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Abstract
Virtual Reality (VR) technologies provide interactive experiences
capable of evoking a wide spectrum of emotional responses from
users. However, there is a notable scarcity of VR-based multimodal
emotional response datasets designed to enhance the accuracy of
emotionally immersive film and television productions. To address
this gap, we conducted a study to develop a comprehensive, multi-
modal, annotated dataset capturing users’ affective, physiological,
and behavioral responses to 360° panoramic videos in immersive VR
environment. Our dataset specifically focuses on two age groups:
adults and minors. The dataset collection process involved gath-
ering participants’ self-reported emotional responses alongside
objective measures, including behavioral data (e.g., head move-
ments and gaze patterns) and physiological data (e.g., heart rate
and skin conductance signals). To analyze the data, we employed
subject-independent baseline classification algorithms to evaluate
the usefulness of the dataset for emotion analysis. Furthermore,
we assessed the consistency of participants’ interactions with spe-
cific regions of the 360° panoramic videos across experimenters,
and examined the correlation between physiological data and self-
reported emotional responses. This publicly available multimodal
dataset provides a valuable resource to facilitate numerous future ef-
forts on VR-based affective computing research and on tailoring VR
content to diverse audiences based on emotional and demographic
profiles.

Keywords
Emotional arousal, user perception, affective computing, physio-
logical signals, multimodal datasets, 360° panoramic video, virtual
reality experience.
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1 Introduction
In recent years VR technology has seen extensive applications,
particularly through the widespread adoption of 360° VR content
viewing via head-mounted displays (HMDs). This technology has
demonstrated significant potential across various sectors, including
gaming [21], film [16], tourism [15], and streaming platforms. As a
new form of multimedia, 360° VR allows the viewer to freely rotate
his/her head and eyes, thus providing more immersive experience.
Such immersive interactions not only increase the engagement
and immersion of the content, but also trigger strong emotional
resonance.

The expression of human emotions is heavily dependent on
ocular features, head movements, vocal qualities, and body ges-
tures [20]. Notably, the eyes, often called the windows to the soul,
play a crucial role in conveying emotions. Recently researchers
have begun collecting physiological signals to analyze human emo-
tional states using sensors. For example, eye and head movements
can be used to infer emotional changes [12, 49]. Galvanic skin
responses (GSR) [11, 27] reflect an individual’s mental state by mea-
suring fluctuations in skin conductance, while electrocardiograms
(ECGs) [17, 25] reveal emotional variations through the change
of heart rates. These techniques offer new tools for investigating
human emotions. However, emotions are essentially subjective, and
the emotional responses of individuals may not always manifest
outwardly. In addition, significant age-related differences exist in
emotional responses to the same stimuli. As highlighted in prior re-
search [44], current 360° video emotion datasets do not adequately
represent various age groups, leading to incomplete understanding
of emotional responses across ages.

To address this gap, our study focuses on collecting a comprehen-
sive dataset (called the MERD-360VR dataset) comprising eye and
head movements, physiological data, and questionnaire responses
from both minors and adults as they engage with immersive 360°
VR content. This dataset enables us to investigate emotional and
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behavioral differences across age groups while uncovering the un-
derlying mechanisms of emotional responses in VR environments.
Given the rapid fluctuations in emotions [23], we have accounted
for the potential comprehension challenges faced by minors and pri-
oritized improving the efficiency of data collection [14]. To achieve
this, we used a method that improves the accuracy of capturing user
emotional responses, thus increasing the reliability and practical
value of the collected data. This dataset can serve as a valuable
resource for advancing VR-based affective computing research.

The main contributions can be summarized as follows.
• We introduced a new, publicly available, multimodal dataset

(MERD-360VR) containing both the subjective emotional re-
sponses and objective behaviors of users who immersively
view 360° videos in VR environment, including self-reported
emotional responses, head movement and gaze, ECG data,
and GSR data.

• We conducted statistical analysis on self-reported emotion
responses, physiological data, and behavioral data, for two
different age groups.

Our dataset is a valuable resource for affective computing, en-
abling studies of transient behavioral/physiological responses and
emotional states in 360° panoramic video applications on HMDs. It
also supports in-depth analysis of 360° visual attention modeling
and exploration of the relationship between behavioral/physiological
signals and emotions across age groups [43], enhancing understand-
ing of human emotion elicitation and analysis. The full MERD-
360VR dataset and comprehensive documentation are available on
GitHub ( https://qiangchen-cg.github.io/ or https://drive.google.com
/file/d/1aI9KqXMiDMDnbweoKTGnKSsx6FGru0tb/view).

Figure 1: Pipeline of our dataset collection and processing

2 RELATEDWORK
Emotions are subjective experiences arising from physiological and
psychological responses [26]. They are integral to human life, in-
fluencing learning, expression, cognition, social communication,
decision-making, and memory formation [39, 46]. The generation
and recognition of emotions have been central to research in human-
computer interaction (HCI) and VR, with emotion recognition play-
ing a critical role in affective computing applications such as facial
recognition, mental health assessment, and interpretation of human
behavior [45].

To study and elicit emotions, researchers have developed vari-
ous models to quantify and characterize emotional states. Notable
models include Plutchik’s Wheel of Emotions [22], the Tree of Emo-
tions [1], and the Circumplex Model of Affect (CMA) [24]. The
CMA evaluates emotions using three dimensions: valence (positive

or negative emotions), arousal (emotional intensity), and dominance
(the sense of control over emotions). Emotion induction in many
studies typically involves presenting participants with emotional
stimuli, such as audio [32] or video clips [40]. However, these tra-
ditional methods are non-immersive and limited in their ability to
fully engage participants.

VR has become a powerful tool for emotional engagement, pro-
viding immersive 3D environments where users achieve full sensory
immersion via HMDs [2]—environments especially effective at in-
ducing and amplifying emotional responses [44]. Despite rising
interest in VR-based emotion studies, there is a notable lack of
public datasets tailored to them; many existing VR datasets focus
mainly on visual saliency detection in computer vision. While re-
searchers have recently recognized the value of integrating eye
movement trajectories, head movement data, and physiological
signals for understanding emotions, existing datasets are broadly
divided into two categories: 360° panoramic static datasets and 360°
panoramic dynamic datasets (the latter including immersive 2D
flat video and 360° panoramic video datasets). This gap in compre-
hensive VR-based datasets underscores the need for more holistic
resources that combine emotional stimuli, behavioral data, and
physiological measurements to advance the field.

360° Panoramic Static Datasets. Tang et al. [37] conducted an ex-
periment with 19 participants who viewed 360° panoramic images
across various VR scenarios. They collected both eye movement tra-
jectories and self-reported emotional responses to the stimuli. This
dataset provides detailed emotional ratings for each image, making
it a valuable resource for emotional and psychological research. Sim-
ilarly, Riva et al. [31] explored users’ emotional responses —specif-
ically anxiety, relaxation, and neutrality — within three different
VR park scenarios. Additionally, Lo et al. [19] presented a series of
studies on emotion recognition, where physiological data, including
sensor readings, were collected from 50 participants after viewing
panoramic images and other stimuli. These datasets contribute
valuable insights into emotion induction in static VR environments.

360° PanoramicMotion Datasets. Li et al. [18] used 360° panoramic
videos and the Self-Assessment Manikin (SAM) scale to evaluate
emotions, recording users’ head movements, emotional arousal,
and valence while they watched 73 videos. Similarly, Xue et al.
[44] had participants wear a Vive Pro Eye headset to view 8 val-
idated emotional 360° video clips, continuously annotating their
valence and arousal while collecting physiological responses (e.g.,
heart rates, skin temperatures, electrodermal activities); they also
gathered self-reports on momentary emotions, motion sickness,
presence, and workload from 32 participants aged 18–33. Suhaimi
et al. [35] developed a VR-based emotion recognition dataset using
EEG, with low-cost wearable VR-EEG headsets to classify emotional
states via brainwave patterns, involving 32 healthy participants
(7 females, 25 males) aged 23–45. Further, Tabbaa et al. [36] intro-
duced the VREED dataset, which combined behavioral signals (head
movements, eye movements, pupillometry) with physiological re-
sponses (heart rates, skin temperatures, electrodermal activities)
and EEG brainwave data, serving as a useful resource for emotion
recognition research.

Existing 360° panoramic video-based emotion induction methods
have limitations: small samples, poor scalability, insufficient diverse
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age representation, lack of behavioral/physiological data, and ab-
sence of post-experiment emotional perception questionnaires in
many datasets. To address these, this work presents a multimodal
dataset for age-specific emotional responses, featuring 18 partially
validated 360° VR videos (six basic emotions) and collecting phys-
iological signals, behavioral data, self-reported emotion ratings,
and post-experiment questionnaires from participants across age
groups.

3 MERD-360VR Dataset Collection
In this section, we describe the experimental protocol employed
to view immersive 360° panoramic videos while simultaneously
tracking and collecting multimodal physiological and behavioral
data to analyze viewers’ emotional responses in VR environment.
Our experimental procedure is described below and illustrated in
Figure 1.

We developed a custom scene in the Unity Engine to display 360°
panoramic videos. Participants viewed a total of 18 emotionally
evocative 360° panoramic videos using an HTC Vive Pro Eye head-
set. The headset includes an integrated Tobii Pro eye tracker with
a sampling frequency of 120 Hz and an accuracy of 0.5°. It offers
a 2K resolution, a refresh rate of 90 Hz, and a 120° field of view.
The participants comfortably sat while viewing the stimuli, and the
headset passively recorded their head and eye movement data.

In addition to the headset, participants wore BMD101 ECG sen-
sors on their chests and GSR sensors on their fingers to record
physiological signals. These sensors are illustrated in Figure 1. The
BMD101 ECG sensor features a 16-bit analog-to-digital converter,
enabling real-time measurement of heart rate, heart rate variabil-
ity, respiration rate, relaxation levels, and average heart rate. The
GSR sensors, operating at a voltage of 3.3V/5V with a sampling
frequency of 193 Hz, recorded electrodermal activity (EDA) data.

Participants used a VR controller to randomly select and play 360°
panoramic videos in the VR environment. After viewing each video,
they were prompted with questions to assess whether an emotion
was induced, the specific emotion, and its intensity. Specifically,
participants responded to three groups of questions:

• Emotion Induction: Was an emotion induced? The op-
tions included positive emotion, negative emotion, or none.

• Emotion Type: If an emotion was induced, which emotion
was it? The options included anger, sadness, fear, disgust,
happiness, and surprise.

• Emotion Intensity: To what extent was the emotion ex-
perienced? This was recorded using a 5-point Likert scale,
where 1 indicates the lowest intensity and 5 indicates the
highest intensity.

Participants were allowed a short break between videos to calm
down before viewing the next one. This process resulted in the
collection of both annotated emotional data and corresponding
physiological signals.

After completing the experiment, participants were immediately
asked to fill out a questionnaire designed to evaluate their expe-
riences during the study. This included assessing symptoms of
motion sickness, describing their overall experience, and sharing
their perspectives on any emotional challenges encountered. These
responses were used as subjective measures in our data analysis.

Motion sickness was specifically assessed using the widely used
Simulator Sickness Questionnaire (SSQ) [6].

3.1 Stimuli
To collect data, we prepared 360° panoramic videos to induce mood
swings—each with unique visual elements for easy immersion. For
stimuli, we classified 360° videos by six basic emotions (happy,
surprised, sad, angry, fearful, disgusted), selecting representative
samples from public databases [36, 44] and 1080p clips with agreed
emotion labels from YouTube. We chose 3 videos per emotion,
totaling 18 clips. All included background music; 17 lasted 1 minute,
and 1 lasted 3 minutes.

Figure 2: Boxplots of the emotion ratings by the adult group
(top) and the minor group (bottom) ratings for the 18 videos
in the study. The vertical coordinate Y denotes the level of
emotional arousal while watching each video, and the hori-
zontal coordinate X denotes the 18 used videos. The Length
is determined by the distribution of the upper and lower
quartiles. The top, bottom and middle lines of the box plot
represent the top and bottom edges of the data and the me-
dian, respectively.

3.2 Participants
A total of 62 participants, including 31 females and 31 males, par-
ticipated in our study. The group comprised 21 elementary school
students aged 9 to 11 years (11 females and 10 males) and 41 college
students aged 18 to 30 years (20 females and 21males). None of them
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had prior experience with computer animation or simulation. They
were monetarily compensated for their participation. All of them
had normal corrected vision and were not color blind, and more
than 80% of them had fewer than three VR viewing experiences
previously.

4 Dataset Analysis
4.1 Comparative Analysis of Emotion Ratings
We conducted comparative analyses by dividing participants into
adults and minors. Both groups were assessed using two-way ran-
domization, absolute consistency, and mean Intraclass Correlation
Coefficients (ICC) [3]. 41 adults were used for mood rating assess-
ment. The mean ICC results across the 18 videos demonstrated that
adults exhibited very good reliability in potency ratings, with an
overall mean ICC of 0.75 (p < 0.05). Similarly, 21 minors were used
for mood ratings, and their mean ICC results for the same 18 videos
indicated good reliability, with an overall mean ICC of 0.60 (p <
0.05).

Figure 2 presents box plots illustrating the video mood ratings.
Upon analysis of the box plots, we observe that adults were rela-
tively conservative in their ratings compared to minors. This sug-
gests that emotional fluctuations experienced by adults while watch-
ing the videos were less pronounced than those experienced by
minors. For neutral emotions, adults were more likely to report
feeling no emotion, which may be linked to individual preferences
and levels of acceptance. In contrast, minors rarely reported a lack
of emotional response during the experiment.

These findings collectively suggest the following: First, themethod-
ology for video emotion ratings demonstrates a high degree of
consistency and reliability. Second, emotional perception and fluc-
tuations are more pronounced in minors compared to adults, high-
lighting age-related differences in emotional responses.

4.2 Head Movement Data Analysis
When viewing 360° videos in VR environment, head movement
(HM) reflects the dynamic viewports of the participant [41]. As
shown in Figure 3, we generated HM saliency maps for various
videos based on the combined gaze sample points of 62 participants
in our study. Six images, representing the six basic human emotions,
are selected for display. All HM saliency maps are presented in an
equirectangular format, with the Y-axis indicating the pitch angle
of the head and the X-axis representing the yaw angle of the head.

When viewing 360° panoramic videos, existing studies [10, 42]
reported that human attention tends to be strongly front-biased and
equator-biased. To address the biases, some previous studies [44]
used calibration of equipment during initialization to mitigate its
effects. In our study, we instructed the participants to look straight
ahead and adjust their viewing angles at the start of the experiment.

From Figure 3, we observe that most participants’ attention re-
mained concentrated near the equator while watching the videos.
However, certain stimuli caused notable deviations. For example, in
the case of a Disgust video featuring a cockroach, the attention of
the participants shifted toward the top and bottom regions, indicat-
ing avoidance behavior. In contrast, the Fear video, which features
a shark, captured the participants’ attention predominantly on the
shark itself.

Positive emotion videos such as Happy and Surprise exhibited
more pronounced shifts in attention. For example, in a Happy video
featuring SpongeBob SquarePants, the participants’ attention fre-
quently shifted to the right, likely due to the character’s continuous
forward motion. Similarly, in the Surprise video involving pris-
oners, the participants focused on dynamic elements, resulting in
noticeable shifts in their attentional perspective. In comparison,
videos depicting Anger and Sadness prompted less dramatic atten-
tion shifts. The participants mainly focused on the movements of
the characters and the narrative content within these videos.

These findings highlight that the combination of emotional con-
tent and video stimuli significantly influences participants’ viewing
angles and attentional focus. Different emotional responses elicited
by the videos result in heterogeneous patterns of attention distri-
bution.

4.3 EDA Data Analysis
We also performed a quantitative analysis of the recorded EDA data.
First, we followed the methodology outlined in previous work [48]
to process the data for each participant who watched the videos.
This included denoising, adjusting, and improving the data, as well
as normalizing the physiological signals for each psychological
state.

Previous studies [13, 47], heart rate (HR) data effectively reflects
time-domain changes, so we used mean HR as the key analysis
feature [48]. As shown in Figure 4, we processed and compared
minors’ and adults’ HR data; violin plots showmeanHR distribution
across 18 videos for each age group, with a horizontal center line at
0 for easy comparison. Consistent with [44], we found no significant
physiological differences across video types, possibly because most
emotionally stimulating videos (around 1 minute) were too short to
induce strong emotional effects. Additionally, standardized analysis
of videos with inconsistent lengths is challenging, and prolonged
VR viewing may increase participant stress, workload, or 3D vertigo
[5].

Despite these limitations, Figure 4 shows that psychological
traits can effectively characterize specific types of emotional videos.
Our study revealed instances where higher rated videos (associated
with higher arousal emotions) corresponded to greater HR changes
compared to lower rated videos. We use a "V" followed by a number
to represent the NTH video, and the number in parentheses repre-
sents the degree of emotional arousal collected using the 5-point
Likert scale. For example, in the adult panorama V5 (V=3.93) and the
minor panorama V12 (V=4.19) — the highest rated videos in their
respective age groups — these videos also exhibited the highest
mean HR values. Furthermore, we observed that minors generally
had higher mean HR values compared to adults. This suggests that
minors may be more sensitive to emotional stimuli.

4.4 GSR Data Analysis
As shown in Figure 5, we plot the frequency histograms of the
distribution of the participants’ mean GSR values in different emo-
tional states. We also plot the corresponding kernel density curves.
Also, as shown in Figure 6, we plot the mean GSR values against
the emotional arousal levels and calculate the Spearman correlation
coefficient for the entire dataset. According to the previous study
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Figure 3: Six basic emotion sample frames with the saliency maps from 62 participants, where the Y-axis and X-axis denote the
yaw and pitch angles of the head motion, respectively.

in [38], the ranking of videos based on averaged arousal ratings
aligns closely with their ranking based on averaged GSR values.
We verify this observation using our selected six videos (Figure 6).
Additionally, we calculate the Spearman correlation coefficient (CC)
between the mean GSR values and their corresponding emotional
arousal ratings. The Spearman correlation coefficient 𝜌 is found to
be 0.94, with a p-value of 0.004, indicating a strong and statistically
significant correlation.

Table 1: Questions included in the post-study questionnaire

Question Answer

1. How influence do you think
background music has on emotional arousal? 1-5 points

2. Do you think age affects
the expression of one’s emotions? Yes/No

3. Do you think negative or
positive emotions affect you more? Yes/No

4. Do you think gender can
affect a person’s mood? Yes/No

5. For the six emotions you experience,
which one(s) do you think have the greatest
impact on you?

Happy/Surprise/Sad/
Fear/Anger/Disugst

4.5 Questionnaire Response Analysis
We collected post-study questionnaire responses from a total of 62
participants, all of whom reported experiencing emotional changes
during the experiment. The majority also indicated that they did
not feel any discomfort during participation. The questionnaire

contains five questions, as shown in Table 1. Figure 7 presents an
analysis of the questionnaire responses across different age groups.

In general, 70.71% of the participants stated that negative emo-
tions had the most significant impact on their moods, while more
than 58.20% identified happiness or fear as the most influential emo-
tions. Among minors, 61.91% believed that positive emotions had
the greatest impact, with more than 56.12% specifically highlight-
ing happiness or fear as the most influential. In contrast, 75.11%
of adults reported that negative emotions had the strongest effect,
with more than 59. 24% also emphasizing happiness or fear as the
most impactful.

Regarding the influence of background music on emotions, both
minors and adults exhibited similar responses. 61.26% of the par-
ticipants believed that background music had a strong emotional
effect, while 25.13% considered its impact significant. In particular,
none of the participants believed that the background music had
no effect on emotions.

When examining the effects of age and gender on emotional
expression, 85.51% of the participants believed that age played a
significant role, while 68.42% felt that gender also had a strong
influence.

During follow-up discussion with the participants, minors gen-
erally reported that animated cartoon videos elicited stronger emo-
tional responses, whereas adults found that more realistic videos
had a greater impact on their emotions.

5 Experiments
To enable further analysis of the validity and reliability of our
dataset, in this section we provide baseline classification experi-
ments based on state-of-the-art machine learning algorithms, as
well as ablation study experiments.

5.1 Classification Experiments
5.1.1 Classification Tasks. Our baseline experiments are inspired
by previous work [29]. Two main tasks were tested on our dataset:
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Figure 4: Heart rate characteristic distributions of the adult
(top) and minor (bottom) groups across the 18 panorama
videos, where the Y-axis represents the distribution of the
experimenters’ mean heart ratesmapped to the interval from
-3 to 3, and V1 to V18 on the X-axis represent the 18 videos
used in our study. The dotted line in the middle is used as
a marker for comparison between the different graphs, the
width of the graphs represents the density of the mean heart
rate distribution.

(a) (3-class classification) Ternary classification of positive, negative,
and neutral, and (b) (7-class classification) a heptadic categoriza-
tion based on the six basic human emotions plus neutral: happy,
surprised, fear, disgust, sadness, anger, and neutral.

Table 2: Classification performance comparisons among tra-
ditional machine learning methods. “DT" denotes the deci-
sion treemethod and “RF" denotes the random forestmethod.
The best result for each metric is highlighted in bold.

3-Class 7-Class

ML-Classifier ACC PRE REC ACC PRE REC

KNN 60.27% 50.60% 0.40 50.23% 33.13% 0.32
DT 68.95% 47.51% 0.48 53.88% 44.87% 0.47
RF 66.67% 45.10% 0.46 48.40% 46.81% 0.40

Figure 5: The frequencies of different mean GSR values when
participants had different emotional states. The color kernel
density curves represent the fluctuations of the distributions
for different emotions.

Figure 6: Plotting of the relation between the mean GSR val-
ues and emotional arousal levels for the full range dataset.
The X-axis represents the subjective emotional arousal rat-
ings of the experimenters, and the Y-axis represents the nor-
malized mean GSR values.

Figure 7: Visualization of the post-study questionnaire re-
sponses. The visualizations from top to bottom correspond
to the responses to the questions 1 to 5 in Table 1.

5.1.2 Classification and Evaluation Methods. Classical machine
learning methods (including deep learning algorithms) have been
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Figure 8: The confusion matrices of the classification results
(left: 3-class classification; right: 7-class classification) by the
decision tree algorithm.

Table 3: Classification performance comparisons of the CNN
and LSTMmethods. The best result for each metric is high-
lighted in bold.

3-Class 7-Class

DL-Classifier ACC PRE REC ACC PRE REC

LSTM 60.27% 41.86% 0.41 31.51% 13.54% 0.17
CNN 61.19% 41.39% 0.42 37.44% 29.21% 0.26

Table 4: Ablation study results. “Physio" denotes physiologi-
cal signals, “AS" denotes age and sex features, and “HM/EM"
denotes behavioral signals. The best result for each metric is
highlighted in bold.

3-Class 7-Class

ACC PRE REC ACC PRE REC

Physio+AS 54.71% 36.36% 0.36 26.01% 25.46% 0.16
HM/EM 59.36% 40.40% 0.40 29.22% 12.55% 0.19
HM/EM+Ph+AS 60.27% 50.60% 0.40 50.23% 33.13% 0.32

used to classify emotions based on our dataset. Specifically, we
tested the following methods: Nearest Neighbor [9], Decision Tree
[33], and Random Forest (RF) [34], Convolutional Neural Networks
(CNN), and LSTM Neural Networks.

We first preprocessed the data to eliminate missing and prob-
lematic entries. Then, we extracted some features from the data.
Inspired by previous studies [43], we extracted the following fea-
tures from behavioral and physiological signals, including the mean,
median, standard deviations, first order and second order differen-
tials of the pitch/yaw angles of head movement. We also extracted
features from the collected physiological GSR and EDA signals,
including the raw value, mean, standard deviations, and first order
and second order differentials. Also, the extracted features from
heart rate data include maximum, mean, and acceleration mean
values.

The specific network architectures of the two deep learning
methods (CNN-based and LSTM-based) are described below. Both
of them are two-layer convolutional neural networks consisting of
a convolutional layer, an activation layer, and a pooling layer. The
number of neurons is 16, the maximum number of training rounds

is 70, and the batch size is set to 50. During the training process, the
feature selection of all the methods was carried out by adopting an
L1 paradigm for the selection of the ten most significant features.
The ratio among the training set, the validation set, and the test set
is 7:1:2. In order to ensure the robustness of the experimental results,
we conducted a ten-fold cross-validation for all the methods.

Finally, in order to evaluate the performance of these methods,
we chose three widely-used metrics to assess their quantitative
performances: (1) accuracy (ACC), which is used to measure the
proportion of correctly predicted samples to the total samples; (2)
precision (PRE), which is used to measure the proportion of samples
predicted to be a positive class that are actually positive; and (3)
recall (REC), which is used to measure the proportion of samples
actually predicted to be a positive class that are actually positive.

5.1.3 Classification Results. The classification results by selected
traditional machine learning methods are shown in Table 2. In the
three-class classification case, the decision tree method achieved
the highest accuracy (ACC) and recall (REC) rate, and the KNN
method has the highest precision (PRE). In the seven-class classifi-
cation case, the decision tree method achieved the highest accuracy
and the recall rate. Figure 8 shows the confusion matrices of the
classification results by the decision tree algorithms. Table 3 shows
the classification results by the two selected deep learning methods.
In general, the CNN method performed better, with a slightly lower
accuracy than LSTM in the three-class classification task, while
having other higher metrics than LSTM in all other cases.

5.2 Ablation Study
In order to analyze the significance of different data modalities for
classifications, we performed an ablation study using the nearest
neighbor method to assess the impact of physiological data (Physio),
behavioural data (HM/EM), and age/sex information (AS) in both
the tri- and hepta-classification tasks.

As shown in Table 4, when physiological or behavioural data
were used alone, both performed relatively close to each other in
terms of classification performance, and no significant differences
was presented in either the three- or seven-classification tasks.
This suggests that it is difficult to achieve a significant advantage
in the classification tasks by relying only on information from a
single modality. However, when all the modalities are fused, the
classification performance is significantly improved, especially in
the seven-classification task, where all of ACC, PRE, and REC are
improved substantially. This result suggests that although there is
no significant difference between the individual performances of
physiological signals and behavioral data, the combination of the
two can effectively improve the classification accuracy. Meanwhile,
this also further validates the advantages of multimodal data fusion
in emotion classification tasks [7].

5.3 Discussion
First, from the quantitative analysis of our dataset, we demon-
strate that the emotion-level rating method used in our study is
highly consistent and reliable with the expected attributes of the
selected videos. Additionally, we observed that minors exhibit more
pronounced emotional perception and fluctuations compared to
individuals of different age groups.
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Second, saliency maps based on head movement among viewers
reveal distinct patterns, with variations in emotional responses and
viewing behavior influenced by the content of the videos. Different
emotional triggers lead to heterogeneous viewing perspectives
and attentional focus. Our findings align with previous studies
[10, 42, 44], confirming a similar front-and-center bias in saliency
maps.

Third, an analysis of physiological data indicates a strong cor-
relation between emotional ratings and heart rates. Specifically,
when a video is reported as highly emotionally arousing, heart
rate values tend to increase for most participants [44]. In addition,
minors generally have higher mean heart rate values compared
to adults. Consistent with a previous finding [38], we found that
the ordering of mean graded arousal in videos closely aligns with
the ordering of mean GSR values. In addition, emotional arousal
ratings and GSR signals show a positive and statistically significant
correlation.

Fourth, the responses to the post-experiment questionnaire high-
light key differences in emotional sensitivity between age groups.
Minors tend to be more responsive to positive emotions, while
adults are more sensitive to negative emotions. Fear, however, has
a strong emotional impact across both age groups. The participants
agreed that background music, age, and gender influence emotional
responses. Furthermore, minors perceived animated cartoon videos
as more emotionally stimulating, whereas adults felt that videos
with a more realistic aesthetic had a stronger effect on mood.

6 Potential Research and Applications
Many potential research and applications can be developed based
on our MERD dataset. In the following, we describe some potential
research directions.

• Emotion-labelled Attention and Saliency Models. This dataset
can be used for in-depth study of attentional mechanisms
and emotion saliency models, and to analyse the relation-
ship between an individual’s attentional allocation and their
emotional state when viewing 360° panoramic videos. Com-
bining eye movement trajectories, head movements and
physiological signals can optimise emotion-driven visual
saliency prediction models and enhance emotion percep-
tion in VR and human-computer interaction systems [30].

• Multimodal Sentiment Analysis. Combining physiological
signals, behavioural data and demographic information,
multimodal sentiment analysis enables more accurate emo-
tion recognition. This dataset can be used to build cross-
modal emotion understanding systems, improve the robust-
ness of affective computing, and play a role in areas such as
mental health monitoring and intelligent recommendation.

• Reverse Mood Analysis. By analysing the patterns of physio-
logical signals over time, the patterns and triggers of mood
fluctuations can be studied. Using time series modelling, we
could predict emotional transitions and apply them to per-
sonalised emotional intervention, emotionally adaptive VR
experiences, and intelligent feedback systems to improve
emotional prediction and regulation.

• Demographic-based Emotion Research. To study the emo-
tional, physiological and behavioural changes of different

age and gender groups in 360° panoramic videos, and to
explore the impact of demographic factors on emotional re-
sponses. The dataset can be used to construct personalised
emotion prediction models to facilitate accurate emotion
calculation and personalised interaction systems.

• Advanced Feature Fusion and Model Optimisation. Further
explore multimodal feature fusion strategies to optimise
the generalisation capability of emotion recognition us-
ing deep learning. Combined with self-supervised learning,
multi-task learning and other methods, the cross-scene
adaptability of the model could be improved to support
the application of AI in affective computing, mental health
assessment, and intelligent interaction.

7 Safe and Responsible Innovation Statement
TheMERD-360VR dataset will bemade publicly available onGitHub
upon publication to support reproducibility and encourage research
in affective modeling, sentiment analysis, and VR content cus-
tomization. This study was conducted in accordance with insti-
tutional policies, and per the lead author’s institution, it qualifies
for exemption from IRB review. The dataset will be released with ac-
companying documentation outlining consent procedures, privacy
protections, and usage limitations. We acknowledge the potential
for misuse in emotionally manipulative applications and encourage
future users to consider ethical deployment, inclusivity, and bias
mitigation when leveraging this resource in multimodal interaction
systems.

8 Conclusion
We introduce a multimodal dataset for age-specific emotional per-
ception in panoramic virtual videos, collecting objective (physi-
ological, behavioral) and subjective data from participants, with
accompanying data analysis and classification experiments. How-
ever, the dataset has limitations: first, 360° video selection is con-
strained by scarce public databases with validated emotion labels,
and varying video emotional content may weaken uniform par-
ticipant responses; second, the experimental setup—requiring VR
headsets plus GSR/EDA sensors—may cause discomfort and limit
non-laboratory use [8], though sensor advances could expand appli-
cations beyond clinical settings; third, EEG data was not collected
due to challenges in obtaining stable, high-quality signals with
HMDs [17]; finally, certain groups (e.g., individuals with depression
[28]) may struggle to report emotions, risking mismatches between
self-assessments and physiological responses. In sum, the MERD
dataset fills gaps in emotion computation research on age-related
physiological/behavioral response differences and supports future
VR-based emotion prediction and perception studies [4].
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