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Abstract

Understanding affect is central to anticipating human behavior, yet current egocen-
tric vision benchmarks largely ignore the person’s emotional states that shape their
decisions and actions. Existing tasks in egocentric perception focus on physical ac-
tivities, hand-object interactions, and attention modeling—assuming neutral affect
and uniform personality. This limits the ability of vision systems to capture key in-
ternal drivers of behavior. In this paper, we present egoEMOTION, the first dataset
that couples egocentric visual and physiological signals with dense self-reports of
emotion and personality across controlled and real-world scenarios. Our dataset
includes over 50 hours of recordings from 43 participants, captured using Meta’s
Project Aria glasses. Each session provides synchronized eye-tracking video, head-
mounted photoplethysmography, inertial motion data, and physiological baselines
for reference. Participants completed emotion-elicitation tasks and naturalistic
activities while self-reporting their affective state using the Circumplex Model and
Mikels’ Wheel as well as their personality via the Big Five model. We define three
benchmark tasks: (1) continuous affect classification (valence, arousal, dominance);
(2) discrete emotion classification; and (3) trait-level personality inference. We
show that a classical learning-based method, as a simple baseline in real-world
affect prediction, produces better estimates from signals captured on egocentric
vision systems than processing physiological signals. Our dataset establishes emo-
tion and personality as core dimensions in egocentric perception and opens new
directions in affect-driven modeling of behavior, intent, and interaction.

1 Introduction

Egocentric vision systems are well positioned to capture the signals for modeling human attention,
interaction, and behavior in real-world environments. Benchmarks in this area have driven advances
in action recognition [15], object manipulation [31, 48], gaze prediction [25], and interaction un-
derstanding [17, 18]. These tasks focus on what people do and attend to, using first-person visual
input to model external behavior [17, 18, 38]. Such progress has expanded the scope of perception
systems, in domains such as Mixed Reality [23, 40], front-line productivity work [9], and context-
aware interaction [5, 19]. However, current benchmarks overlook internal states like emotion and
personality that shape these behaviors, implicitly assuming affect-neutral and behaviorally uniform
participants [ 18], ignoring individual differences. This limits how egocentric systems can model
behavior that depends on mood, arousal, or personality traits [17]. Tasks involving decisions [45],
social interaction [17], and memory [47] require grounding in affect. We argue that without such
affective modeling, emerging egocentric platforms cannot fully understand human behavior.
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Figure 1: egoEMOTION is a multimodal emotion and personality recognition dataset that
captures participants’ facial, eye-tracking, egocentric, and physiological signals during induced
video stimuli and naturalistic real-world activities. Participants reported their emotions via emoti-
SAM [20] and a weighted Mikels’ Wheel [4 1], and their personality using the Big Five model [10].

In this paper, we present egoOEMOTION, a dataset for affect and personality recognition from ego-
centric visual and physiological signals. Our dataset thus addresses the current gap in egocentric
vision by supplying emotional and trait labels grounded in self-reports. egoEMOTION comprises
synchronized multimodal data during both emotion-elicitation protocols and naturalistic tasks, such
as watching video clips, painting, playing social and video games. Each session captures a par-
ticipant’s eye-tracking video, inertial motion (IMU), outward point-of-view (POV) camera, and
photoplethysmogram (PPG) to gauge cardiac activity from Meta’s Project Aria glasses [13], as
well as physiological baseline measurements, including electrocardiograms (ECG), respiratory rates
(RSP), and electrodermal activity (EDA)—all suitable to extract indicators of a person’s affective
state [42, 62]. Participants reported their affect using the Circumplex Model [54] and Mikels’
Wheel [41] and assessed their personality using the Big Five model [10]. In total, our dataset spans
50 hours of recordings from 43 participants across varied emotional and social contexts.

We then define three prediction benchmarks—continuous affect regression, discrete emotion classifi-
cation, and personality inference— and provide baselines showing that egocentric signals, particularly
eye-tracking features, outperform traditional physiological baselines in real-world emotion prediction.
This highlights the promise of affective modeling from egocentric vision systems and establishes
egoEMOTION as a foundation for future research in this direction.

Collectively, we contribute:

1. the first multimodal dataset that uses an egocentric vision system for emotion and personality
recognition. Our dataset comprises both induced and naturalistic tasks that cover a wide range of
elicited emotions, while offering nuanced mixed-emotions self-reporting.

2. three benchmark tasks and associated baseline: valence-arousal-dominance, discrete emotion,
and personality recognition. Our results show that using features solely from egocentric vision
systems outperforms estimates from physiological signals.

3. an open-source release of our ethics-approved dataset and baseline implementations (23
ETHICS-008).

2 Related Work

Emotion elicitation can be either induced, using predefined stimuli like videos or sounds, or naturalis-
tic, arising spontaneously in real-life contexts. The terms in-the-wild, real-world, or naturalistic data
have been denoted to describe data collection when the experimenters do not control the emotion elic-
itation nor constrain the data acquisition [33]. These emotional responses may occur in either static
environments, where participants remain still (workplace, car, cinema), or ambulatory environments,
where data is collected during everyday activities [33].

Induced. Due to the challenges of collecting physiological data in real-world settings [43, 51, 59],
many emotion recognition studies have been conducted in controlled laboratory settings and have



Table 1: Comparison of public multimodal affective datasets.
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Datasets where participants were shown videos are classified as ‘induced’ elicitation.
A: Arousal, V: Valence, D: Dominance. BVP: Blood Volume Pressure (from PPG sensor).

used pre-selected video clips as emotional stimuli, as shown in Table 1. DEAP [26] collected
electroencephalogram (EEG), facial, and physiological data from 32 participants who self-reported
their emotions using valence-arousal-dominance (V-A-D) ratings after viewing 40 1-minute-long
music videos. MAHNHOB-HCI [60] collected signals similar to those of DEAP with the addition of
audio and eye gaze data. Their study gathered 27 participants who, after watching 20 short videos
in a first experiment, followed by 28 images and 14 videos in a second experiment, annotated their
emotions using V-A-D rating scales and emotional tags. ASCERTAIN [62] extended these studies by
using wireless physiological sensors and facial features from 58 participants, while also capturing
personality traits through the Big Five model [10]. AMIGOS [42] further advanced the field by
introducing group-based video viewing and assessing mood in parallel to emotions and personality.

Naturalistic. While controlled lab settings are useful for isolating variables and evaluating specific
emotions, their ecological validity is limited, raising concerns about real-world applicability [33, 57].
The G-REx [3], EmoPairCompete [ 2], and K-EmoCon [49] datasets naturally induced emotions in
participants through group movie sessions, solving puzzles in pairs, and paired debates, respectively.
BIRAFFE2 [29] exposed its participants to IAPS [32] visual and IADS [4] audio stimuli, followed
by three mini-quest video games. PPB-Emo [36] recorded participants in a driving simulator. While
these datasets have advanced emotion recognition in static real-world tasks, they remain limited in the
array of sensors used and their range of emotionally-diverse activities. To vary naturalistic emotions
recorded, emotion recognition has been investigated in ambulatory real-world settings, using mobile
phones to self-report emotions [27, 56, 57, 64] and personality [28]. However, these in-the-wild
studies face key limitations: self-reports are often infrequent and intrusive, the lack of known stimuli
hinders interpretation of physiological responses, and signal quality is affected by motion artifacts
and inconsistent sensor use.

Egocentric. The rise of mobile egocentric systems has enabled large-scale [2 1], in-the-wild datasets
such as EPIC-KITCHENS [11], Ego4D [17], Ego-Exo4D [ 18], and Nymeria [38], supporting tasks
like activity recognition and social behavior modeling. However, these datasets assume neutral
affect and lack emotional context, limiting their use for modeling user intent or emotion-driven
behaviors. Integrating emotion recognition could enable more affect-aware activity analysis and
adaptive human-Al interaction. In this context, the eye-tracking videos recorded with our glasses offer
a valuable modality for capturing users’ intrinsic emotional states during diverse real-world tasks.
MAHNOB-HCI [60] was one of the first datasets to introduce eye-tracking as a modality. While
emotion recognition using mobile eye-tracking systems has been explored [30, 46, 63], their datasets
were not made public and gathered few participants. To date, eSEE-d [58] is the only public dataset



Table 2: Summary of emotional elicitation tasks: induced (1-9) and naturalistic (10-16).

Activity ID Description Duration

Video Clips* 1-9 AnimalCruelty, AuroraBorealis, BearGrylls, CollegeAcceptance, 9 x 48 s
HarrySally, JoJoRabbit, LoveActually, MovingShapes, Psycho

Flappy Bird 10 Click to keep a bird flying through pipes. Restart upon failure. 4 min
Jelly Bean 11 Eat three unpleasant-tasting jelly beans. 2 min
Jenga 12 Remove blocks from a tower without collapsing it with experimenter. 5 min
Fainting 13 Paint with brushes and crayons, listening to Your Song (Elton John). 4 min
Sad Letter 14  Write a letter to someone lost, listening to Adagio for Strings. 4 min
Slenderman 15 Find eight pages in dark woods while escaping the Slenderman. 6 min
Try to Laugh 16 Take turns with experimenter telling pre-written jokes. 4 min

* A detailed description of the emotion-inducing video clips is presented Table 12 of Appendix A.

for emotion recognition using mobile eye-tracking. However, its limited four-emotion questionnaire,
absence of physiological signals, and controlled setup (e.g., chin rest) reduce its validity for real-world
applications. While heart rate can be estimated from facial videos [8, 52, 68], other physiological
signals, such as EDA, remain challenging to estimate [6, 7] but are significant for judging a person’s
emotional response [37]. Personality recognition from mobile eye-tracking systems has been explored
by Hoppe et al. [22] with participants walking on a university campus and Berkovsky et al. [2], in
which participants watched images from the IAPS dataset [32] in laboratory settings. Neither of these
studies recorded physiological signals, nor released their dataset.

3 egoEMOTION Dataset

Prior work on emotion and personality recognition using physiological sensors has typically focused
on affect, valence, and personality recognition—often in controlled lab settings with specialized
equipment. We go further by collecting detailed emotion self-reports alongside affect, valence, and
personality, across both induced and naturalistic tasks (see Figure 1). While our setup includes both
standard physiological sensors and an egocentric vision system, we show that egocentric video alone
is sufficient to enable practical, real-world applicability beyond traditional sensor-based approaches.

3.1 Dataset Design

3.1.1 Experimental Protocol

Upon arrival, we explained the study protocol and self-report questionnaires to the participants, asked
them to sign a consent form, and then equipped them with the sensors. The experimental protocol
(see Figure 1) consisted of two sessions (A and B) with a total of 16 different tasks. We conducted
the experiment in a regular office next to a window, with the experimenter seated behind a curtain
to avoid affecting participants’ emotional reactions. Before starting session A, each participant
performed an eye-tracking calibration. In session A, participants watched nine video clips (1 =48 s,
see Table 2) corresponding to the eight emotions from Mikels’ Wheel [41], plus a ninth neutral
emotion. All videos were extensively validated by previous work to elicit target emotions [60, 62].
Before each video clip, participants had to watch a 5-second video of a fixation cross to refocus their
gaze [42, 62]. In session B, participants conducted seven activities (see Table 2) that we selected to
reflect spontaneous everyday activities to further the study’s ecological validity [53]. We designed
the activities to minimize physical effort to avoid activity-induced variations in the recorded signals.
After each task in sessions A and B, participants self-reported their perceived emotions. They were
instructed to report their true emotion, not the one they perceived as being the ‘correct’ one. The
questionnaires completed, they watched a neutral video of clouds to mitigate any carry-over effect of
the previous emotional stimulus. The task order in both sessions was randomized for each participant.

3.1.2 Data Annotation

The experiment was performed on a graphical user interface coded using the PyQt5 Python library,
which would successively show washout, emotional stimulus, and self-report. For session B, the
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Figure 2: Data collection from the egocentric glasses and physiological sensors during each task with
their associated self-reports. Further information about the study protocol is available in Appendix A.

experimenter would explain and setup the upcoming activity once the washout video was completed.
Participants used their dominant hand to navigate through two questionnaires using a serial mouse.
The first questionnaire, built on the Circumplex Model of Affect [54], comprised a self-assessment
manikin (SAM) where participants reported the arousal (A), valence (V), and dominance (D) of their
emotion. We used the 7-point emoji-based emoti-SAM [20], which balanced response granularity
with cognitive load and was intuitive given the ubiquity of emojis. If SAM ratings are standard
in emotion recognition studies, they are usually reduced to binary labels (e.g., high / low), which
oversimplifies emotions. As exemplified in Figure 2, the distinct emotions of fear, sadness, disgust,
and anger all fall into the low-valence / high-arousal quadrant, making them difficult to distinguish.
Some studies have introduced binary emotional tags to address this [16, 42, 60], but these lack nuance,
particularly when mixed emotions are present, since each emotion carries equal weight in the analysis.

To gain nuance, we used as second questionnaire a weighted version of emotional tags. The
participants distributed 100% across nine emotions (eight from Mikels” wheel [41] plus a neutral
option) in increments of 10%, ensuring the weights sum to unity for every report. The emotions were
Amusement (Amu), Content (Con), Excitement (Exc), Awe, Fear (Fea), Sadness (Sad), Disgust (Dis),
Anger (Ang), and Neutral (Neu). This captured the relative emotional strength perceived by the user,
distinguishing between stimuli that have one dominating emotion and others where emotions are
more homogeneous. This annotation allowed complex emotions to be represented as vectors with
attributes such as polarity, type, intensity, similarity, and additivity, following Yang et al. [67]. It also
enabled identifying the dominant emotion, leading to a more precise 9-class classification.

Finally, participants filled in the Big Five Inventory-2 (BFI-2) personality questionnaire online [61]
before the experiment. The BFI-2 assesses five major personality traits: Extraversion (Ex), Agree-
ableness (Ag), Conscientiousness (Co), Negative Emotionality (NVE), and Open-Mindedness (OM).

3.1.3 Sensors

Our study used mobile wearable sensors to capture participants emotional responses, as shown in
Figure 1. We used the Project Aria glasses [13] for their significant promise in capturing ecologically
valid data that does not inhibit natural activities and behavior of the participants. Using the device’s
‘Profile 16, we recorded eye-tracking (ET) videos with a 640 x 480 pixel resolution per eye at
90 fps, egocentric vision through a 1408 x 1408 POV RGB camera at 10 fps, and head movements
through two IMUs sampling at 1000 Hz and 800 Hz. We supplemented the egocentric glasses with
an in-house nosepad PPG sensor sampling at 128 Hz. A Shimmer3 unit recorded PPG and EDA
signals at the ear and fingers, respectively, at 256 Hz. A 1024 Hz Movisens ECG4Move4 chest
belt measured the participant’s ECG data while a plux respiBAN respiratory belt measured their
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Figure 3: Participant self-reports across tasks. (a) Mean arousal-valence ratings. (b) Proportions
of discrete emotions reported in Sessions A and B. (¢) Boxplots of Big Five personality trait scores.

respiration pattern (RSP) at 400 Hz. We recorded participants’ facial expressions with a 60 fps
1280 x 720 webcam for external labeling of emotions.

3.2 Recruitment and Recording

We recruited 43 healthy participants, mostly students, voluntarily with a CHF 30 compensation. The
24 female and 19 male participants were between 19 and 29 years old (¢ = 26, o = 2). Based on
the Fitzpatrick scale [14], 3 participants had skin type I, 19 had skin type II, 9 had skin type III, 8
had skin type IV, and 5 had skin type V. Each participant was recorded in a single session that lasted
approximately 105 minutes. They had to confirm that they were not taking tranquilizers, psychotropic
drugs, or narcotics, and were not diagnosed with any cardiovascular disease. They were also informed
that they would have to carry two belts (ECG and RSP) on their chest. We ensured that all participants
had sufficient English proficiency to understand the videos that they were shown.

3.3 Dataset Composition

Participant recordings were cut to the duration of session A (x = 20 min) and session B (u = 49 min).
The dataset contains all raw sensor streams presented in Figure 2, each preserved at its sampling
frequency. Since all sensors were equipped with IMUs, they were synchronized at the start and end
of each experiment by simultaneously shaking them. This yields egoEMOTION, a dataset composed
of 43 participant recordings, each completing 16 emotional tasks. In total, the dataset offers over 50
hours of synchronized (90 Hz) multimodal data of egocentric and physiological signals. The dataset
is structured by participant, with each folder containing the corresponding sensor streams. The start
and end of each task were manually labelled to enable task-specific analyses.

4 Dataset Descriptives

4.1 Analysis of self-reports

Figure 3 shows the self-reports across all participants of (a) mean arousal-valence ratings for each
video clip and task, (b) discrete emotions (dominant emotion indicated above task), and (c) personality
traits. While participants reported a wide range of valence, arousal ratings were less varied and
consistently high across tasks. The video clips and naturalistic activities elicited a diverse range of
emotions (see Figure 3b). The naturalistic activities elicited stronger emotional responses, evidenced
by a lower proportion of neutral tags. More detailed information is provided in Appendix B.

4.2 Correlations

Figure 4 presents the Pearson correlation matrices between continuous affect self-ratings (A-V-D),
discrete emotions, and personality traits. Focusing on significant correlations, Co was negatively
correlated with both V and D. Ag showed a moderate positive correlation with A. The strongest
relationships for discrete emotions and personality were between Ag and Sadness and Disgust. The
correlations between discrete emotional states and the continuous affective dimensions were the
following: V was positively associated with Amusement and Content, while negatively associated
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Figure 4: Pearson correlations between self-reports. (a) continuous self-ratings and personality
scores (b) discrete emotions and personality scores (c) discrete emotions and continuous self-ratings.

with Disgust and Anger, aligning with expectations. D showed significant negative correlations with
Disgust and Anger, while A was positively linked to Excitement and Sadness. Appendix B contains
more details on the individual correlations between the self-reported annotations in Sessions A and B.

5 Baselines

To demonstrate the benefits of egoEMOTION and motivate follow-up research, we propose three
benchmarking tasks: predicting a participant’s self-reported affective state, discrete emotions, and
personality traits. We evaluate classical machine learning methods using data from wearable sensors
(ECG, EDA, RSP) and the Aria glasses (accelerometers, eye-tracking, nosepad PPG). We contrast
these classical methods with deep learning methods to highlight potential future research directions.

5.1 Feature Extraction

We extracted a total of 612 features from all data modalities (see Appendix C.1) across the duration
of each video clip in session A and each activity in session B . Following prior work, we extracted 77
features for ECG and PPG (green channel nose-pad PPG) [42], 31 features for EDA [42, 62], and 14
features for respiratory rate [26].

Pupil size was inferred over time from the eye-tracking video footage using an open-source eye-
tracking algorithm [24]. We also computed the mean pixel intensity of each eye for each video frame
as a basic visual descriptor. Additionally, we trained a Fisherface model (PCA followed by LDA) [1]
on each training split for each target variable (affective state, emotion, and personality), and used
it to project each video frame into a one-dimensional space. The resulting per-frame projections
(Fisherface features) were included in our analysis. We used the open-source eye gaze extraction
for the Project Aria glasses from Meta [39] to obtain the eye gaze (yaw and pitch). As there is no
publicly available model yet for blinking detections from Project Aria glasses, we implemented
a signal-processing-based approach using the variance map of the eye tracking videos to detect
blinks [44]. To detect micro-expressions from the eye-tracking videos, we extracted features using
LBP-TOP [69] with a window size of 10 frames (i.e., 111 ms) similar to previous work on facial
videos [66]. For the acceleration signal from the Aria glasses, we calculated the magnitude across all
three axis. All computations were run on AMD EPYC CPUs.

For each of the resulting time-series signals—pupil size, eye gaze, video pixel intensity, Fisherface
features, and acceleration magnitude—we computed 15 statistical descriptors: mean, minimum,
maximum, standard deviation, median, 5th percentile, 95th percentile, range, interquartile range
(IQR), sum, energy, skewness, kurtosis, root mean square (RMS), and line integral. For the micro-
expressions, we averaged each of the LBP-TOP features. The pupil detection and eye-tracking video
preprocessing took 2 hours and about 50 GB of RAM per participant, with the micro-expressions
taking 10 minutes. The rest of the feature extraction took under 1 minute per participant.

5.2 Continuous Affect Recognition

For continuous affect recognition, we focused on predicting a participant’s self-reported arousal,
valence and dominance levels. To enable classification, we binarized these continuous ratings into
low and high categories using the median value across the training set, following prior work [42, 62].



Table 3: Predictions for continuous affect ratings, discrete emotions, and personality traits.

Wearable devices Egocentric glasses All  Baseline
ET video

Benchmark Domain ECGEDARSP <1 Pup. Int. Ef. GazeBlink 1-E. PPGIMU X D> Random

Continuous Arousal 0.76 0.76 0.750.76  0.77 0.76 0.76 0.78 0.76 0.76 0.76 0.75 0.78 0.78 0.64
Affect Valence 0.67 0.64 0.690.69 0.730.720.69 0.63 0.66 0.68 0.66 0.75 0.76  0.77 0.55
Dominance 0.63 0.66 0.66 0.66 0.67 0.66 0.65 0.65 0.69 0.66 0.67 0.67 0.68 0.68 0.57

Mean 0.69 0.69 0.700.70  0.720.710.70 0.69 0.70 0.69 0.70 0.72 0.74  0.75 0.59

Amused 0.37 0.44 0.450.45 0.390.500.43 0.36 0.23 0.32 0.31 0.58 0.50 0.52 0.21
Content 0.28 0.20 0.290.29 0.370.490.31 0.31 0.23 0.20 0.20 0.54 0.52  0.50 0.16
Excited 0.00 0.05 0.000.00 0.100.000.00 0.00 0.00 0.00 0.00 0.12 0.12  0.08 0.05

Discrete Awe 0.00 0.00 0.000.00 0.24 0.00 0.00 0.06 0.05 0.00 0.00 0.23 0.31 0.28 0.04
Emotions Neutral 0.18 0.29 0.220.15 0.360.340.34 0.36 0.16 0.17 0.17 0.37 0.41  0.40 0.17
Fear 0.06 0.14 0.170.28  0.48 0.400.08 0.24 0.04 0.20 0.10 0.42 0.55 0.59 0.08

Sad 0.15 0.42 0.170.46  0.450.520.32 0.37 0.11 0.12 0.10 0.60 0.57  0.57 0.10

Disgust 0.08 0.40 0.270.39  0.400.61 0.34 0.40 0.08 0.20 0.18 0.60 0.65 0.61 0.12

Anger 0.03 0.05 0.110.11 0.260.170.17 0.12 0.09 0.03 0.00 0.48 0.53 0.50 0.08

Mean 0.13 0.22 0.190.24 0.340.340.22 0.25 0.11 0.14 0.12 0.44 0.46 0.46 0.11

Ex 0.28 0.52 0.320.22  0.40 0.60 0.50 0.58 0.43 0.48 0.30 0.55 0.55 0.48 0.55

Personality Ag 0.38 0.42 0.480.55 0.450.40 0.60 0.60 0.35 0.43 0.40 0.57 0.30 0.55 0.52
Traits Co 0.55 0.55 0.300.50  0.550.650.45 0.48 0.58 0.55 0.57 0.40 0.55 0.65 0.55
NE 0.52 0.50 0.650.68 0.68 0.60 0.55 0.60 0.50 0.58 0.42 0.30 0.68 0.70 0.52

OM 0.32 0.55 0.500.57 0.480.300.62 0.53 0.38 0.33 0.60 0.57 0.70  0.58 0.52

Mean 0.41 0.51 0.450.50 0.510.510.54 0.56 0.45 0.47 0.46 0.48 0.57 0.59 0.53

< = fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, ;-E. = micro-expressions.
The error bars are not displayed in this table for clarity purposes. They are available in Appendix C.

We trained a separate Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel
(default settings [50]) for each target (arousal and valence). Features were standardized to the [0, 1]
range on a per-participant basis. No feature selection was applied for this task, as the SVM model
was shown to perform robustly with the full set of features. Classification was performed using a
leave-one-subject-out (LOSO) cross-validation strategy to ensure generalization across participants.
We report the mean F1 score across all participants, averaged over the two binary classification tasks
(see Table 3 and Appendix Table 6).

5.3 Discrete Emotion Recognition

In the discrete emotion recognition task, we aimed to classify one of nine basic emotions as reported
by participants: amusement, content, excitement, awe, neutral, fear, sadness, disgust, and anger. For
each participant and task, the ground-truth label corresponds to the strongest self-reported emotion.
We used a Random Forest classifier with standardized features. To reduce dimensionality and focus
on the most relevant inputs, we applied SelectKBest [50] feature selection using mutual information,
retaining the top 10 features from the training set. As with the affect recognition task, we employed
leave-one-subject-out cross-validation to assess generalization. We trained a single multi-class
classifier and evaluated performance using the mean F1 score across participants (see Table 3 and
Table 8). The 9-class classification task had a random baseline F1 score of 0.11.

5.4 Personality Prediction

The personality prediction task involves estimating each participant’s Big Five personality traits:
open-mindedness, conscientiousness, extraversion, agreeableness, and negative emotionality. For
each trait, we binarized the self-reported score into low and high categories using the median across
the training set. We trained a separate Random Forest classifier for each trait. Unlike the other
tasks, we did not apply feature standardization, as the absolute magnitude of certain features was
found to be more informative for personality prediction. For each classifier, we applied SelectKBest
feature selection using mutual information and retained the top 10 features from the training set.
Feature vectors were constructed by averaging the features for all samples belonging to a participant.
We evaluated the model using leave-one-subject-out cross-validation and report the mean F1 score
averaged across all five traits (see Table 3 and Appendix Table 10).



Table 4: Performance comparison between classical and deep learning approaches.

Wearable Egocentric

Benchmark  Model devices elasses All
Confinuons  ClaSSiCaI 0.7040.14 0.74+0.13  0.75+0.13
e CNN[55]  0.63+0.05 0.6840.05 0.68-0.07
WER [65] 0494021 0.65+0.11 0.60+0.16
Discrete Classical 0244008 0.46+0.18 0.46+0.17
poetele  ONN[53] 0124001 023003  0.22:£0.02
WER [65]  0.1340.02 0224003 0.2140.04
. Classical 0504048  0.5740.49 0.5940.49
Pe‘&s;’;i'smy CNN [55] 0434026 0424020 0.41+0.25

WER [65] 0.38+0.28 0.47£0.24 0.44+0.28

5.5 Use of deep learning models

To ground the above results in contemporary approaches, we implemented two deep learning-based
models from previous works for wearable emotion recognition: one classical convolutional neural
network (CNN) [55] and one state-of-the-art transformer-based architecture (WER) [65]. As input,
we use the filtered continuous signals (without Fisherfaces), similar to previous work [55, 65]. We
trained all models using a five-fold cross-validation approach. The training was conducted with a
batch size of 128 for 30 epochs, a learning rate of 0.0001, and cross-entropy loss as the loss function.
Each model was trained on a NVIDIA H200 with a total runtime of about 8 hours for the CNN and
30 hours for the transformer-based architecture.

For all proposed benchmark tasks, our implemented classical methods perform better than the deep
learning-based approaches (see Table 4). Using the classical methods, we obtain maximum F1 scores
of 0.75 (continuous affect), 0.46 (emotion prediction) and 0.59 (personality prediction) compared to
maximum F1 scores of 0.68, 0.23 and 0.47 using the deep learning-based approaches, respectively.

5.6 Discussion

The results in Table 3 highlight the value of incorporating data from the Aria headset alongside
traditional physiological modalities such as ECG, EDA, and RSP. For continuous affect recognition,
the SVM model achieves a mean F1 score of 0.75 when using all modalities. Signals captured
exclusively from the headset reach a comparable mean F1 score of 0.74, slightly outperforming
traditional wearable signals (', = 0.70), with pupil size features contributing strongly. In the more
challenging discrete emotion recognition task, head-mounted signals alone yield a mean F1 score
of 0.46, which is substantially above the random baseline of 0.11. Notably, acceleration magnitude
from the Aria IMU achieves F} = 0.44 on its own, and pupil intensity reaches 0.34, while wearable
signals perform significantly lower (e.g., F; = 0.13 for ECG, F}; = 0.22 for EDA). For personality
prediction, combining all modalities results in a mean F1 score of 0.59 versus 0.53 for the baseline.
Signals from the egocentric glasses alone yield F; = 0.57, outperforming wearable-only inputs
(F1 = 0.50), with eye gaze being the best-performing individual modality.

These findings suggest that egocentric signals from head-mounted devices, such as eye-tracking video
and head motion, capture rich behavioral information beyond traditional physiological sensors. While
such modalities were once impractical in mobile settings, the growing availability of smartglasses
and augmented reality headsets makes their use increasingly practical. Coupled with more expressive
models, such as temporal neural networks or multimodal foundation models, these data sources offer
promising directions for real-time user state inference and next-generation human-centered systems.

6 Limitations

While egoEMOTION offers a rich multimodal dataset for emotion and personality recognition in
induced and naturalistic settings, several limitations must be acknowledged. First, the ground truth
labels rely on retrospective self-reports after each task, which may be affected by recall bias and do
not capture the dynamic nature of emotional responses over time [3, 34]. More fine-grained labeling



(e.g., via facial expression analysis from our facial recordings) could further improve the temporal
resolution of the annotations. Second, the dataset lacks longitudinal recordings, which may limit
the study of emotional and personality state changes over extended periods. While our study was
designed for identifying distinct emotions rather than mapping them to the arousal-valence scale in
order to get finer emotion labels, we acknowledge that it has limited representation in the low-arousal,
low-valence quadrant. We also recognize that some modalities like IMU may primarily capture
task-related motor activity rather than affective states due to inherent coupling between behavior
and emotion, which could confound emotion recognition with task classification. However, our
results show IMU-based prediction performs better in Session A (identical participant behavior across
emotions) than in Session B (different participant behavior across emotions), suggesting the IMU
captures more than just overt behavioral differences, and is informative for emotion prediction even
when behavior is held constant.

Additionally, despite recording eye-tracking and facial video data, we only extracted pupil diameter,
pixel intensity, Fisherface features, gaze fixations, blink rate, and micro-expressions. Designing
emotion-specific features (e.g., to recognize narrowed eyes when smiling, or teary eyes when sad)
would further enhance the performance of the models. Moreover, while we leveraged end-to-end deep
learning networks [35] in the CNN [55] and WER [65] models we used, we expect that incorporating
pre-training on large-scale wearable physiological datasets, as well as future advances in model design
and training, will improve the results. We believe our dataset will motivate future research in these
directions. Finally, our participant pool was primarily composed of young adults. While this may
support training stability, it introduces some demographic bias and potentially limits generalization
to more diverse populations.

7 Ethical Considerations and Data Accessibility

The collection of the egoEMOTION dataset was approved by the ETH Ziirich Ethics Commission
(no. 23 ETHICS-008). All participants provided informed consent for the recording of their sessions,
the creation of the dataset, and its use for research purposes. To protect participants’ privacy, all
personally identifiable information (e.g., age, sex, skin type) and physiological data were anonymized
using a numeric participant ID. However, given the inherently identifiable nature of egocentric,
eye-tracking, and external video data, this information is treated as sensitive. While emotion and
personality recognition can improve mental health monitoring, adaptive interfaces, and user-centric
technologies, our dataset could be misused for behavioral profiling or targeted advertising. As such,
access to this dataset requires users to be permanent staff members of an academic research institution
and sign a Data Transfer and Use Agreement to adhere to the terms and conditions of the usage of
this dataset. The dataset is hosted on servers from ETH Zurich for long-term availability and will be
transferred using sett (the secure encryption and transfer tool) to minimize the risk of compromised
data. Code to analyze the dataset is released under an open-source license.

8 Conclusion

We introduce egoEMOTION, the first publicly available dataset combining egocentric vision and
physiological signals for emotion and personality recognition across both induced and naturalistic
tasks. Capturing over 50 hours of synchronized multimodal recordings from 43 participants engaged
in 16 emotionally diverse activities, egoEMOTION sets itself apart by covering a broad spectrum
of real-world individual and social scenarios. It proposes three benchmark tasks: continuous affect
regression, discrete emotion classification, and personality inference. Our results demonstrate that
signals from egocentric devices—particularly eye-tracking features and head motion—outperform
traditional physiological baselines in emotion and personality recognition tasks. These findings
highlight the potential of egocentric vision systems to move beyond modeling observable behavior
and towards capturing the underlying affective and dispositional states that shape human interaction.
We envision egoEMOTION as a foundation for advancing affect-aware human-computer interaction
and real-time user state estimation in the wild, enabling more personalized and emotionally intelligent
systems across domains such as healthcare, education, and immersive computing.
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violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The study protocol is described in section 3 and in further detail in Appendix A.
Additionally, we provide the code to run the baselines.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: Our paper provides open access to the data and code (both linked to in the
abstract), with sufficient instructions to faithfully reproduce the main experimental results
described in Sections 4 and 5.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We specify all details of our employed approach in Section 5. We use a leave-
one-subject-out cross-validation approach, ensuring no data leakage between participants,
and use the default settings for all deployed SciPy classifiers. Furthermore, we provide the
entire preprocessing, feature calculation, and training and testing pipeline in our code, which
can be accessed with the link in the abstract.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: The paper reports error bars and other statistical significance for the experi-
ments we conducted. We have included such information in the Supplementary Material

(Appendix C) to improve clarity in the paper. Additionally, we provide an extensive analysis
of the correlations between self-reports and sensor modalities in Appendix B.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

We provide all compute details in Section 5. All computations were run on AMD EPYC
CPUs. One CPU is enough to process each participant individually, with about 50 GB of
RAM necessary. Processing of the pupils and video data took about 2 hours per participant.
The rest of the feature extraction and training/testing took under 1 minute per participant
and feature.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
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11.

12.

Justification: The paper discuss both potential positive societal impacts and negative societal
impacts of the work performed in section 7.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: The paper describes in section 7 the safeguards that have been put in place for
responsible release of data that have a high risk for misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The original owners of code, dataset and model used in our paper are properly
cited and credited. The license and terms of use explicitly mentioned in the supplemental
material and properly respected.

Guidelines:

* The answer NA means that the paper does not use existing assets.
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13.

14.

15.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: All new assets introduced in our paper including, data, code, and models are
well documented with documents included in the paper (links available in abstract).

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: The paper includes the full set of instructions given to participants as well as
the compensation received by participants (see section 3 and Supplementary Material).

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]
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Justification: The study protocol was approved by the ETH Ziirich Ethics committee (no.
23 ETHICS-008), as described in section 7.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:
* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Appendix

A Study Protocol

Before starting the experiment, an explanation of the study protocol, illustrated in Figure 5, was given
to each participant. The experiment consisted in participants watching 9 videos and performing 7
tasks, as listed in Table 2. Details of the videos are provided in Table 12. We informed participants that
each target emotion would be experienced only once during session A. This ensured that, after viewing
a disturbing video, such as one eliciting disgust or fear, they would not anticipate encountering a
similar emotional stimulus in the remaining videos. Between each stimulus, a washout video of
clouds was shown to mitigate any emotional carry-over effect. Washouts lasted 40 seconds in session
A and 1 minute in session B.

Valence: How positive or negative is your emotion?
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Figure 5: Overview of the experimental protocol. The experiment consisted of two sessions. In
session A, participants watched 9 video clips, with a 40 s washout between clips and a 5 s video of a
cross preceding each clip. In session B, participants performed 7 real-world tasks. Each task was
spaced by a 1-min washout clip. Two questionnaires, corresponding to the emoti-SAM [20] and a
weighted Mikels’ Wheel [4 1] were answered after each emotional stimulus.

Following each emotional stimulus, participants rated their emotions using an emoti-SAM [20]
and a weighted Mikels’ Wheel [41], as shown in Figure 6. To familiarise the participant with
each questionnaire, we explained what each term in the emoti-SAM meant i.e., arousal, valence,
dominance and provided a definition for each emotion on Mikels” Wheel. In addition, we gave two
examples of emotions and their associated self-reports. For the weighted Mikels’ Wheel questionnaire,
we indicated to the participant that they could gauge the intensity of their emotion using the neutral
emotion. For example, if only feeling a single emotion but in low intensity, the participant could
distribute the remaining weights in the neutral emotion. (e.g., 20% amused and 80% neutral indicates
low amusement).

Valence: How positive or negative is your emotion?

Video 1 0f 9

Assign weights (in %) to each emotion. Total must equal 100%.

20 so% 0% o o o o o o
| i | u [l ] [l ] "
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emoti-SAM (V-A-D) Mikels’ Wheel Weighted Tags

Figure 6: Close-up view of the self-report questionnaires. In the emoti-SAM [20], participants
rated their arousal, valence and dominance using a 7-point scale. In the weighted Mikels’ Wheel [4 1],
participants distributed a 100% weight across emotions in 10% increments.
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B Additional Dataset Descriptives

B.1 Mean self-ratings per task

The normalized continuous affect self-ratings for all video clips, averaged across participants, is
displayed in Figure 7a. Similarly, the mean continuous affect self-ratings for the naturalistic activities
of session B are displayed in Figure 7b.
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Figure 7: Box plots of affect self-ratings a) per video clip b) per naturalistic task.
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B.2 Self-correlations of continuous self-ratings

Figure 8 presents the Pearson correlation matrices between continuous affect self-ratings (A-V-D)
across sessions A, B and A+B. Across all sessions, a strong negative relationship between arousal and
dominance was observed, as well as a moderate positive relationship between valence and dominance.
This indicated participants associated intense emotions with low dominance and vice-versa, while
associating negative emotions to low dominance.

Arousal ~ Valence Dominance Arousal Valence Dominance  Arousal Valence Dominance

Arousal 024 [12052% -0.19 1.00 -0.20
Valence 0.40* 0.49* 0.42
Dominance
(a) (b) (©

Figure 8: Pearson correlations between continuous self-ratings in a) session A b) session B ¢) session
A+B.

B.3 Self-correlations of discrete emotions

Figures 9, 10, 11 present the Pearson correlation matrices between discrete emotions across sessions
A, B and A+B, respectively. The video clips of session A resulted in significant negative relationships
between the neutral emotions and all other emotions excluding amused and disgust. Fear had a
positive correlation with excitement and anger, while anger had a negative relationship with disgust.
In session B, amusement had a strong negative correlation with anger and a moderate negative
correlation with disgust.

Amused  Content Excited Awe Neutral Fear Sad Disgust Anger
Amused 0.00 20.18 0.10 20.19 -0.13 -0.07 -0.08 -0.09
Content 0.24 023 -0.33* 0.02 0.07 0.15 0.20

Excited 0.07 -0.47* 0.33* 0.10 0.05 027
Awe 0.41% 0.29 0.03 0.1 0.10
Neutral -0.33* -0.16 0.43*
Fear 0.00 -0.24 0.32*
Sad 0.27 0.14
Disgust -0.37*
Anger

Figure 9: Pearson correlations between discrete emotions (session A).

Amused  Content Excited Awe Neutral Fear Sad Disgust Anger

Amused 0.1 0.02 0.02 -0.29 -0.18 -0.02 -0.38* m
Content -0.20 0.28 -0.25 -0.33* 0.05 -0.10 0.17
Excited 0.27 -0.26 -0.22 0.13 0.07 -0.02
Awe -0.11 037+ -0.06 -0.13 -0.09
Neutral -0.33* -0.03 -0.05
Fear 0.33* -0.07 0.15
Sad -0.07 0.03
Disgust 0.20

Anger

Figure 10: Pearson correlations between discrete emotions (session B).
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Fear had a moderate positive relationship with content and neutral, while having a negative rela-
tionship with awe and sadness. Finally, sadness had a strong positive relationship with the neutral

emotion.

After combining the self-reports of discrete emotions from session A and B, amusement was negatively
correlated with disgust and anger, while fear was positively correlated with awe. The neutral emotion
was negatively correlated with excitement, awe, fear, sadness and anger.

Amused Content Excited Awe Neutral Fear Sad

Amused 0.07 -0.21 -0.17 -0.14 -0.16 0.04

Content -0.29 -0.23 0.29 -0.19 0.07

Excited -0.07 -0.33* 0.13 025

Awe -0.33* 0.35% 0.06

Neutral -0.48*

Fear 0.20
Disgust
Anger

Disgust
-0.39*
-0.09
0.15
0.01
-0.17
-0.11
0.07

Figure 11: Pearson correlations between discrete emotions (session A+B).

B.4 Self-correlations of personality traits

Anger
-0.36*
-0.13
0.28
0.21
-0.42%*
0.26
0.08
0.31

Figure 12 presents the Pearson correlations between personality traits. No significant correlation was

found between personality traits.

Ex Ag Co NE
Ex 0.20 0.17 -0.28
Ag 0.12 -0.09
Co -0.26
e 0|
oM

oM
0.13
-0.08
-0.02
0.28

Figure 12: Pearson correlations between personality traits.

B.5 Correlations between continuous self-ratings and personality traits.

Figures 13a and 13b display the correlations between the continuous self-ratings and personality
traits in session A and session B, respectively. In session A, significant negative correlations are found
between dominance and Ex and Co, as well as arousal and OM. In session B, a negative relationship

between dominance and Co was observed.

Ex Ag Co NE oM
Arousal ~ 0.20 0.20 0.20 -0.30  -0.42*
Valence -0.07 -0.13 -0.01 -0.01 0.03
Dominance -0.31*% -0.12 -0.34* 0.17 0.22
(a)

Ex
Arousal ~ -0.01
Valence -0.10
Dominance  -0.24

Ag Co NE
0.10  -0.10  0.07
-0.05  -030  0.20
-0.16  -0.37*  -0.05
(b)

OM
0.08
0.30
0.09

Figure 13: Pearson correlations between continuous self-ratings and personality scores in a) session

A b) session B.
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B.6 Correlations between continuous self-ratings and discrete emotions.

Figures 14a and 14b present the Pearson correlations between continuous self-ratings and discrete
emotions in session A and session B, respectively. In session A, arousal was positively correlated
with excitement, fear, sadness and anger, while being negatively correlated with the neutral emotion.
Valence was positively correlated with amusement and negatively correlated with disgust. In session
B, arousal was positively correlated with excitement and negatively correlated with the neutral
emotion. Valence was strongly positively correlated to amusement, while being strongly negatively
correlated with fear and anger. Dominance was negatively correlated with fear, sadness and disgust,
while being positively correlated with the neutral emotion.

Amused  Content Excited Awe Neutral Fear Sad Disgust Anger
Arousal 0.03 0.06 0.39* 0.18 0.32* 0.41* 0.28 0.32%
Valence | 0.49% 0.27 0.01 -0.17 -0.02 -0.26 -0.24 -0.34% -0.04
Dominance ~ -0.18 -0.03 0.00 -0.02 0.25 -0.18 0.03 -0.16 -0.24
(@)
Amused  Content  Excited Awe Neutral Fear Sad Disgust Anger
Arousal ~ -0.06 -0.13 0.37* 0.07 -0.42% 0.22 0.25 0.22 0.10
Valence 0.39% 0.18 -0.08 -0.05 -0.20 -0.27
Dominance 0.06 0.08 -0.30 0.09 0.44* -0.32% -0.32%* -0.32% -0.04
(b)

Figure 14: Pearson correlations between continuous self-ratings and discrete emotions in a) session
A b) session B.

B.7 Pearson correlations between personality scores and discrete emotions.

Figures 15a and 15b present the Pearson correlations between personality traits and discrete emotions
in session A and session B, respectively. In session A, significant positive correlations were observed
between Ag and sadness and disgust. In session B, Ex was positively correlated with content. Ag was
positively correlated with sadness and negatively correlated with awe.

Amused Content Excited Awe Neutral Fear Sad Disgust Anger
Ex 0.23 0.13 0.09 -0.15 -0.27 -0.11 0.08 0.30 0.22
Ag -0.05 -0.02 -0.05 -0.05 -0.12 -0.02 0.35%* 0.42% -0.02
Co -0.11 0.06 0.13 0.14 -0.22 0.15 0.14 0.19 -0.06
NE -0.10 -0.01 -0.09 -0.06 0.15 0.04 -0.04 -0.15 -0.01
oM 0.03 -0.07 -0.02 -0.13 0.15 -0.22 -0.10 0.15 -0.06
(a)
Amused Content Excited Awe Neutral Fear Sad Disgust Anger
Ex -0.05 0.32* -0.04 -0.16 -0.24 -0.06 0.28 -0.08 0.17
Ag -0.10 0.13 0.07 -0.35% -0.12 -0.02 0.42% 0.08 0.06
Co -0.21 0.06 0.06 -0.02 -0.05 0.08 0.03 -0.07 0.23
NE 0.05 -0.13 0.21 0.18 -0.20 -0.01 0.02 0.24 -0.04
oM 0.17 0.15 0.04 0.17 -0.10 -0.17 -0.25 -0.18 0.03
(b)

Figure 15: Pearson correlation between personality scores and discrete emotions in a) session A b)
session B.
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C Additional Descriptions

C.1 Detailed Description of Baseline Features

A detailed overview of the features extracted from each modality is presented in Table 5.

Table 5: Overview of features extracted from the recorded physiological time-series signals.
Recorded physiological signals include respiration rate, ECG, EDA, PPG recorded using a nosepad
sensor and acceleration magnitude from the Aria-integrated IMU sensor. We further compute
statistical descriptors of the time-series signals inferred from the video data captured by the eye-
tracking cameras, including pupil size, video pixel intensity, and Fisherface feature coefficients.

Time-series signal

Features extracted

Acceleration Magnitude (Aria IMU)

Mean, min, max, standard deviation, median, 5th and 95th percentiles,
range, interquartile range, sum, energy, skewness, kurtosis, RMS, and
line integral.

Blinking (ET camera)

Number of blinks of the left eye and the right eye.

ECG

Root mean square of the mean squared IBIs, mean IBI, 60 spectral
power values in the [0-6] Hz band of the ECG signal, low-frequency
[0.01-0.08] Hz, medium-frequency [0.08-0.15] Hz, and high-frequency
[0.15-0.5] Hz components of HRV spectral power, HR and HRV statis-
tics.

EDA

Mean skin resistance and mean of derivative, mean differential for nega-
tive values only (mean decrease rate during decay time), proportion of
negative derivative samples, number of local minima in the GSR signal,
average rising time of the GSR signal, spectral power in the [0-2.4]
Hz band, zero crossing rate of skin conductance slow response (SCSR)
[0-0.2] Hz, zero crossing rate of skin conductance very slow response
(SCVSR) [0-0.08] Hz, mean SCSR and SCVSR peak magnitude.

Eye Gaze (Yaw and Pitch)

Mean, min, max, standard deviation, median, 5th and 95th percentiles,
range, interquartile range, sum, energy, skewness, kurtosis, RMS, and
line integral.

Fisherface Features (ET camera)

Mean, min, max, standard deviation, median, 5th and 95th percentiles,
range, interquartile range, sum, energy, skewness, kurtosis, RMS, and
line integral.

Micro-expressions (ET camera)

Mean of each LBP-TOP feature.

PPG (Nosepad Sensor)

Root mean square of the mean squared IBIs, mean IBI, 60 spectral power
values in the [0-6] Hz band of the PPG signal, low-frequency [0.01-0.08]
Hz, medium-frequency [0.08-0.15] Hz, and high-frequency [0.15-0.5]
Hz components of HRV spectral power, HR and HRV statistics.

Pupil Size (ET camera)

Mean, min, max, standard deviation, median, Sth and 95th percentiles,
range, interquartile range, sum, energy, skewness, kurtosis, RMS, and
line integral.

RSP

Band energy ratio (difference between the logarithm of energy between
the lower (0.05-0.25 Hz) and the higher (0.25-5 Hz) bands), average
respiration signal, mean of derivative (variation of the respiration signal),
standard deviation, range or greatest breath, breathing rhythm (spectral
centroid), breathing rate, 10 spectral power values in the bands from 0 to
2.4 Hz, average peak-to-peak time, median peak-to-peak time.

Video Pixel Intensity (ET camera)

Mean, min, max, standard deviation, median, 5th and 95th percentiles,
range, interquartile range, sum, energy, skewness, kurtosis, RMS, and
line integral.

C.2 Continuous Affect Prediction

Table 6 presents the continuous affect domain prediction results for session A and session B. The
egocentric glasses provided better predictions of the continuous affect self-reports than the physiolog-
ical sensors. The glasses had a I score of 0.72 and 0.73 in session A and B, respectively, while the
physiological sensors reported an F} score of 0.68 in session A and session B. Notably, all sensors
had a strong performance when predicting arousal in session B.
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Table 7 presents the standard deviation results of the continuous affect domain predictions across
all sessions. Session A displays greater variability, particularly within the arousal and dominance
self-reports. In contrast, Session B demonstrates lower and more uniform standard deviations across
all modalities. When aggregating session A with session B, the lowest standard deviations are
achieved.

Table 6: Continuous affect domain prediction results.

Wearable devices Egocentric glasses All  Baseline
ET video
Session Domain ECGEDARSP <1 Pup. Int. Ef. GazeBlink u-E. PPGIMU > Random
Arousal 0.64 0.65 0.600.63 0.67 0.62 0.64 0.69 0.66 0.64 0.64 0.65 0.68  0.69 0.56
A Valence 0.71 0.68 0.620.71  0.71 0.66 0.78 0.64 0.71 0.63 0.77 0.66 0.78  0.78 0.56
Dominance 0.70 0.70 0.710.71  0.68 0.72 0.68 0.71 0.72 0.71 0.69 0.71 0.71  0.71 0.61
Mean 0.68 0.68 0.650.68 0.69 0.67 0.70 0.68 0.70 0.66 0.71 0.68 0.72  0.73 0.58
Arousal 0.83 0.83 0.830.83 0.830.830.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.74
B Valence 0.64 0.57 0.620.68 0.72 0.66 0.78 0.66 0.70 0.67 0.71 0.71 0.77  0.72 0.53
Dominance 0.51 0.50 0.550.54 0.56 0.550.58 0.44 0.56 0.60 0.58 0.46 0.59 0.57 0.50
Mean 0.66 0.63 0.67 0.68 0.70 0.68 0.73 0.64 0.70 0.70 0.71 0.65 0.73 0.71 0.59

<1 = fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, p-E. = micro-expressions.

Table 7: Standard deviation of continuous affect domain prediction results.

Wearable devices Egocentric glasses All  Baseline
ET video
Session Domain ECGEDARSP <1 Pup. Int. Ef. GazeBlink -E. PPGIMU < > Random
Arousal 0.22 0.22 0.200.20 0.220.220.22 0.24 0.23 0.22 0.21 0.24 0.22 0.20
A Valence 0.12 0.10 0.160.15  0.27 0.190.08 0.15 0.05 0.10 0.08 0.11 0.14 0.14
Dominance 0.23 0.24 0.240.24  0.220.230.22 0.24 0.24 0.24 0.23 0.24 0.24 0.24
Mean 0.19 0.19 0.200.20 0.24 0.210.17 0.21 0.17 0.19 0.17 0.20 0.20  0.20
Arousal 0.16 0.16 0.160.16 0.160.160.16 0.16 0.16 0.16 0.16 0.16 0.16  0.16
B Valence 0.16 0.16 0.160.15 0.140.130.14 0.16 0.19 0.18 0.15 0.18 0.14 0.14
Dominance 0.23 0.26 0.230.25 0.250.220.26 0.25 0.23 0.26 0.22 0.22 0.26  0.22
Mean 0.18 0.19 0.180.19 0.180.170.19 0.19 0.19 0.20 0.18 0.19 0.19 0.17
Arousal 0.14 0.13 0.130.14 0.140.140.13 0.14 0.14 0.13 0.14 0.13 0.15 0.14
A+B Valence 0.10 0.11 0.100.09 0.100.100.06 0.09 0.09 0.09 0.09 0.10 0.10 0.09
Dominance 0.18 0.18 0.170.18 0.170.190.16 0.19 0.19 0.20 0.17 0.18 0.18  0.17
Mean 0.14 0.14 0.130.14 0.140.140.12 0.14 0.14 0.14 0.14 0.14 0.14 0.13

D<I = fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, p-E. = micro-expressions.

C.3 Discrete Emotion Prediction

Table 8 presents the discrete emotion prediction results in session A and session B. The egocentric
glasses significantly exceeded the physiological sensors in predicting 9 discrete emotions (F} = 0.55
vs. I} = 0.25) in session A. In the naturalistic tasks, the egocentric glasses and the wearable devices
had comparable results, with F; = 0.40 and F; = 0.33, respectively. With the current feature
extraction, emotions such as sadness (0.87) and anger (0.68) had high prediction scores in session A
using the combined sensors from the egocentric glasses. The emotion of awe proved to be difficult to
predict across experiments, with discrete emotions in session A achieving higher prediction results in
comparison to session B. Disgust has a high F} score in session B (0.75) when predicting it from
the egocentric glasses. The eye pupil size was highly informative for predicting fear in participants
during session B (F} = 0.66).

Table 9 presents the standard deviations of the discrete emotion prediction results. Session A tends to
be noisier, with larger fluctuations in certain cases (e.g., IMU and F.f.), while Session B looks more
consistent overall.
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Table 8: Discrete emotion prediction results.

Wearable devices Egocentric glasses All  Baseline
ET video
Session Domain ECGEDARSP > Pup. Int. Ff. GazeBlink y-E. PPG IMU < D> Random

Amused 0.05 0.52 0.370.50 0.600.190.62 0.47 0.17 0.17 0.52 0.54 0.52  0.57 0.12
Content 0.25 0.19 0.200.26  0.38 0.130.56 0.26 0.13 0.13 0.44 0.40 0.61 0.61 0.16
Excited 0.00 0.00 0.000.00 0.09 0.000.25 0.00 0.06 0.00 0.07 0.00 0.29 0.24 0.05
Awe 0.05 0.00 0.070.00 0.38 0.06 0.28 0.00 0.05 0.05 0.00 0.06 0.25 0.34 0.07

A Neutral 0.23 0.36 0.310.32 0.400.240.49 0.44 0.27 0.32 0.37 0.41 0.51  0.52 0.21
Fear 0.00 0.24 0.000.06 0.48 0.08 0.52 0.11 0.00 0.00 0.60 0.12 0.57 0.53 0.06
Sad 0.25 0.82 0.230.88 0.77 0.07 0.85 0.68 0.13 0.13 0.88 0.75 0.87  0.87 0.10
Disgust 0.07 0.18 0.170.12  0.20 0.19 0.47 0.09 0.15 0.16 0.57 0.27 0.63  0.60 0.13
Anger 0.12 0.00 0.120.14  0.320.08 0.66 0.06 0.16 0.05 0.14 0.12 0.68  0.68 0.09
Mean 0.11 0.26 0.160.25 0.400.120.52 0.23 0.12 0.11 0.40 0.30 0.55 0.55 0.11
Amused 0.57 0.50 0.58 0.60 0.500.48 0.62 0.44 0.44 0.51 0.58 0.52 0.61 0.60 0.32
Content 0.44 0.19 0.380.48 0.24 0.24 0.58 0.24 0.18 0.28 0.46 0.28 0.57 0.57 0.15
Excited 0.00 0.00 0.000.00 0.000.000.11 0.00 0.13 0.00 0.00 0.00 0.19 0.10 0.05
Awe 0.00 0.00 0.000.00 0.000.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
B Neutral 0.04 0.25 0.130.05 0.100.14 0.00 0.32 0.11 0.04 0.04 0.09 0.00  0.00 0.11
Fear 0.14 0.33 0.330.60 0.66 0.04 0.64 0.22 0.14 0.26 0.57 0.28 0.67 0.66 0.11
Sad 0.16 0.26 0.340.39  0.190.26 0.49 0.47 0.20 0.29 0.37 0.05 0.44 0.42 0.10
Disgust 0.27 0.70 0.500.74  0.61 0.26 0.73 0.25 0.15 0.55 0.75 0.72 0.75  0.77 0.10
Anger 0.00 0.00 0.000.15 0.000.08 0.27 0.17 0.07 0.00 0.18 0.00 0.34 0.24 0.06
Mean 0.18 0.25 0.250.33 0.260.170.38 0.12 0.16 0.21 0.33 0.22 0.40 0.37 0.11

< = fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, p-E. = micro-expressions.

Table 9: Standard deviation of discrete emotion prediction results.

Wearable devices Egocentric glasses All  Baseline
ET video
Session Domain ECGEDARSP <1 Pup. Int. Ef. GazeBlink u-E. PPGIMU > Random

Amused 0.16 0.46 0.400.45 0.440.320.46 0.44 0.25 0.250.44 0.45 0.46  0.47
Content 0.26 0.23 0.240.31 0.320.250.35 0.24 0.15 0.20 0.39 0.32 0.34 0.35
Excited 0.00 0.00 0.000.00 0.100.000.28 0.00 0.11 0.00 0.16 0.00 0.28  0.28

Awe 0.16 0.00 0.100.00 0.41 0.100.34 0.00 0.06 0.11 0.00 0.16 0.36  0.42
A Neutral 0.26 0.32 0.250.26  0.28 0.230.33 0.32 0.26 0.28 0.32 0.29 0.32  0.33
Fear 0.00 0.28 0.000.16  0.43 0.16 0.47 0.22 0.00 0.00 0.47 0.22 0.47 0.46
Sad 0.32 0.42 0.330.38 0.450.190.40 0.47 0.17 0.28 0.36 0.44 0.38 0.38
Disgust 0.16 0.32 0.300.21  0.290.310.45 0.25 0.21 0.28 0.47 0.38 0.44 0.44
Anger 0.24 0.00 0.240.30 0.380.190.48 0.17 0.25 0.16 0.28 0.24 0.46  0.46
Mean 0.17 0.23 0.210.23 0.340.190.40 0.11 0.08 0.11 0.32 0.28 0.39  0.40

Amused 0.25 0.28 0.290.28 0.250.270.28 0.26 0.28 0.28 0.25 0.22 0.31  0.30
Content 0.39 0.32 0400.44 0.290.360.43 0.23 0.31 0.34 0.44 0.37 041 0.42
Excited 0.00 0.00 0.000.00 0.000.000.16 0.00 0.16 0.00 0.00 0.00 0.22 0.16

Awe 0.00 0.00 0.000.00 0.000.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
B Neutral 0.00 0.31 0.180.10 0.11 0.21 0.00 0.00 0.16 0.11 0.08 0.13 0.00  0.00
Fear 0.30 0.39 0.36 0.49  0.49 0.08 0.50 0.46 0.28 0.30 0.48 0.36 0.49  0.49
Sad 0.28 0.33 0.41042 0.260.330.46 0.34 0.32 0.37 0.41 0.10 043 0.43
Disgust 0.27 0.51 0.450.50 0.500.36 0.50 0.50 0.28 0.48 0.50 0.50 0.50  0.49
Anger 0.00 0.00 0.000.22  0.000.16 0.28 0.16 0.16 0.00 0.24 0.00 0.31 0.28
Mean 0.17 0.24 0.230.27 0.21 0.200.29 0.16 0.18 0.21 0.27 0.19 0.30  0.29
Amused 0.22 0.23 0.220.22 0.220.180.21 0.22 0.19 0.320.18 0.23 0.21 0.22
Content 0.23 0.21 0.26 0.24 0.26 0.23 0.30 0.22 0.24 0.20 0.28 0.22 0.24 0.24
Excited 0.00 0.10 0.000.00 0.19 0.000.18 0.00 0.00 0.00 0.00 0.00 0.20 0.18
Awe 0.10 0.00 0.00 0.00  0.320.000.34 0.16 0.08 0.00 0.00 0.00 0.43  0.40
A+B Neutral 0.20 0.25 0.210.17  0.240.190.28 0.26 0.21 0.17 0.24 0.24 0.29  0.28
Fear 0.18 0.24 0.26 0.38  0.39 0.250.38 0.36 0.13 0.20 0.41 0.16 0.38  0.40
Sad 0.30 0.350.270.35 0.340.21 0.35 0.31 0.17 0.12 0.38 0.33 0.32  0.34
Disgust 0.16 0.28 0.270.32  0.33 0.250.35 0.29 0.19 0.20 0.36 0.34 0.34  0.32
Anger 0.00 0.18 0.220.19 0.300.00 0.42 0.21 0.19 0.03 0.31 0.27 0.44  0.40
Mean 0.15 0.20 0.190.21  0.290.150.31 0.08 0.05 0.14 0.24 0.20 0.32 0.31

D<I = fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, y-E. = micro-expressions.

C.4 Personality Prediction

Table 10 presents the personality trait predictions for session A and session B. The pupil size and blink
rate achieved the highest F} score in session A, while ECG performed best in session B (¥} = 0.60).
Table 11 presents the standard deviations of the personality prediction results.
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Table 10: Personality prediction results.

Wearable devices Egocentric glasses All  Baseline
ET video
Session Domain ECGEDARSP > Pup. Int. Ff. GazeBlink y-E. PPG IMU < D> Random
Ex 0.48 0.48 0.420.30 0.480.480.45 0.48 0.58 0.38 0.45 0.48 0.38  0.25 0.55
Ag 0.45 042 0.480.38 0.420.320.22 0.40 0.58 0.45 0.57 0.50 0.48 0.52 0.52
A Co 042 0.52 028042 0.650.480.52 0.58 0.63 0.63 0.52 0.40 0.35 0.38 0.55
NE 0.50 0.52 0.500.52  0.68 0.45 0.30 0.58 0.45 0.53 0.50 0.57 0.62  0.48 0.52
OM 0.30 0.60 0.620.48 0.520.550.42 0.60 0.53 0.45 0.28 0.60 0.60 0.45 0.52
Mean 0.43 0.51 0.460.42 0.550.46 0.38 0.53 0.55 0.49 0.46 0.51 0.49 0.42 0.53
Ex 0.45 0.50 0.480.55 0.450.750.53 0.45 0.73 0.52 0.55 0.75 0.48  0.55
Ag 0.48 0.60 0.480.48 0.48 0.600.45 0.70 0.45 0.63 0.38 0.32 0.65 0.35 0.52
B Co 0.68 0.40 0.350.62 0.450.28 0.40 0.70 0.40 0.45 0.62 0.50 0.45 0.62 0.55
NE 0.78 0.52 0.650.70  0.60 0.52 0.42 0.53 0.43 0.73 0.48 0.65 0.40 0.72 0.52
OM 0.62 0.52 0.570.35 0.48 0.500.40 0.48 0.53 0.43 0.52 0.40 0.35 0.28 0.52
Mean 0.60 0.51 0.510.54 0.490.53 0.44 0.59 0.45 0.59 0.50 0.48 0.52 0.49 0.53

D<= fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, p-E. = micro-expressions.

Table 11: Standard deviation of personality prediction results.

Wearable devices Egocentric glasses All  Baseline
ET video
Session Domain ECGEDARSP <t Pup. Int. Ef. GazeBlink -E. PPGIMU < > Random
Ex 0.50 0.50 0.490.48 0.500.500.50 0.50 0.49 0.48 0.50 0.50 0.48 0.45
Ag 0.50 0.49 0.500.50 0.49 0.47 0.42 0.46 0.49 0.50 0.49 0.50 0.50  0.50
A Co 0.49 0.50 0.450.50 0.48 0.500.50 0.46 0.48 0.48 0.50 0.49 0.48 0.48
NE 0.50 0.50 0.500.50 0.47 0.50 0.46 0.50 0.50 0.50 0.50 0.49 0.48 0.50
OM 0.46 0.49 0.480.50 0.50 0.50 0.49 0.50 0.50 0.50 0.45 0.49 0.49 0.50
Mean 0.49 0.50 0.48 0.50 0.49 0.50 0.47 0.48 0.49 0.49 0.49 0.49 0.49 0.49
Ex 0.49 0.50 0.500.50 0.500.43 0.50 0.49 0.50 0.45 0.50 0.50 0.43  0.50
Ag 0.50 0.49 0.500.50 0.500.49 0.50 0.49 0.50 0.48 0.48 0.47 0.48 0.47
B Co 0.48 0.49 0.480.48 0.500.450.49 0.50 0.49 0.50 0.48 0.50 0.50 0.48
NE 0.47 0.50 0.480.46 0.49 0.50 0.49 0.49 0.49 0.45 0.50 0.48 0.49 0.47
OM 0.49 0.50 0.490.48 0.50 0.50 0.49 0.50 0.50 0.49 0.50 0.49 0.48 0.45
Mean 0.49 0.50 0.490.48 0.50 0.47 0.49 0.50 0.50 0.47 0.49 0.49 0.48 0.47
Ex 0.43 0.50 0.470.40 0.49 0.46 0.50 0.49 0.49 0.50 0.49 0.50 0.50 0.50
Ag 0.48 0.49 0.500.49 0.500.490.49 0.49 0.48 0.49 0.49 0.49 0.46 0.49
A+B Co 0.49 0.50 0.46 0.50 0.50 0.49 0.49 0.50 0.49 0.50 0.48 0.50 0.50 0.48
NE 0.50 0.50 0.480.47 0.47 0.49 0.46 0.49 0.50 0.49 0.49 0.50 0.48 0.45
OM 0.48 0.50 0.500.49 0.50 0.49 0.49 0.50 0.48 0.47 0.46 0.48 0.45 0.48
Mean 0.48 0.50 0.48 0.47 0.49 0.48 0.49 0.50 0.49 0.49 0.48 0.49 0.48 0.48

D1 = fusion of modalities, Pup. = Pupil size, Int. = Pixel Intensity, F.f. = Fisherface features, p-E. = micro-expressions.

Table 12: Detailed description of the emotion-inducing video clips.

ID Video Label Target Description Duration
Emotion (s)
1 AnimalCruelty Anger Televised news of a dog groomer abusing dogs. 40
2 AuroraBorealis Awe A timelapse of the northern lights. 40
3 BearGrylls Disgust A man eats a worm. 40
4 CollegeAcceptance Excitement A student gets accepted to his dream college. 40
5 HarrySally Amusement Sally shows Harry how women fake orgasms at a restaurant. 72
6 JojoRabbit Sadness A boy embraces his mother who has been hanged. 46
7 LoveActually Content Narrator purporting that "love is everywhere". 42
8 MovingShapes Neutral Shapes moving on a neutral background. 40
9 Psycho Fear A lady gets murdered in her bathtub by an intruder. 45
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