size constraints to pre-
vent overfitting while enabling effective cross-modal feature
extraction.

The model combines convolutional downsampling,
transformer-based sequence modeling, and global pooling to
obtain fixed-length feature vectors per modality, as shown
in Figure [T} This design efficiently processes variable-length
sequential data, maintains modality-specific processing
without information loss, and captures both local patterns and
long-range dependencies.

The model comprises two main components. The first is
a Convolutional Transformer Encoder, which processes each
modality independently through a 1D convolutional layer
(kernel size 3, stride 2) that reduces sequence length while
projecting input features to a uniform hidden dimension. A
lightweight transformer (1-2 layers, single attention head) then
captures dependencies between timesteps. Finally, an adaptive
average pooling layer produces fixed-length representations
regardless of input sequence length.

The second component is for multimodal fusion. We im-
plement late fusion by processing modalities through separate
encoder instances, concatenating the resulting feature vectors,
projecting to a unified hidden representation via a fully-
connected layer, and performing binary classification through
a sigmoid activation. We chose late fusion because it allows
optimal processing of each modality according to its character-
istics before integration, which is particularly important given
the diverse nature of our data. Specifically, we treated the facial
features and the emotional features as separate modalities to
allow specialized processing before fusion.

B. Multimodal Dataset Processing

We utilize the open-source MultiPENG dataset [10], a
comprehensive multimodal collection of player engagement
data captured during gameplay sessions. The dataset contains
synchronized recordings from 39 participants playing FIFA’23
and Street Fighter V at varying difficulty levels, with data
collected across multiple sensing modalities: EEG signals
from a 14-channel EMOTIV EPOC X headset (128 Hz), eye
tracking data from a Gazepoint GP3 tracker (60 Hz), and facial
expressions and head pose captured via webcam (30 Hz). A
notable contribution of this dataset is its innovative approach
to gathering engagement ground truth through an Experience
Sampling Method (ESM) [46] administered during natural
gameplay pauses (e.g., between FIFA matches, after Street
Fighter rounds). This approach minimizes both gameplay
disruption and recall bias compared to post-hoc questionnaires
or continuous self-annotation methods. Participants provided
self-reported engagement ratings on a 5-point Likert scale (0:
Very Bored to 4: Very Engaged) after gameplay segments,
resulting in 900 labeled sessions with an average engagement
score of 2.87. We binarize the classification tasks following
previous works [10], [24] by formulating the classification as
lower or higher than average, where engagement levels 0-2 are
labeled as "Low” (30% of samples) and levels 3-4 are labeled
as "High” (70% of samples). The dataset employs participant-
based cross-validation to ensure complete separation between
training and test sets, preventing data leakage while maintain-
ing the natural class imbalance that reflects typical gaming
engagement distributions.

Our approach inherently accounts for individual differences
in baseline mood, gaming preferences, environmental factors,
and other personal characteristics through the self-reported
ground truth methodology. Critically, the ground truth repre-
sents what players actually report experiencing, incorporating
all factors that influence their subjective state. Since our
objective is to predict self-reported engagement rather than
infer an objective “true” engagement state independent of
mood, factors affecting mood are part of the phenomenon
being measured, not confounds to be controlled.

Furthermore, our experimental design includes multiple nor-
malization strategies: (1) participants experience varying diffi-
culty levels, creating an internal reference frame for comparing
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their own engagement across sessions; (2) a warmup period
allows players to calibrate their understanding of engagement
in the gaming context [[10]; and (3) binary classification uses
the population-level average engagement (2.87) as the thresh-
old, naturally accounting for individual differences in reporting
tendencies. This approach prioritizes ecological validity and
real-world applicability, as our goal is to develop systems that
predict player-reported states across diverse individuals and
natural gaming contexts.

We implemented modality-specific processing pipelines that
extract relevant features while preserving temporal structure.
Each modality was processed with optimized sampling rates
determined through empirical testing of native rate, every
second sample, and every third sample approaches. EEG, eye
tracking, and OpenFace features were downsampled to every
third sample, while EmoNet embeddings were processed at na-
tive rate, harmonizing temporal frequencies across modalities
for optimal performance.

For EEG data, we utilized frequency band powers—theta
(4-8 Hz), alpha (8-12 Hz), low beta (12-16 Hz), high beta (16-
25 Hz), and gamma (25-45 Hz) bands—from all 14 channels
as computed by the EMOTIV commercial software suite.
These frequency bands correspond to different aspects of brain
activity, with theta and alpha bands commonly associated with
attention and relaxation states. The EMOTIV system provides
continuous signal quality monitoring through an overall quality
score (EQ.OVERALL) ranging from 0-100, which aggregates
contact quality, signal quality, and signal magnitude metrics.
Low-quality EEG signals were filtered by nullifying band
power values when this overall quality score fell below
50%, with interpolation maintaining sequence continuity. This
threshold was selected based on empirical analysis showing
that only 50% of samples achieve an average EEG quality
of at least 75%, primarily due to movement artifacts during
gameplay that cause temporary signal degradation. We validate
this threshold in Section

For eye tracking, we extracted fixation data (position and
duration), saccade characteristics (magnitude and direction),
pupil diameter, and blink patterns from the Gazepoint soft-
ware. Missing values were interpolated before downsampling
the 60Hz data.

Facial features were extracted using two methods: OpenFace
[47] provided head pose dynamics (3D translation/rotation
vectors) and facial action unit intensities (0-5) for all 17
detected units, with derivative features (velocity and accelera-
tion) calculated between consecutive frames. We also extracted
facial embeddings using EmoNet [48] by truncating the output
layers.

We applied min-max scaling across all modalities to normal-
ize feature values, with scaling parameters derived exclusively
from the training set to prevent data leakage. This standardized
pipeline maintains the unique temporal characteristics of each
modality while ensuring reproducibility.

C. Model Training

We trained the model using an Adam optimizer with
learning rate 5e-5 and Binary Cross-Entropy loss with class

weighting to address imbalance. Training used a batch size of
64 samples for up to 150 epochs with early stopping (patience:
10 epochs). Our cross-validation ensured complete separation
between participants in training, validation, and test sets.

To address our limited sample size (approximately 580
training samples), we employed regularization through dropout
(0.3-0.5), early stopping based on validation performance, a
relatively small model size (hidden dimension of 128, single
attention head), and convolutional downsampling to reduce
effective sequence length.

Different modalities in our dataset have varying sampling
rates: webcam footage at 30Hz, EEG band data at 8Hz, and
eye tracking at 64Hz. Rather than resampling to a common
rate, we processed each modality at its native sampling rate
to preserve fine-grained temporal information. We empirically
validated this decision by comparing against models trained
on resampled data (at 10Hz and 20Hz), finding that native-rate
processing consistently outperformed resampled approaches.

Our participant-based cross-validation scheme used consis-
tent inner splits. For each outer fold (test set), we used a
single fixed train/validation split rather than multiple inner fold
combinations, ensuring each test participant is evaluated once
with a model trained on a consistent subset. This approach
establishes a standardized evaluation framework enabling fair
comparison while maintaining participant-based separation
between sets.

The combination of convolutional and transformer-based
processing allows the model to handle long sequences without
requiring fixed-length inputs and with reduced susceptibility
to overfitting. This architecture represents a balance between
complexity and practicality, allowing direct comparison be-
tween sensing modalities by using identical architectures with
modality-specific parameters.

D. Deployment Considerations

Our architectural design supports flexible deployment across
different computational budgets and application scenarios. The
lightweight architecture—single-head transformer with hidden
dimension 128 and convolutional downsampling—balances
predictive performance against computational efficiency for
practical implementation on consumer gaming hardware.

To validate practical feasibility, we conducted runtime per-
formance analysis on 100 representative samples from the
dataset using consumer-grade hardware (Intel 19-10900K CPU,
NVIDIA RTX 3080 GPU, 32GB RAM at 3200MHz). Fea-
ture extraction using OpenFace (CPU-only processing with
OpenCV [49] and dlib [50])) requires 0.344 seconds per second
of video (standard deviation (SD) = 0.008), with memory sam-
pled at 100ms intervals averaging 856.2 MB (SD = 17.9) and
peaking at 883.9 MB (SD = 25.7). Neural network inference
for the webcam modality requires only 0.037 milliseconds per
second of video (SD = 0.014), with minimal VRAM require-
ments (0.5 MB model size, 14.9 MB peak). The low coefficient
of variation for feature extraction (2.27%) indicates consistent
performance, while higher inference variance (39.18%) reflects
variable-length sequence processing.

These measurements demonstrate real-time processing capa-
bility with substantial headroom—feature extraction operates
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TABLE II
ENGAGEMENT PREDICTION PERFORMANCE ACROSS MODALITIES AND APPROACHES

F1-Score

Approach ROC-AUC Accuracy
Low Engagement High Engagement Average

Dummy (All High) - 0.82 + 0.03 041 + 01 0.50 0.70 £ 0.04
Webcam (OpenFace + EmoNet) 0.35 + 0.08 0.71 = 0.04 0.53 +0.03 056 +0.04 0.63 +0.04
Eye Tracking 0.22 £ 0.09 0.63 = 0.09 043 £0.02 048 £0.04 0.59 £ 0.06
EEG 0.31 + 0.09 0.65 + 0.07 048 £002 057+006 0.6l +0.05
Multimodal (All) 0.38 + 0.07 0.73 £ 0.04 0.56 £0.03 059004 0.65=0.03

at approximately 3x real-time speed while model inference 0.50 A

adds negligible overhead. The framework accommodates vari-

able prediction frequencies: periodic assessment (every 10- o

20 seconds), event-driven prediction at natural game pauses, 2 0.45

or batch analysis. The webcam-based approach operates on o

standard gaming hardware, while the multimodal variant can S 0.40 1

leverage GPU acceleration. Deployment can be client-side for 3

privacy or server-side for computational offloading. & 535

IV. EVALUATION

This section presents our engagement estimation model
evaluation and key findings. We first compare performance
across individual modalities and multimodal combinations
(Section [[V-A), revealing that webcam-based approaches pro-
vide an optimal balance of accuracy and accessibility. We
then benchmark against human annotators (Section [[V-CJ),
demonstrating that our multimodal model outperforms human
judges in classifying engagement states. Statistical power anal-
ysis (Section identifies significant participant-specific
variations that impact model performance. Through ablation
studies (Section and feature attribution analysis (Sec-
tion [[V-F), we establish that facial expressions and head move-
ments contribute most significantly to engagement detection,
with EmoNet embeddings providing the strongest signals.
Our cross-modal analysis shows that combining EmoNet with
either EEG or eye tracking yields the strongest pairwise
performance. Finally, architectural analysis validates the effec-
tiveness of our hybrid ConvTransformer design, particularly
for processing heterogeneous multimodal data. All reported
uncertainties represent the standard error of the mean (SEM)
across cross-validation folds.

A. Player Engagement Prediction Results

We evaluated performance across individual sensing modal-
ities and multimodal fusion, using standard classification met-
rics to assess effectiveness. We report Fl-scores (harmonic
mean of precision and recall) for both engagement classes and
their average, ROC-AUC (area under the receiver operating
characteristic curve, measuring discrimination ability), and
overall accuracy. As shown in Table|lll the performance varies
across modalities, with all approaches demonstrating higher
Fl-scores for high engagement detection compared to low
engagement. The multimodal approach achieved the highest
ROC-AUC (0.59 + 0.04). We analyze these patterns in detail
below.

0 10 20 30 40 50 60 70 80 90 100
Minimum Threshold

Fig. 2. Effect of EEG quality threshold on F1-score. Shaded area shows SEM.

1) Signal Quality Optimization: For EEG data, which is
susceptible to noise and motion artifacts during gameplay,
we conducted a systematic analysis to determine the optimal
signal quality threshold. As shown in Figure [2] prediction
performance improved with increasing quality thresholds up
to approximately 50%, after which performance stabilized
and eventually declined slightly at higher thresholds. This
pattern indicates that excluding signals below the 50% quality
threshold effectively removes noise while retaining informative
data. We adopted this threshold for all EEG-based prediction
results presented in Table

2) Unimodal Performance Analysis: Examining individual
modalities in Table |lIL the webcam-based approach achieved
the highest accuracy (63% + 0.04) among single-modality
approaches, with strong performance in identifying high en-
gagement states (Fl-score: 0.71 £ 0.04). The precision and
recall for high engagement detection were 0.76 + 0.03 and
0.69 £ 0.08, respectively (not shown in table). These results
suggest that facial expressions and head movements provide
valuable engagement indicators while offering significant prac-
tical advantages through standard hardware accessibility.

EEG features produced the second-highest unimodal accu-
racy (61% + 0.05) with an average Fl-score of 0.48 + 0.02.
While EEG showed the highest precision for detecting high
engagement (0.78 + 0.05), it demonstrated lower recall (0.64
+ 0.12). Despite this strong performance after quality filtering,
the specialized equipment and calibration requirements present
substantial implementation barriers in everyday gaming sce-
narios.

Eye tracking features showed the lowest unimodal perfor-
mance (59% =+ 0.06 accuracy), particularly struggling with low

Authorized licensed use limited to: SIMON FRASER UNIVERSITY. Downloaded on July 09,2026 at 14:29:44 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Multimedia. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMM.2026.3673558

IEEE TRANSACTIONS ON MULTIMEDIA

TABLE III
ARCHITECTURE PERFORMANCE COMPARISON (AVERAGE F1-SCORE)

Approach  Architecture F1 (Avg) ROC-AUC
Hybrid 0.56 £ 0.03 0.59 = 0.04
Multimodal  Transformer-only  0.51 + 0.03  0.52 £ 0.06
Convolution-only  0.52 + 0.03  0.59 + 0.04
Hybrid 0.53 £0.03 0.56 = 0.04
Webcam Transformer-only  0.49 = 0.01  0.56 + 0.03
Convolution-only  0.54 + 0.03 0.58 + 0.04

engagement detection (F1-score: 0.22 + 0.09).

3) Multimodal Integration Benefits: Our multimodal ap-
proach combining all sensing channels achieved the highest
overall performance among our models, with 65% accuracy
(£ 0.03) and an average Fl-score of 0.56 £ 0.03, as shown
in Table This represents modest but consistent improve-
ments across all metrics compared to the best single-modality
approach. The fusion model showed particular gains in low
engagement detection (F1-score: 0.38 £ 0.07 compared to 0.35
+ 0.08 for webcam alone), suggesting that different modalities
capture complementary aspects of engagement.

However, the practical significance of this 2 percentage
point improvement in accuracy over the webcam-only ap-
proach must be weighed against the substantial increase in
implementation complexity, which requires synchronization
of multiple specialized sensors and more computational re-
sources.

B. Architecture Analysis

To validate our hybrid ConvTransformerEncoder design,
we compared it against transformer-only and convolution-only
variants. Each variant maintained identical hidden dimensions,
training configurations, and input/output interfaces.

Results in Table reveal distinct patterns across sens-
ing modalities. For multimodal data, the hybrid architecture
achieved the highest F1-score (0.56 + 0.03), demonstrating that
combining convolutional feature extraction with transformer
sequence modeling provides complementary benefits for het-
erogeneous sensing data. The convolution-only architecture
showed slight advantages for webcam data (0.54 + 0.03),
though this difference falls within statistical error margins.

The transformer-only architecture consistently demonstrated
poor class balance, with low-engagement Fl-scores as low
as 0.22 + 0.07 for webcam data despite reasonable overall
accuracy. This imbalance makes it unsuitable for applications
requiring balanced engagement detection.

These findings support our hybrid architecture as the most
robust approach across different sensing modalities. While
specialized architectures might offer marginal improvements
in specific scenarios, the hybrid ConvTransformer provides
consistent performance across input types and engagement
states—critical for real-world deployment where contexts vary.
The architecture effectively leverages convolutional processing
for local pattern extraction and transformer mechanisms for
capturing temporal dependencies, aligning with established
approaches in physiological signal processing [51].

C. Human Annotation Analysis

To establish comparative benchmarks, we evaluated our
machine learning models on the same 20 samples that human
annotators rated. These samples came from 5 participants
whose data were completely excluded from training and
validation sets to prevent data leakage. We applied both in-
dividual fold-specific models (reporting average performance)
and an ensemble approach (averaging predictions from all 7
models). Two approaches were compared: the webcam-based
model (processing the same visual information available to
human judges) and the multimodal approach (incorporating
all sensing channels).

As shown in Table several notable patterns emerge.
The multimodal ensemble approach achieved the highest per-
formance (56% accuracy, 0.63 ROC-AUC), modestly outper-
forming human annotators (50% accuracy). When comparing
ensemble to non-ensemble results, interesting trends emerge:
while the multimodal approach benefited from ensemble av-
eraging (56% vs. 52% accuracy), the webcam-based model’s
performance decreased (40% vs. 46% accuracy). This diver-
gent pattern suggests that ensemble averaging helps stabilize
predictions when incorporating physiological signals but may
amplify biases when relying solely on visual features for this
challenging subset.

The webcam-based model underperformed compared to
human annotators on this challenging subset (40-46% accu-
racy vs. 50%), despite using the same visual information.
This performance, however, falls below the same model’s
capabilities on the full dataset (63% accuracy), suggesting
these particular samples present specific prediction challenges.
The performance degradation was more pronounced in the
ensemble approach for the webcam model, indicating that
averaging predictions across multiple models may reinforce
rather than mitigate biases when the underlying features lack
robust engagement signals.

It’s important to contextualize these findings with the
previously reported low inter-rater agreement among human
annotators in (Krippendorff’s o = 0.040) [10], highlighting
engagement’s nature as a complex internal experience rather
than an easily observable state.

The multimodal approach demonstrated improved discrimi-
nation ability, particularly for low engagement states (precision
of 0.83 for the ensemble model compared to 0.59 for human
annotators). This suggests that augmenting webcam-based
features with eye tracking and EEG data enables the model to
capture aspects of engagement not visually apparent to human
judges.

Examining the class distribution in model predictions re-
veals important patterns: the webcam model favors high en-
gagement detection (recall of 0.75-0.77 for high vs. 0.17-
0.26 for low engagement), while the multimodal approach
achieves more balanced detection. This suggests that physio-
logical signals provide critical information for identifying low
engagement states that may not manifest through observable
facial expressions or behaviors alone.

The performance gap between the full dataset results (63%
accuracy for webcam, 65% for multimodal) and this challeng-
ing subset raises important questions about participant-specific
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TABLE IV
DETAILED PERFORMANCE COMPARISON ON HUMAN ANNOTATION SUBSET (20 SAMPLES)

Approach Variant F1-Score ROC-AUC Accuracy
Low Engagement High Engagement Average
Human Annotators — 0.55 + 0.04 0.40 + 0.04 0.47 £ 0.03 — 0.50 + 0.03
Webcam No Ensemble 0.32 + 0.09 0.53 £ 0.02 043 £0.05 0.50£0.03 046 +0.04
Ensemble 0.25 0.50 0.38 0.46 0.40
Multimodal No Ensemble 0.44 £ 0.12 0.52 £ 0.02 048 £0.06 0.61 £0.04 0.52 £0.05
wihmo Ensemble 0.56 0.56 0.56 0.63 0.56

sensitivity in engagement modeling. The webcam-based ap-
proach showed a more substantial performance drop on these
specific samples compared to the multimodal approach, sug-
gesting higher susceptibility to individual differences. This pat-
tern resembles the ’cold-start problem” commonly observed in
personalized modeling systems, which we investigate further
through statistical power analysis in the following section.

It is important to contextualize these F1-score metrics within
the broader challenge of measuring subjective psychological
states. Fl-scores represent the harmonic mean of precision
and recall, indicating how reliably the system identifies both
high and low engagement states compared to player self-
reports—our most direct measure of subjective experience.
Our models do not claim to predict players’ “exact” internal
experiences; such precision is neither achievable nor necessary
for practical applications. Rather, the multimodal model’s aver-
age Fl-score of 0.56 (compared to 0.47 for human annotators)
demonstrates that the system provides consistent, balanced
detection of engagement states despite the class imbalance in
our dataset. For game designers and stakeholders, this level
of performance—particularly the balanced Fl1-scores across
both engagement classes—enables data-driven decisions about
game design iterations, difficulty balancing, and user expe-
rience optimization. These applications benefit from reliable
directional insights about engagement patterns rather than
requiring perfect prediction of individual internal states.

D. Statistical Power Analysis

To understand the performance discrepancy between the
full dataset and the human annotation subset, we conducted
a statistical power analysis examining whether our dataset
contained sufficient samples to detect meaningful differences.

We calculated Cohen’s d effect sizes and statistical power
using the non-central t-distribution approach for Fl-score and
ROC-AUC metrics. Analysis of the webcam-based model
revealed substantial fluctuations in effect sizes across different
sample sizes, ranging from d=0.65 (full dataset) to d=0.96
(n=5). The multimodal approach showed even greater vari-
ability, with effect sizes ranging from d=0.64 to d=2.27.

As shown in Figure El, even with modest effect sizes, the
webcam-based model requires approximately 20-25 samples
to achieve the conventional 80% power threshold. These
fluctuations highlight a phenomenon similar to the “cold-
start problem” in personalized modeling systems [52]—model
performance instability when incorporating data from new

Power Curves for fl-score_Avg.

Statistical Power

—— d=0.96 (n=5)
d=0.75 (n=10)
—— d=0.89 (n=15)
—— d=0.76 (n=20)
--- 80% power

0.0

20 40 60 80 100
Sample Size

Fig. 3. Statistical power curves for Fl-score averages of the webcam-based
model. Dashed line marks the 80% power threshold.

participants. This sensitivity is particularly pronounced for
webcam-based features, which rely on visual cues that vary
significantly across individuals.

For the full dataset, Fl-score power reached 0.9976, ex-
ceeding the conventional threshold, while ROC-AUC power
reached 0.7456, slightly below optimal. This difference
suggests ROC-AUC exhibits higher variance across cross-
validation folds, requiring larger sample sizes for comparable

power.
These results demonstrate that while our sample
size is statistically robust for primary analyses, model
performance—particularly for the webcam-based
approach—remains  sensitive to  specific  participant
composition. This sensitivity explains the performance

variability between the full dataset and specific subsets,
highlighting inherent challenges in modeling subjective
psychological states across diverse individuals.

E. Ablation Study

To quantify each sensing channel’s contribution within our
multimodal approach, we conducted an ablation study by
systematically removing individual modalities from the full
model.

We established a baseline using the complete model with all
four modalities (EEG, eye tracking, OpenFace, and EmoNet)
across 7 cross-validation folds. We then evaluated four variant
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Fig. 5. Top 10 features ranked by absolute attribution importance.

models, each with one modality removed, measuring perfor-
mance drops in F1 score and ROC AUC.

As shown in Figure [4] the results reveal a clear hierarchy
of modality importance. EmoNet facial embeddings provide
the most substantial contribution, with removal causing a
28.6% reduction in F1 score and 15.3% drop in ROC AUC.
Eye tracking emerged as the second most influential modality
(14.3% decrease in F1 score, 11.9% in ROC AUC). OpenFace
features and EEG signals showed more modest contributions
(7.1% and 5.4% drops in F1 score, respectively).

These findings reinforce that webcam-derived features offer
optimal balance between performance and accessibility, with
EEG providing minimal additional benefit despite substantial
implementation complexity.

F. Feature Attribution Analysis

To identify which specific signals most influence engage-
ment classification, we conducted feature attribution analysis
using integrated gradients via Captum [54]]. This analysis
quantifies each feature’s contribution toward predicting high
engagement (positive attributions) versus low engagement
(negative attributions).

Figure [5 reveals that facial and eye tracking features
dominate the importance ranking. Head pose translation
along the z-axis (pose_Tz)—representing forward-backward
movement—emerged as the most influential feature, followed
by its acceleration. This suggests engaged players maintain
consistent forward orientation, while movements away from
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Fig. 6. Fl-score heatmap for pairwise modality combinations. Cells show
mean + SEM; darker blue indicates better performance.

the screen indicate disengagement. Pupil dilation and blink
rate also ranked highly, consistent with literature linking pupil
responses to cognitive engagement [35]].

EmoNet facial embeddings comprised 7 of the top 10
features for high engagement prediction and showed strong
bidirectional attribution, highlighting their capacity to capture
nuanced emotional states beyond geometric features. Among
EEG features, only frontal theta activity (AF3 and F8 elec-
trodes) appeared in top rankings, aligning with established
research on theta oscillations as cognitive engagement markers
(321, [55).

Features showing strong attribution to both engagement
states reveal non-linear relationships between physiological
signals and engagement, explaining why multimodal ap-
proaches demonstrated more balanced detection capabili-
ties compared to single-modality methods. The dominance
of facial and eye tracking features confirms that accessi-
ble webcam-derived features capture the most engagement-
relevant information, strongly supporting practical implemen-
tation of webcam-based engagement measurement systems.

G. Cross-Modal Analysis

While our ablation study identified the contribution of each
modality to the full model, we now examine how modalities
complement each other when paired. This cross-modal analy-
sis quantifies how different modality combinations contribute
to engagement detection and identifies which pairs offer the
strongest synergistic benefits.

We trained binary engagement classifiers for each possible
pair of modalities (EEG, Eye, OpenFace, and EmoNet) using
our ConvTransformerEncoder architecture with late fusion,
maintaining the same training configuration and participant-
based cross-validation approach described in Section [[TI}

Figure [f] reveals important patterns in modality complemen-
tarity. Combinations involving EmoNet generally achieve the
strongest performance, with EmoNet+EEG and EmoNet+Eye
pairs both achieving the highest Fl-score of 0.54+0.04 and
0.54+0.03 respectively. This suggests that facial emotional
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expressions captured by EmoNet provide complementary in-
formation to both neurological and visual attention signals.
Conversely, the OpenFace+Eye combination showed the weak-
est performance (0.39+0.04), indicating potential redundancy
between structural facial features and eye movements.

ROC-AUC analysis shows similar patterns with some no-
table differences. The EmoNet+EEG combination achieves
the highest ROC-AUC score (0.59+0.04), indicating su-
perior discrimination capability across different thresholds.
EmoNet+OpenFace and EmoNet+Eye combinations also per-
form strongly (0.58+0.03/0.04), while eye tracking alone
shows the lowest ROC-AUC (0.48+0.04), confirming limita-
tions in using eye-tracking data in isolation.

These findings provide important insights for practical mul-
timodal engagement detection systems and complement our
ablation study by quantifying how pairs of modalities perform
together rather than measuring performance drops from re-
moving individual components. EmoNet’s consistently strong
performance across multiple combinations confirms the value
of deep learning-based facial emotion embeddings for en-
gagement detection. The strong performance of EmoNet+EEG
suggests neurological signals capture engagement aspects not
apparent in facial expressions, potentially reflecting internal
cognitive states without visible manifestations. Meanwhile,
the relatively poor performance of OpenFace+Eye indicates
redundancy between these modalities, suggesting both capture
similar aspects of visual attention and facial behavior. Given
EmoNet-based combinations’ superior performance compared
to the more specialized hardware required for EEG and eye
tracking, these results support prioritizing advanced webcam
processing for practical applications.

H. Summary

Our evaluation reveals three principal insights: (1) Webcam-
based approaches using facial embeddings and head pose
achieve 63% accuracy, approaching the 65% multimodal per-
formance while requiring only standard hardware; (2) The
multimodal ensemble outperforms human annotators (56%
vs. 50% accuracy) on challenging samples; (3) Participant-
specific variations create a cold-start problem,” with model
performance sensitive to individual differences in engagement
expression. These findings establish that accessible webcam
technology captures sufficient engagement signals for practical
deployment.

V. CONCLUSION

We presented a multimodal neural network model for player
engagement prediction that bridges the gap between practical-
ity and performance. Player engagement prediction remains
a challenging problem, as evidenced by the low inter-rater
agreement among human annotators [[I0] and the limitations
of existing approaches that suffer from recall bias, require
specialized equipment, or rely on game-specific behavioral
proxies.

Our hybrid architecture achieved 65% accuracy when com-
bining EEG, eye tracking, and webcam data, while the

webcam-only approach reached 63% accuracy using just stan-
dard hardware. On challenging samples where human annota-
tors achieved 50% accuracy, our webcam approach performed
within comparable range, while the multimodal ensemble
surpassed human judges at 56%. These results demonstrate
that accessible sensing approaches can match both specialized
equipment and human judgment.

Through systematic analyses, we identified that head pose
dynamics and deep learning-based facial embeddings provide
the strongest engagement signals, with neurophysiological
features showing limited additional contribution. Cross-modal
analysis confirmed that facial emotion-based combinations
achieve the highest performance, validating that standard
webcams capture the majority of engagement-relevant in-
formation. However, statistical power analysis revealed sub-
stantial participant-specific variations, highlighting the “cold-
start problem” where model performance fluctuates with new
players.

These findings eliminate the primary deployment barrier for
engagement-aware systems. Rather than requiring specialized
biometric equipment, developers can implement engagement
measurement using hardware already present in most gaming
setups, enabling new possibilities for adaptive gaming experi-
ences and quality assessment tools in natural environments.

Despite these contributions, our binary classification ap-
proach simplifies the nuanced engagement spectrum, and par-
ticipant sensitivity suggests generalization challenges across
diverse populations. Future work should explore personal-
ized calibration techniques, continuous engagement measures,
and domain adaptation methods. Integrating real-time game
telemetry with webcam-based measurements offers promising
avenues for creating responsive systems that dynamically adapt
to individual player states.

While our work demonstrates effective engagement mea-
surement using accessible webcam technology in entertain-
ment gaming contexts, several considerations merit attention
for broader deployment. First, although our models were de-
veloped and validated on competitive gaming scenarios (FIFA
23 and Street Fighter V), adaptation to educational applica-
tions would require careful calibration and validation, as task
structures and engagement manifestations may differ across
domains. Second, head pose dynamics—our most influential
feature—may exhibit different patterns depending on display
characteristics (screen size, viewing distance) and input modal-
ities (controller versus mouse/keyboard), though the underly-
ing engagement-related movements (forward lean indicating
engagement, backward lean indicating disengagement) likely
generalize across contexts. While our webcam-based approach
provides a practical foundation for engagement measurement
in gaming, domain-specific validation is recommended before
deployment in substantially different contexts.

In summary, our work demonstrates that effective engage-
ment measurement is achievable using readily available web-
cam technology. By establishing performance benchmarks and
identifying key engagement indicators, we provide a founda-
tion for developing personalized gaming experiences without
specialized equipment or intrusive measurement techniques.
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