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Figure 1: Overview of CLEG: passive sensing of gaze activity during classical music listening, followed by machine-learning-
based estimation of listener-side musical states and explainable feedback on the cues driving each prediction.

Abstract

Music education research has largely assessed performers, while
listener expertise remains difficult to evaluate objectively without
intrusive questionnaires or laboratory-grade sensing. We present
CLEG, a system that estimates classical-music listening expertise
from RGB-camera-based gaze behavior and explains the cues behind
each prediction. From 22 listeners (13 experienced and 9 novice),
sliding-window gaze features enabled a Random Forest classifier
to separate experienced from novice listeners with an F1 Score of
0.670 at the window level and 0.747 with per-participant majority
voting under leave-one-participant-out cross-validation (LOPOCV).
SHAP analysis identified maximum fixation duration as the leading
cue, suggesting that expertise leaves a recoverable and interpretable
signal in commodity-camera gaze data. These results point toward
scalable listener-side assessment that can complement performer-
focused evaluation in music education.
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1 Introduction

Classical music education has long emphasized the evaluation of
performers, and computational systems can now assess pitch, timing,
articulation, and expressiveness from performed sound [7, 8, 16, 18].
By contrast, the listener side remains difficult to assess objectively,
because listening expertise is usually measured through question-
naires, tests, or post-hoc impressions. This limits instructors’ ability
to observe how musical understanding unfolds during listening and
to adapt instruction to each learner.

We address this gap from a ubiquitous-computing perspective
by estimating listener expertise from non-contact visual sensing.
Prior work suggests that gaze, facial expression, pupil response, and
head motion reflect musical attention and expectation [3, 12, 13],
while musical expertise shapes visual behavior during music per-
ception [2, 4, 9]. Experienced listeners may anticipate phrase bound-
aries, harmonic resolutions, and changes in tempo or dynamics,
leading to gaze patterns that differ from those of novices. We there-
fore investigate two research questions:

RQ1 Can classical-music listening expertise be estimated from
RGB-camera-based gaze estimation?
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RQ2 Which gaze patterns contribute most to estimating novice
and experienced classical-music listeners?

To answer these questions, we propose CLEG, a system that
records listeners with frontal and in-room cameras and classifies
each listener as novice or experienced. We compare a gaze-feature-
based binary classification model, and use explainable-Al methods
such as SHAP [14] to inspect the cues behind each prediction.

2 Related Work

2.1 Objective Assessment in Music Education

Prior work in music information retrieval and music education has
made substantial progress in automatically assessing musical per-
formance from observable properties of the performed sound, such
as pitch accuracy, timing deviation, vibrato, articulation, dynam-
ics, and score performance alignment [7, 8, 16, 18]. These studies
demonstrate that musical skill can be operationalized through ob-
jective features and machine-learning models, but their target is
primarily the performer: the systems evaluate how accurately or
expressively a student sings or plays. In contrast, comparatively
little work has addressed the listener side of music education, where
expertise, preference, comprehension, and engagement are usually
measured through questionnaires, tests, or post-hoc ratings rather
than continuous and passive sensing.

2.2 Physiological and Behavioral Responses to
Music Listening

Music cognition research suggests that listening states are reflected
in measurable physiological and behavioral responses. Pupillometry
studies have shown that pupil dilation is associated with music-
induced arousal, chills, and surprising moments in music [3, 12, 13],
while eye-tracking studies of score reading indicate that musical
expertise affects fixation patterns and visual auditory integration
during music reading [2, 4]. Neuroscientific studies using EEG
and fMRI further show that musicians and non-musicians process
harmonic structure and passive music listening differently [9, 17].
However, these findings are typically obtained with laboratory-
grade eye trackers, EEG systems, or MRI scanners, and they do not
directly provide a scalable method for estimating listener preference
or expertise in everyday music-listening contexts.

2.3 Wearable Sensing, Non-contact Sensing, and
Explainable User-State Estimation

Affective-computing research has used physiological and behav-
ioral signals to infer arousal, valence, stress, engagement, and multi-
media preferences [10, 15, 22, 24, 25, 27]. Recent work has explored
portable EEG for music preference prediction [5], while camera-
based gaze and facial analysis enable attention and affect estimation
with commodity sensors [11, 23, 28]. Explainable Al methods such
as LIME, SHAP, and attention rollout further help audit whether
predictions rely on meaningful cues rather than spurious correla-
tions [1, 14, 19]. However, existing work remains fragmented across
performer assessment, laboratory music cognition, and generic af-
fect estimation, leaving interpretable, non-contact estimation of
classical-music listener expertise underexplored.
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3 Data Collection

We collected a non-contact, multi-camera dataset of listeners during
classical music perception in a setting that approximates an ordi-
nary classroom or music-appreciation course. This section describes
the participants, the recording apparatus, the musical stimuli, the
experimental procedure, and the labeling protocol used to derive
listener-expertise annotations.

3.1 Participants

We recruited 22 university students (11 male and 11 female), aged
between 21 and 24 years (mean = 22.5). Based on a pre-experiment
questionnaire (subsection 3.3) and an assessment by a music-education
instructor, participants were assigned to two expertise groups: an
experienced group of 13 students who were music majors or had
instrumental training, and a novice group of 9 students with no
formal musical training. All participants provided written informed
consent prior to the session.

3.2 Experimental Conditions

As illustrated in Figure 1, each participant was seated on a chair and
recorded simultaneously by a frontal face camera and an in-room
fixed camera. The frontal camera was an iPhone positioned directly
in front of the participant, capturing the face for fine-grained gaze
and facial analysis. The in-room cameras were fixed cameras placed
at the four corners of the room, capturing the participant’s whole
body and the surrounding environment and providing the wider
field of view needed. All sessions used the same loudspeaker, and the
music was reproduced under identical acoustic conditions (volume,
speaker position, and room) across participants in order to avoid
confounds arising from differences in playback.

We prepared a set of Western classical pieces as listening stim-
uli. In this work we focus on the Farandole from Georges Bizet’s
L’Arlésienne Suite No. 2. We trimmed the music into three-minute
segments, and participants listened to the same piece twice. The
pieces included salient, anticipatable events, such as phrase bound-
aries, harmonic resolutions, and changes in tempo or dynamics,
where experienced listeners may differ most from novices.

3.3 Experimental Procedure

Sessions were conducted in a lecture room. After receiving an
explanation of the study and providing written informed consent,
participants completed a pre-experiment questionnaire covering
age, gender, nationality, and musical experience. They were then
seated and listened to the stimuli while looking either at a printed
score or straight ahead. To keep behavior as natural as possible and
to avoid task-induced changes in gaze, the instructions were kept
minimal: participants were simply asked to listen naturally and
were given no explicit analysis or rating task during listening. After
each piece, participants completed a short impression questionnaire
to obtain subjective ratings of their listening experience.

3.4 Annotation and Labeling

Listener-expertise labels were derived from the pre-experiment
questionnaire (musical history, academic major, and self-reported
sight-reading ability) together with an evaluation by a music-education
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instructor, yielding the two expertise groups described in subsec-
tion 3.1. These group assignments provide the ground-truth labels
for the binary novice/experienced classification models used in our
experiments (RQ1), as described in section 4. For model training,
the recordings were segmented into fixed-length windows using a
sliding-window scheme, so that each window inherits the expertise
label of its participant and serves as an independent sample.

4 Methodology

CLEG estimates a listener’s musical expertise from gaze behavior
recorded during classical-music perception. The pipeline consists
of four stages: (i) temporal preprocessing and gaze estimation, (ii)
gaze-event extraction, (iii) sliding-window feature extraction, and
(iv) expertise classification with eight models. We evaluate the
binary classification of novice and experienced listeners under a
participant-independent protocol. Finally, we attach an explain-
ability method to each model and evaluate under a participant-
independent protocol.

4.1 Preprocessing and Gaze Estimation

We first aligned all videos to a common timeline by manually trim-
ming one reference clip per recording group and synchronizing
the remaining videos to it using audio. We then retained only the
classical-music playback segments. Gaze was estimated from the
trimmed videos using Gaze-LLE [20], which outputs per-frame
records (¢, x, y, ¢, 0): timestamp, normalized gaze coordinates, con-
fidence, and in-frame indicator. These per-participant streams form
the input to all subsequent feature-extraction steps.

4.2 Gaze-Event Extraction

From each gaze stream we extracted area-of-exploration (AOE)
movements, fixations, and saccades.

AOE characterizes visual exploration through the magnitude
and direction of gaze movement between consecutive samples. For
each pair of successive gaze points, we computed the inter-sample
displacement (point-to-point amplitude) and its movement direc-
tion, following standard sample-level eye-movement measures [6].
These quantities summarize the spatial dynamics of gaze over time.

Fixations were detected using the dispersion-threshold (I-DT)
algorithm [21], in which consecutive gaze points are grouped into
a fixation as long as their spatial dispersion stays below a threshold
for at least a minimum duration. Following this definition, we used
a dispersion threshold of 0.08 in normalized coordinates and a
minimum duration of 0.10 s, and recorded each fixation’s timing,
duration, mean position, dispersion, and sample count.

Saccades were defined as transitions between successive fixa-
tions [21]. For each saccade, we measured its amplitude as the
spatial offset between the two fixation centers and its velocity as
the amplitude divided by the transition duration, following stan-
dard eye-movement measures [6]. These quantities capture shifts
of attention between regions.

4.3 Sliding-Window Feature Extraction

Each gaze stream was divided into overlapping 5.0 s windows with
a 2.5 s step (50% overlap). For each window, we extracted features
from x, y, AOE amplitude a, AOE angle 6, fixations, and saccades,
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following previous work [26]. These included time-domain statis-
tics, FFT features over 0.1 to 1.0 Hz, cross-dimensional descriptors,
and quality measures such as gaze-point count and effective sam-
pling rate. Each window yielded one feature vector and inherited
its participant’s expertise label.

4.4 Expertise-Classification Models

The classification target is the listener’s musical expertise. Ground-
truth labels were derived as described in subsection 3.4 from the
pre-experiment questionnaire (years of instrumental training, aca-
demic major, and self-reported sight-reading ability) together with
an assessment by a music-education instructor, yielding the two ex-
pertise groups defined in subsection 3.1 (EXPERIENCED and NOVICE).
For our experiments, we use novice and experienced listeners as
a binary classification target. In the feature-based pipeline, the
per-window feature vectors of subsection 4.3 are fed to classical
machine-learning classifiers. This pipeline is interpretable at the
feature level and provides the basis for the SHAP analysis.

4.5 Explainability

A central goal of CLEG is to ensure that predictions rest on musi-
cally and physiologically plausible evidence rather than spurious
correlations. For the feature-based classifier we compute SHAP
values [14], which quantify the contribution of every gaze feature
to each prediction. Because samples are time-localized windows,
the attributions can be aggregated per participant and per musi-
cal moment, revealing which features most strongly distinguish
experienced from novice listeners, and at which points in the piece.

4.6 Evaluation Protocol

We evaluate with participant-independent leave-one-participant-
out-cross-validation (LOPOCV): in each fold all windows of one
participant form the test set and the remaining participants form the
training set, so that no participant appears in both. This prevents
identity leakage across overlapping windows and measures general-
ization to unseen listeners. We report classification performance for
novice and experienced listeners. Beyond predictive performance,
we examine the features identified by SHAP and the segments in
which experienced and novice listeners differ most, linking model
behavior back to interpretable gaze patterns.

5 Results and Discussion

Table 1 reports the classification performance under the participant-
independent LOPOCYV protocol. Using sliding-window features, the
Random Forest classifier achieved an F1 Score of 0.670 at the win-
dow level (WL), increasing to 0.747 with majority voting (MV).
Other feature-based models showed similar MV performance, sug-
gesting that participant-level aggregation reduces window-level
noise. For deep-learning models, the best performance was obtained
by MobileNetV3 with an F1 Score of 0.571 at WL and 0.705 at MV. All
results exceed the chance baseline (50%), indicating that listening
expertise is recoverable from RGB-camera-based gaze estimation
alone (RQ1).

Figure 2 shows the confusion matrices for the WL and MV Ran-
dom Forest classifiers. In both settings the experienced class is
recognized with high reliability (76.9% at the window level and
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Table 1: Classification performance under participant-
independent LOPOCYV with undersampling. For each model,
both window-level (WL) and participant-level majority vot-
ing (MV) scores are reported.

Model Level Acc. Prec. Rec. F1 Score

Extra Trees WL  0.671 0.649 0.646 0.647
MV 0.773 0.792 0.739 0.747

Linear SVM WL 0.638 0.615 0.614 0.614

MV 0.773 0.792 0.739 0.747
Logistic Regression =~ WL  0.643 0.622 0.622 0.622
MV 0.773 0.792 0.739 0.747

Random Forest WL  0.692 0.672 0.668 0.670
MV 0.773 0.792 0.739 0.747
LSTM WL 0.611 0.604 0.610 0.602
MV 0.545 0.514 0.513 0.509
MobileNet WL 0.605 0.590 0.593 0.590
MV 0.682 0.677 0.645 0.646
MobileNetV2 WL 0.572 0.561 0.564 0.559
MV 0.591 0.571 0.568 0.569
MobileNetV3 WL 0.589 0.570 0.572 0.571

MV  0.727 0.724 0.701 0.705

Novice 43.3% Novice 44.4%
n =454 n=4

©
Q
o
o
2
=

Experienced 23.1% Experienced 7.7% 92.3%

n =395 n=1 n=12

Novice Experienced Novice Experienced

Predicted label Predicted label

(a) Window-level (WL) (b) Majority vote (MV)
Figure 2: Confusion matrices for the window-level and
majority-voting Random Forest classifiers.

92.3% under MV), whereas the novice class is identified less consis-
tently (56.7% and 55.6%, respectively). This asymmetry indicates
that the visual behavior of experienced listeners is more distinctive
and easier to separate, which is consistent with the idea that exper-
tise produces structured, anticipatory gaze patterns rather than the
more variable behavior of novices.

Figure 3 presents the SHAP results for the Novice class (RQ2).
Among the top-ranked features, fixation-duration descriptors (max-
imum fixation duration) emerge as strong contributors to the pre-
diction, together with saccade-duration features. The direction of
these attributions shows that experienced and novice listeners oc-
cupy clearly different regions of the feature distribution. A plausi-
ble interpretation is that novices, who cannot fluently follow the
printed score with their eyes, tend to fixate on a single point for
longer, yielding larger maximum fixation durations, whereas ex-
perienced listeners distribute their gaze and shift it in anticipation
of upcoming musical structure. The dominance of musically and
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random_forest, undersampling: SHAP for Novice
High

sma_xy ¢
saccade_duration_min
saccade_duration_max
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Feature value
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-0.05 0.00 0.05 0.10 0.15

SHAP value (impact on model output)

Figure 3: SHAP beeswarm plot for the Novice class.

physiologically plausible gaze features, rather than spurious cues,
supports the validity of the model’s decisions.

Taken together, these results suggest that classical-music lis-
tening expertise can be estimated from non-contact, RGB-camera-
based gaze information, and that the cues driving the estimation cor-
respond to interpretable differences in fixation and saccade behav-
ior between experienced and novice listeners in our score-viewing
setting.

6 Conclusion

We presented CLEG, a protocol for estimating classical-music listen-
ing expertise from non-contact, RGB-camera-based gaze sensing.
Using Gaze-LLE gaze streams and sliding-window gaze features,
a Random Forest classifier separated experienced from novice lis-
teners with an F1 Score of 0.670 at the window level and 0.747
with per-participant majority voting, exceeding the chance baseline
under LOPOCV. SHAP analysis indicated that maximum fixation
duration was the main contributor, suggesting a difference in how
novices and experienced listeners distribute gaze during listening.
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