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Abstract

Aims: This study aims to investigate the relationship between eye movement behaviors and social competence, particularly focusing on
listening patterns in multi-person conversations. The goal is to identify objective, quantifiable behavioral indicators of social competence to
inform the development of assessment tools and training interventions.

Methods: A three-person setting was designed with two conversational partners and one primary listener, and immersive eye-tracking data
were collected using Microsoft HoloLens 2 during conversations on naturalistic topics. Social competence was rated by a clinical psychiatrist
using standardized behavioral criteria, while analysis targeted three pre-selected indicators: nodding frequency, selective attention allocation
to speaker’s regions of interest (head versus shoulders), and vertical gaze stability during listening.

Results: The results revealed that nodding frequency showed a strong positive correlation with social competence scores, indicating its
potential as a robust nonverbal biomarker. Participants with higher social competence demonstrated greater attention to the speaker's head
region while minimizing focus on less informative areas such as the shoulders. Furthermore, individuals with higher scores exhibited
significantly lower vertical gaze dispersion, reflecting more focused and stable attentional control during social listening.

Conclusion: This study establishes reliable eye movement-based indicators of social competence, highlighting their potential for assessing
and enhancing social skills in real-world interactions. By integrating multimodal behavioral analysis, the findings provide a theoretical and
technical foundation for developing personalized, real-time feedback systems for social competence training.
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1. Introduction

The study of human eye movement behavior is of great significance, especially in understanding its role in social interactions. Eye
movement not only indicates the distribution of visual attention but also reveals individuals’ cognitive and emotional states during
social interactions!-?.. Traditional eye movement studies often rely on static and well-controlled experimental setups, where subjects
are asked to observe static images or pre-recorded videos. Although these studies!>! have provided valuable insights, they have
significant limitations in simulating the dynamic nature and multimodal characteristics of real social environments, making it difficult
to effectively define or interpret appropriate eye movements. In contrast, realistic social interaction, particularly multi-person
conversations, presents cognitive challenges that are fundamentally different from controlled laboratory paradigms. Unlike
face-to-face dyadic interactions, in multi-person environments, individuals are expected to allocate attention across multiple
information sources, integrate visual and auditory cues, and adjust their attentional focus according to conversational dynamicsll.

Notably, in most social situations, individuals frequently play the role of the listener, which is a ubiquitous yet understudied
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dimension of social competencell. Therefore, the analysis of eye movement behavior during the listening phase holds particular
research valuel”l. First, considering the fundamental characteristics of social interaction, listening is an essential component of daily
conversations, as individuals convey and understand attention through gaze patterns!®l. Second, compared to eye movements during
speaking, which require simultaneous language production, eye movements during listening can independently reveal social
cognitive abilities, mitigating the cognitive load generated by multitasking!'?l. Listening scenarios impose unique asymmetries
distinct from speaking contextsl!'!l: while speakers directly express their understanding through verbal output, listeners are
constrained primarily to nonverbal channels of expression. In this asymmetric communication structure, the listener’s social
competence becomes manifest through specific nonverbal behavioral dimensions. Drawing from social cognition theory, three
distinct nonverbal dimensions emerge as particularly critical in listening-dominated contexts:

* Active Feedback: the provision of nonverbal feedback signals (primarily nodding) that indicate comprehension, agreement, and
encouragement for continued speaking.

* Attention Allocation: the strategic deployment of limited visual resources to high-information-value regions of the speaker’s face
(eyes, mouth, etc.) rather than peripheral, non-informative areas.

« Attention Control: the maintenance of focused, stable visual attention on task-relevant information while suppressing
task-irrelevant eye movements and managing distractions in multi-speaker environments.

These three dimensions together constitute a meaningful behavioral profile of social listening competence, particularly relevant in
conversational contexts. To examine these dimensions objectively, this study adopted a listening-dominated experimental design
(approximately 90% listening, 10% brief responses). This proportion not only reflects engagement patterns in specific real social
contexts (e.g., meeting discussions, classroom learning), but more importantly, minimizes the noise interference from verbal feedback
on eye movement data.

To obtain data with higher ecological validity while maintaining experimental control, this study used Microsoft HoloLens 2 as an eye
movement data collection tool. The HoloLens 2’s inside-out tracking enables naturalistic head movement during multi-person
interaction without external markers. Critically, it provides synchronized measurement of both gaze position and head movement,
which is essential for objectively measuring the nodding dimension. This synchronized gaze-head capability is unavailable in
lightweight mobile eye-tracking systems, which typically track gaze only. While the HoloLens 2 introduces trade-offs (device weight
~645 g, restricted field of view ~52° horizontal), these constraints were applied uniformly across all participants and are addressed in
our limitations discussion. The device provides high-precision eye tracking in naturalistic augmented reality environments,
capturing multimodal behavioral information (gaze, head movements, spatial position) beyond what traditional 2D laboratory settings
permit. Although we did not fully utilize the interactive functions of augmented reality in this study, the device’s capabilities offered a
strong technical foundation for our investigation.

Based on the above background, this study is dedicated to answering the following research questions:
1) Primary Research Question:

What specific eye movement patterns distinguish individuals with different levels of social competence during listening-dominated
triadic conversation scenarios?

2) Sub-Research Questions:

RQ1: Does nodding frequency, as a critical nonverbal feedback behavior that signals understanding and social reciprocity, correlate
with social competence levels?

RQ2: Do gaze-allocation patterns reflecting preferential attention to high-information-value speaker regions (head/face) while
minimizing focus on non-informative peripheral areas (shoulders) predict social competence levels?

RQ3: Does gaze stability, reflecting sustained focused attention on facial information despite multi-speaker complexity and
distractions, correlate with social competence levels?

To address these questions, we designed a three-person interaction scenario involving two conversation partners and one primary
listener. Participants mainly observed and listened to natural conversations on predetermined topics while providing brief responses
at appropriate moments. During the experiment, we utilized voice identification technology to distinguish between different
speakers, enabling analysis of subjects’ attention allocation patterns toward specific speakers.

This study has two key contributions:

On one hand, we established a more realistic experimental paradigm of a two-person conversation plus a listener. Using a 90%
listening and 10% brief response design, we captured listeners’ eye movement behaviors in a natural conversation setting, bridging
the gap between traditional static 2D experiments and real-world social situations.
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On the other hand, based on a psychiatrist’s social competence ratings, we identified three eye movement behavior indicators which
were significantly associated with high social competence, directly corresponding to the three theoretical dimensions outlined
above: nodding frequency, attention allocation to speakers’ key regions, and vertical gaze stability. These quantitative indicators
provide a behavioral foundation for the objective assessment of social competence. In particular, they provide empirical evidence for
developing eye movement-based intelligent social skills training (SST) systems.

We believe that these findings will contribute to the understanding of the role of eye movement behavior in social cognition and help
the future construction of personalized, real-time feedback tools for social competence enhancement.

2. Related Work

2.1 Traditional eye-tracking techniques and experimental paradigms

As a core tool for exploring human visual attention and cognitive processes, eye-tracking technology has developed from
theory-driven approaches toward application-oriented methods!'>!3l. Early eye-tracking research mostly employed static paradigms
in which participants observed preselected images!'!l or videos!'’l. By analyzing basic statistical metrics such as fixation duration,
saccade paths, and pupil diameter changes, these studies inferred cognitive load and attentional allocation!'l. Such traditional
investigations have accumulated a rich theoretical foundation in reading!'’], visual search!'’], and scene perception!'*!%], establishing a
logical chain from eye-movement behavior to cognitive processes.

With the expansion of paradigms from solitary tasks to dyadic interactions!!*?"], eye tracking began to reveal the dynamics of visual
behavior in social contexts. In face-to-face or video-mediated exchanges, participants’ gaze shifts closely align with topic
transitions?!l. However, traditional setups, limited to two-dimensional screens and fixed arrangements, struggle to fully replicate the
complexity of natural social environments.

2.2 Social attention in multiparty conversations

In conversations involving three or more participants, individuals face far greater cognitive demands than in dyadic interactions.
Participants must rapidly shift visual attention among multiple channels while integrating nonverbal feedback to maintain
conversational coherencel?2?l, Changes in fixation rate and duration at turn-transition points reflect the combined effects of social
expectations, role switching, and cognitive load[??l. Joint attention!?!], has been noted as the foundation for collaboration,
encompassing not only simple gaze following but also complex processes of intention understanding and social cognition.
Subsequently, a social gaze space framework!?’! was proposed. This framework identifies five basic gaze states, whose dynamic
combinations yield twenty-five possible dyadic interaction patterns within a two-dimensional social gaze space.

2.3 Data collection in immersive settings

Virtual reality has revolutionized experimental control and 3D spatial data acquisition. Wearable eye trackers have overcome
laboratory constraints, allowing participants to move freely during interaction tasks while recording precise head movements and
gaze coordinates!*l. The Microsoft HoloLens 2, equipped with advanced tracking technology, achieves high accuracy in static
scenarios, while its calibration algorithm significantly reduces setup time. An independent assessment[?’! indicates that while
HoloLens 2 enables practical eye-tracking in immersive settings, achieving research-grade signal quality depends critically on
rigorous recalibration. Calibration algorithms can shorten setup time but may introduce systematic biases due to imaging and
estimation methods; such limitations should be transparently reported and controlled in experimental design!?!l. Challenges in data
collection also include environmental adaptability and noise reduction. Visual convergence conflicts in VR can introduce data
anomalies!*’], while sensor fusion techniques can mitigate motion artifacts.

2.4 Eye-movement data analysis methods

With the accumulation of large-scale eye-movement datasets, analysis methods have evolved from manual area of interest (AOI)
definitions toward automated, intelligent approaches. Emerging techniques include dynamic, adaptive AOI segmentation and
scanpath similarity algorithms such as ScanMatchl3°l, Deep-learning-based sequence-prediction models, exemplified by
DeepGaze 113" and related frameworks, leverage long short-term memory!®?! and Transformer architectures[®l for scanpath
modeling. Automated feature extraction and temporal clustering enable detection of microsaccades, fixation shifts, and sustained
gaze patterns, providing fine-grained characterization of attention flow in complex social scenarios*!l. Iwauchi et al.l®l developed a
novel eye-movement analysis method combining fixation heat maps and convolutional neural networks, significantly enhancing the
identification accuracy of children and adults with neurodevelopmental disorders from facial expression eye-tracking data. Overall,
proper event-detection algorithms and transparent reporting of classification parameters are essential to ensure the comparability
and interpretability of resultsi®°l.

3. Methods
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3.1 Participants

We obtained eye movement data from normally developed adults on campus. A total of 17 graduate students from the fields of
biology, information, and materials sciences were recruited for this study. All participants were native Japanese speakers (14 males
and 3 females) aged between 23 and 30 years (mean = 23.47, standard deviation (SD) = 2.54). All participants had no known visual
impairment or neuropsychiatric disease. To ensure the scientific and ethical compliance of the experimental data, all participants
signed an informed consent form before the experiment began, and the relevant procedures were approved by the Ethics Committee
of the Nara Institute of Science and Technology. All collected experimental data were anonymized, personal identifying information
was completely desensitized, and participant recordings were only available to authorized experts for scientific research analysis.

3.2 Experimental apparatus and setup

The experimental site was a quiet conference meeting room with consistent lighting and noise conditions. Three people were
arranged in each round of the experiment: two conversational partners and one subject as a listener. The three seats were arranged
in an equilateral triangle, with the subject facing the camera. See Figure 1 for the specific arrangement. The listener wore a Microsoft
HoloLens 2, and the two conversational partners were placed in front of the participant at a distance of about 6 meters. In order to
fully record the experimental process, this study set up a Nikon high-definition camera 5 meters in front of the subject for overall
image acquisition, and placed a side camera (recorded from a mobile phone, Google Pixel 6a) on the left side of the subject for local
close-ups. The side camera was operated by the conversational partner seated on the right.
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Figure 1. Experiment setting.
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3.3 Procedure

Participants were required to complete the following experimental process, and all steps were supervised by a dedicated person to
ensure standardized operation:

1) Participants first filled in two self-assessment questionnaires (Kikuchi Social Skills Scale-18 (Kiss-18) and Liebowitz Social Anxiety
Scale-Japanese (LSAS-J)), which measure social skills, interaction fluency, and social anxiety levels, respectively.

2) Participants spent 20-25 minutes learning the gestures and operation interface of HoloLens 2 under the guidance of a researcher
and performed at least one sight calibration procedure to ensure the accuracy of the collected data. Given that some participants
were not familiar with AR devices, the duration of the learning phase was adjusted based on their familiarity and proficiency with the
gestures and interface.

3) Prior to the experimental session, the HoloLens 2 eye tracking system was calibrated for each participant. The device employs a
five-point calibration procedure where participants fixate on predefined points in the visual field.

4) Participants were required to listen to three independent conversations between two conversational partners around preset
topics. Each conversation was triggered by the participant’s own gesture operation of the “start” and “end” buttons to collect eye
movement data. Each conversation lasted between 1.5 and 2.5 minutes. All participants spoke with the same group of conversational
partners, and the roles of the conversational partners did not change. A one-minute break was set between each conversation to
prevent fatigue. In the meantime, participants removed the HoloLens 2. Before starting the next conversation task, calibration was
performed again.
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5) After all the conversations were over, participants were asked to complete a questionnaire to provide feedback on their subjective
experience and suggestions.

3.3.1 Initial questionnaires

Before the experiment began, participants were administered two questionnaires: the Kiss-18 and LSAS-J. The Kiss-18 questionnaire
covers 18 items and uses a 5-point scale to evaluate the participants’ interpersonal communication skills and interaction smoothness.
The LSAS-J, a Japanese version of the Liebowitz Social Anxiety Scale developed by Michael R. Liebowitz, evaluates social anxiety by
measuring discomfort when being watched and tendencies to avoid anxiety and fear. It is considered one of the effective tests for
detecting social anxiety disorders. Scores on the LSAS-J range from 0 (no anxiety) to 3 (severe anxiety), with avoidance probabilities
from 0 (no avoidance) to 3 (high likelihood of avoidance).

3.3.2 Gaze data collection interface

We developed a software application for the HoloLens 2 to collect eye movement data from participants, designed with a minimalist
interface featuring only ‘Start” and ‘Stop’ buttons for ease of use. Participants were required to calibrate the device once before
starting the actual data collection. The interface cleared all buttons from the field of view when the ‘Start’ button was pressed,
beginning the recording of eye movement data. Upon conversation completion, the participant summoned the ‘Stop’ button via voice
control and pressed it to conclude the session. Simultaneously, a first-person perspective video was recorded to aid in subsequent
data analysis.

3.3.3 Dialogue and interaction protocol

The experimental dialogue was conducted by a male and a female student, both of whom were graduate students from the same
institution and had received topic training to ensure that the rhythm of each dialogue was natural and smooth. The content of the
dialogue was based on three pre-set daily topics. Some sessions were designed with scenarios requiring the subjects to make short
answers or confirmations to enhance the naturalness and sense of participation in the dialogue. The listening-dominated protocol
was employed because listeners are primarily constrained to nonverbal channels, making their social competence manifest through
specific indicators like nodding and gaze control. Participants were free to make natural body movements during the experiment to
avoid deliberate restraints that would affect their natural interactive behavior.

3.3.4 Expert evaluations

Two experimental recordings (overall and local videos) were evaluated by a psychiatrist from Nara Medical University using a
comprehensive social competence assessment protocol. The rater was a mid-career clinician with over 20 years of clinical
experience. He has conducted SST and has performed the social competence assessments used in this study for over a decade. Social
competence level was quantified solely by the social competence score, the last and most comprehensive dimension of the clinician’s
multicomponent evaluation manual. The social competence score was based on a strictly standardized clinical protocol with explicit
behavioral anchors for each scale point to ensure consistency. This choice reflects that overall social competence integrates
listening, speaking, requesting, and declining behaviors into a single, clinically validated index.

The Social Competence Score was rated on a 5-point scale (1 = inadequate, 2 = below average, 3 = average, 4 = above average,
5 = excellent), according to the following behavioral criteria:

« Listening: attention and genuine engagement with the speaker, including affirmatory feedback such as appropriate nodding,
back-channeling, and expressions of empathy.

* Speaking: appropriateness of verbal content, sensitivity to the listener’s responses, and real-time adjustment of speech based on the
conversational partner’s cues.

* Requesting: clarity in expressing assistance needs, receptivity to the other’s suggestions, and maintenance of a positive
interpersonal tone—even when negotiating or dealing with refusal.

* Declining: delivery of refusals with valid reasoning, expression of regret or politeness, and proposal of acceptable alternatives to
maintain rapport.

Each domain is defined by explicit behavioral anchors for every scale point. For example, a 5 on listening indicates natural,
context-sensitive nodding and verbal empathy that clearly convey understanding, whereas a 1 reflects behaviors that fail to signal
attention or may even convey disinterest. While this comprehensive SST manual includes multiple domains for various social
scenarios, the psychiatrist specifically applied the listening domain for this study. This domain was selected to ensure the assessment
was strictly aligned with the experimental task’s listening-dominated context.

3.4 Statistical analysis

All analytical procedures were performed following data processing and feature extraction, ensuring that the results were both
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robust and reproducible. The analysis workflow comprised several steps: data cleaning, event detection, AOI assignment, feature
calculation, and statistical evaluation.

3.4.1 Data cleaning and preprocessing

Raw gaze and head movement data were collected from the participants using the HoloLens 2 headset. All analyses were
implemented in Python, leveraging pandas for structured data processing, numpy for numerical operations, scipy for statistical
testing, and matplotlib and seaborn for figure generation. After evaluating raw data quality, 6 outlier samples (e.g., due to tracking
loss or instability) were excluded, leaving 45 final valid samples across 17 participants (each with 3 videos recorded).

3.4.2 Event detection

For gaze sampling, we used the native-frequency eye-tracking data (50-55 Hz) collected from the HoloLens 2 eye tracker. Additionally,
concurrent video recording was captured at approximately 26-28 Hz for facial landmark detection. The two data streams were
synchronized using their timestamps for subsequent post-processing and analysis. We employed a velocity-based classification
algorithm to distinguish between fixations and saccades, following established protocols in eye-tracking research. For behavioral
feature extraction, we implemented different detection criteria optimized for different analysis requirements: for head movement
analysis, nodding behavior was manually annotated from ground truth data to ensure accuracy, as automated detection of subtle
head gestures proved challenging in our mixed-reality environment. For AOI-based attention analysis, we used a refined fixation
detection approach with angular velocity criterion (30°/sec threshold) and minimum temporal duration constraints for fixations
(= 100 ms) and saccades (= 20 ms), which provided robust identification of intentional gaze patterns toward speaker regions. For
spatial attention distribution analysis, fixation centers were extracted using an optimized velocity threshold approach, enabling
precise calculation of gaze dispersion patterns across the visual field.

3.4.3 AOI definition and detection

Speaker AOIs were robustly defined via post-hoc facial landmark detection. Using OpenCV and custom Python scripts, five facial
landmark keypoints (left/right eye, nose tip, mouth left/right corners) were extracted to outline anatomical AOIs: (1) Head AOI
(the bounding box covered a square from the top of the head to the chin); (2) Shoulder AOI (the rectangular area below the head AOI,
the width of which was estimated based on the dataset). Each AOI tracked the apparent movement of the speaker’s head.

3.4.4 Speaker identification

To temporally match AOIs with the current speaker, a lightweight voice activity classifier was pre-trained on the raw dataset. Audio
streams were processed with librosa and speaker segments were assigned by SVMs based classifier. Finally, gaze point, AOI, and
speaker information were thus mapped to the first-person perspective video captured by HoloLens 2.

3.4.5 Feature calculation and selection

Based on established social cognition theory and eye-tracking literature, we focused on three key behavioral dimensions that reflect
social competence: nonverbal feedback behavior, selective attention allocation, and attentional control stability.

Nodding Frequency: Head nodding, as a critical nonverbal feedback signal, was quantified through manual annotation of ground
truth data. The frequency was calculated as nods per minute during active conversation periods.

Speaker Attention Allocation: To capture selective attention patterns, we computed the proportion of gaze directed toward different
speaker AOIs. Specifically, head region attention, denoted as Ry..q, Was defined as the ratio of gaze samples where participants were
fixating within the current speaker’s head AOI to the total number of valid gaze samples (N):

Zﬁil Iﬁxation (l) : Ihead (gia AOIspeaker ,i) (l)
N

Rhead -

where N is the total number of valid gaze samples, and i indexes each sample. Here, I;usion() is an indicator function equal to 1 if the
i-th sample was a fixation, and 0 otherwise; Ineaq(gi» AOIspeater,) €quals 1 if the gaze point g; falls within the speaker’s head AOI in
sample i, and 0 otherwise.

Similarly, Shoulder region attention (Rg,..qer) Was computed as the ratio of gaze samples falling within the speaker’s shoulder AOI:

Zf\il Tshoulder (gi, AOL)
N

2

Rshoulder =

where Igouderlgi» AOI) indicates whether the i-th gaze point falls within the shoulder AOI, representing less informative peripheral
areas.
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Vertical Attention Stability: To assess attentional control, we calculated the SD of fixation centers in the vertical y axis, defined as:

1 & 2
o=\ 712 Wi—9 3

i=1

where N represents the total number of valid fixation samples, y; is the vertical coordinate of the i-th fixation center, and } is the
mean vertical coordinate across all fixations for that participant. This metric quantifies how dispersed or concentrated the
participant’s gaze is in the vertical dimension; lower values indicate more focused and stable vertical attention, reflecting stronger
attentional control during social cognition tasks.

3.4.6 Correlation analysis

Correlation between all candidate features and the social competence score (range from 1-5, rated by an expert psychiatrist from
Nara Medical University) was evaluated using Spearman’s rank correlation as appropriate (significance threshold a = 0.05). For each
participant, eye-movement metrics were aggregated across their three sessions by computing mean values. This resulted in N = 17
independent observations. The analysis focused on the three pre-selected features based on social cognition theory: nonverbal
feedback (nodding), selective attention allocation (head/shoulder AOI ratios), and attentional control (vertical gaze stability). To
further validate the robustness of the relationship between nodding frequency and social competence scores, and to account for
potential confounding factors, such as individual variability in adapting to the headset’s weight, a linear mixed model (LMM) was
conducted. In this model, nodding frequency was treated as a fixed effect, while participant ID was included as a random effect to
control for the non-independence of observations and for inherent individual differences.

4. Results

4.1 Dataset description

The final dataset comprised 45 high-quality valid samples, derived from 17 participants who each completed three distinct
conversation observation tasks (after the removal of 6 abnormal samples due to eye-tracking signal loss, excessive head movement,
or audio synchronization issues). The social competence scores, assessed by an experienced clinical psychiatrist using a five-point
Likert scale and a comprehensive role-play evaluation (covering eye contact, posture, facial expressiveness, vocal modulation,
conversational fluency, and social adequacy), were distributed as follows: 2 (n = 6, 13.3%), 3 (n = 7, 15.6%), 4 (n = 16, 35.6%), and 5 (n = 16,
35.6%).

For between-group comparisons, based on balanced sample size considerations and clinical psychiatrist evaluation practices, the
dataset was divided into three groups: the low social competence group (scores 2 and 3, n = 13), the medium social competence
group (score 4, n = 16), and the high social competence group (score 5, n = 16). This grouping approach ensures comparable sample
sizes across groups, meets the requirements for statistical analysis, and reflects the common stratification approach for social
competence levels in clinical assessments. The scale was slightly biased toward higher scores, with the social adequacy dimension as
the study’s core outcome variable.

Prior to the conversation observation tasks, all participants completed standardized psychological assessments, including LSAS-J and
Kiss-18, which provided complementary measures of social anxiety levels and social competence skills, respectively. The
demographic characteristics and psychological assessment results are summarized in Table 1 and Table 2. The psychological profiling
revealed a heterogeneous sample with varying degrees of social anxiety and social skills competency, providing an appropriate range
for investigating the relationship between individual differences in social functioning and oculomotor behaviors during social
interactions.

Table 1. Participant demographics and descriptive statistics for LSAS-) and Kiss-18 questionnaires.

Variable Value

Demographics

Total participants, n 17

Male, n (%) 14 (82.4)
Female, n (%) 3(17.6)
Age (years), Mean + SD 247 +23

Age range (years) 23-30
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LSAS-)

Total score, Mean + SD 56.4 +20.3
Total score range 17-105
Fear/Anxiety subscale, Mean + SD 322+125
Avoidance subscale, Mean + SD 242 +89
Kiss-18

Total score, Mean + SD 62.1£9.9
Total score range 47-80

Gender-based Analysis

Male participants

LSAS- total, Mean + SD 58.0 +22.1
Kiss-18 total, Mean + SD 61.9+93
Female participants

LSAS- total, Mean + SD 49.0+6.6

Kiss-18 total, Mean + SD 63.3+15.2

LSAS-J: Liebowitz Social Anxiety Scale-Japanese; Kiss-18: Kikuchi Social Skills Scale-18; SD: standard deviation.

Table 2. Classification distribution for LSAS-J and Kiss-18 scales.

Classification n Percentage (%)

LSAS-J Social Anxiety Severity

Normal (0-29) 1 5.9
Borderline (30-49) 5 294
Moderate (50-69) 8 471
Severe (70-89) 2 11.8
Very severe (> 90) 1 5.9

Kiss-18 Social Skills Level

Low social skills (< 54) 4 235
Moderate social skills (54-62) 5 29.4
High social skills (= 63) 8 471

LSAS-J: Liebowitz Social Anxiety Scale-Japanese; Kiss-18: Kikuchi Social Skills Scale-18.

Through a systematic multi-method analytical framework, we identified three key oculomotor behavioral patterns significantly
associated with social competence and calculated between-group differences, as detailed below (Figure 2, Figure 3, Figure 4).

4.2 Main findings

4.2.1 Finding 1: Nodding frequency strongly indicates social competence level

Nodding, as a salient nonverbal social signal, exhibited an exceptionally robust positive association with social competence ratings.
In our analysis, the position data from HoloLens 2 were initially used to approximate head movements, but manual counting provided
more accurate nod frequency results for this study.

As shown in Figure 2, nodding frequency (nods per minute) had a Spearman correlation coefficient of r = 0.820 (p < 0.001) with social
scores, marking it as the single strongest behavioral predictor observed.
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Finding 1: Nodding Behavior and Social Competence
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Figure 2. Nodding frequency (nods per minute) by social score. Clear monotonic increase with score, with strong positive correlation r = 0.820, p < 0.001.

Between-group comparison analysis showed a clear progressive pattern: the 2-score group demonstrated a mean nodding frequency
of 0.52 * 0.18/min, significantly lower than all other groups; the 3-score group increased to 2.95 # 0.37/min, indicating emergence of
nonverbal feedback; the 4-score group reached 3.47 * 0.64/min, maintaining a steady interaction rhythm; while the 5-score group
peaked at 4.63 + 0.71/min. Between-group differences were statistically meaningful (p < 0.001), indicating that nodding frequency can
effectively distinguish individuals with different social competence levels. The LMM results further bolstered the primary findings.
After accounting for individual random effects, nodding frequency remained a highly significant positive predictor of social

competence (Byq = 0.684, p < 1e - 8, 2 = 0.880). The marginal R? (R2 = 0.553) indicated that nodding frequency alone explained 55.3% of
the total variance in social scores.
4.2.2 Finding 2: The high social score group focused more on the speaker’s head area and less on the shoulder area

Visual attention patterns revealed pronounced differences in social-cognitive strategies. Analysis of gaze distribution toward speaker
regions showed systematic differences, as depicted in Figure 3.

Finding 2A: Head Region Attention by Social Score Finding 2B: Shoulder Region Attention by Social Score
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(a) Head region AOI ratio (b) Shoulder region AOI ratio

Figure 3. AOI ratios (Head and Shoulder) to speaker across social score. Statistically robust findings: Head region attention showed a significant positive trend (r = 0.551,
p =0.0218); Shoulder region attention was significantly negatively correlated (r = -0.539, p = 0.0256), reflecting differential attention allocation strategies. AOI: area of

interest.
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Finding 3: Vertical Gaze Dispersion Pattern
* [Spearman r=-0.388,p = 0.124]
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Figure 4. Vertical gaze dispersion by social score. Narrower vertical dispersion (pixels) in higher competence groups (r = -0.388, p = 0.124) reflects more focused vertical

scanning.

Visual attention analysis of speakers’ head regions showed a positive trend relationship with social competence. As shown in
Figure 3a, head region attention proportion showed a positive correlation trend with social scores (Spearman r = 0.551, p = 0.0218

Between-group comparison showed: the 2-score group participants fixated on the head region for an average of 12.5% of the total
time, the 3-score group for 7.0%, the 4-score group increased to 11.8%, and the 5-score group reached 13.8%. There were differences
between groups (p < 0.05), indicating that individuals with higher social competence tend to focus attention more on head-face
regions that contain rich social information.

Detailed group analysis showed: the 2-score group participants fixated on shoulder regions for 24.1% of total time, higher than other
groups; the 3-score group for 24.5%; the 4-score group decreased to 20.5%; the 5-score group lowest at 19.5%. Between-group
differences were highly statistically meaningful (p < 0.01), indicating that high social competence individuals can effectively avoid
allocating excessive attention to peripheral regions with low information content.

Attention allocation analysis of the shoulder regions revealed a strong negative correlation with social competence. As shown in
Figure 3b, shoulder region attention proportion showed a strong negative correlation with social scores (Spearman r = -0.539,
p = 0.0256).

Synthesizing these findings, high social competence participants demonstrated precise attentional orientation: they not only
recognized which features (facial/head) deserved priority but also effectively minimized focus on non-informative (shoulder,
peripheral) cues, reflecting more advanced social-cognitive control and efficient information processing strategies.

4.2.3 Finding 3: High social competence linked to focused vertical gaze patterns

Spatial analysis of gaze distributions (Figure 4) introduced a novel finding: high social competence individuals exhibited markedly
lower vertical dispersion of gaze (SD in Y coordinates). As shown in Figure 4, vertical gaze dispersion (pixels) showed a negative
correlation trend with social scores (Spearman r = -0.388, p = 0.124).

Specific between-group comparison results showed: the 2-score group’s vertical dispersion averaged 147.5 * 13.4 pixels, indicating
highly scattered vertical scanning patterns; the 3-score group was 130.3 * 43.8 pixels; the 4-score group decreased to 107.3 + 47.6
pixels; and the 5-score group lowest at 95.3 + 17.2 pixels, demonstrating the most concentrated and stable vertical attention pattern.
Between-group differences reached statistical significance (p < 0.05), with a medium to large effect size.

In contrast, horizontal gaze dispersion did not differ by social competency (r = -0.006, p = 0.981), with minimal variance across groups.
This suggests that all participants engaged in similar horizontal scanning (possibly to track multiple speakers’ locations), but only the
higher social competence group achieved a vertically focused gaze, optimizing attentional investment in social communication. This
vertical-horizontal attention dissociation may reflect a mature selective-attention mechanism: in multi-person interactions, socially
adaptive individuals maintain horizontal flexibility while exerting fine-grained control vertically, focusing on the most socially
informative facial areas, usually positioned at a fixed vertical height.
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4.3 Post-hoc statistical power analysis

A post-hoc power analysis, conducted with G*Power 3.157 (N = 17, a = 0.05, two-tailed), yielded varying levels of statistical power
across the four indicators. Specifically, nodding frequency exhibited a high effect size (r = 0.820, p < 0.001) with an achieved power of
0.999. For attention allocation, head AOI attention (r = 0.551, p = 0.0218) and shoulder AOI attention (r = -0.539, p = 0.0256) achieved
power values of 0.720 and 0.693, respectively. In contrast, vertical gaze stability showed a smaller effect size (r = -0.388, p = 0.124) with
an achieved power of 0.369.

4.4 Self-report questionnaires results

To examine whether participants’ self-perception of social skills and anxiety aligned with objective behavioral indicators, Spearman
correlations were computed between Kiss-18 and LSAS-J scores and each of the three primary eye-movement indicators.

Kiss-18 and Eye-Movement Indicators: Kiss-18 total scores showed weak and non-significant correlations with all primary
eye-movement indicators: nodding frequency (r = 0.191, p = 0.462), head region attention (r = 0.108, p = 0.680), and shoulder region
attention (r = 0.177, p = 0.498).

LSAS-J and Eye-Movement Indicators: LSAS-J total scores demonstrated near-zero correlations with nodding frequency (r = 0.011,
p = 0.966) and head region attention (r = 0.237, p = 0.360), but showed a slight positive trend with shoulder region attention (r = 0.254,
p = 0.326), approaching marginal significance. Similarly, LSAS-J fear-anxiety subscale scores correlated with shoulder attention
(r=10.257, p = 0.320).

5. Discussion

5.1 Considerations on self-reported measures versus clinician-rated social scores

In the present study, the self-reported questionnaires, including Kiss-18 and LSAS-J, showed no significant correlations with the
psychiatrist-rated social competence scores. This discrepancy can primarily be attributed to the inherent subjectivity and variability
in self-assessments. Kiss-18 (self-perceived social skills) showed weak correlations with objective indicators: nodding frequency
(r=0.191, p = 0.462), head AOI attention (r = 0.108, p = 0.680), and shoulder AOI attention (r = -0.177, p = 0.498), indicating limited
conscious access to one’s own nonverbal behavior. LSAS-J (self-reported social anxiety) showed a near-zero correlation with nodding
(r=-0.011, p = 0.966), yet a positive trend with shoulder-region attention (r = 0.254, p = 0.326), suggesting anxiety-related attention
biases. In contrast, the psychiatrist-rated evaluations provided multidimensional assessments grounded in professional observation
and standardized criteria. Eye-movement indicators showed robust correlations with social competence (r = 0.820, r = 0.551, and
r = -0.388) yet minimal correlation with Kiss-18 and weak associations with LSAS-J. This pattern indicates that social competence as
manifested in oculomotor behavior represents largely automatic and implicit skill—one that individuals may not consciously monitor
or accurately self-assess. The independence of objective eye-movement biomarkers from explicit self-report measures underscores
an important distinction: objective behavioral metrics capture implicit, automatic aspects of social competence, orthogonal to
conscious anxiety experience or subjective skill perception. This dissociation has important implications for assessment and training:
interventions may be more effective if they focus on automatic behavioral modification rather than relying on subjective awareness.
Exploratory correlation analyses showed weak correlations between Kiss-18 and expert-rated social competence (r = 0.064, p = 0.806).

Overall, this divergence highlights that social functioning is multi-dimensional: self-reports capture the subjective-affective
dimension (internal stress and anxiety), whereas expert ratings focus on the objective-behavioral dimension (perceptible social skills).
The results suggest that individuals may perform competently in social interactions despite experiencing significant internal anxiety.

5.2 Interpretation of core findings

5.2.1 Nodding frequency as a robust biomarker for social competence

Our data reveal an exceptionally strong positive correlation (r = 0.820, p < 0.001) between nodding frequency and social competence,
confirming that frequent, well-timed nodding is a powerful non-verbal marker of social engagement in group conversations[®l. This
pattern is highly consistent across analytic pipelines and remains robust after controlling for other gaze features. This robust finding
persists across the full range of competence levels (from 0.52 to 4.63 nods per minute, p < 0.001), demonstrating a consistent
individual variation in nodding frequency linked to social competence.

Prior research on nodding has established that head nods serve multiple communicative functions—signaling attention, agreement,
understanding, and conversational reciprocity!®l. However, most prior studies have examined dyadic (two-person) interactions in
constrained laboratory settings with face-to-face positioning!”. Our triadic conversation context is cognitively more demanding,
requiring participants to process simultaneous input from two speakers while maintaining participatory engagement. The
persistence of the exceptionally strong nodding-competence relationship in this more complex context extends prior findings by
demonstrating that nodding’s role as a social competence marker generalizes across interactive complexity levels—from dyadic to
multi-person scenarios.
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Why does social competence manifest as higher nodding frequency? We propose a mechanistic model involving rapid
social-cognitive processing: Individuals with higher social competence process conversational content more efficiently. This rapid
comprehension translates into appropriately-timed nodding feedback that signals understanding, maintains conversational rhythm,
and supports joint attention. In contrast, individuals with lower social competence may struggle with the conversational content
processing, resulting in delayed, infrequent, or absent nodding. Supporting evidence for this mechanism comes from the linear,
continuous relationship between competence level and nodding frequency (rather than a threshold effect). A threshold would suggest
effortful behavioral performance (“if 'm aware I should nod, I'll do it”), but the gradient suggests automatic, competence-linked
variation in nodding—consistent with efficient processing triggering natural nonverbal feedback. Furthermore, nodding showed
independence from self-reported social anxiety (LSAS-J: r = -0.011, p = 0.966), indicating that this behavior operates largely outside
conscious emotional experience. This automaticity renders nodding resistant to conscious suppression or deliberate control, making
it particularly valuable for assessment contexts where behavioral masking may occur.

These findings have implications for assessment, training, and theory. Practically, objective measurement of nodding frequency via
eye-tracking provides a quantifiable marker of social engagement that is difficult to fake or deliberately suppress (unlike consciously
controlled eye contact or verbal responses). This resistance to conscious control makes nodding-based assessment potentially
valuable in clinical settings where detection of behavioral masking is important. For instance, in assessing individuals with social
anxiety who might consciously suppress anxiety-driven avoidance behavior while their genuine engagement levels remain
suboptimal.

5.2.2 Precise visual attention allocation reflects social information maximization

Socially competent individuals focused their visual attention strategically on the speaker’s face and head while actively avoiding
peripheral cues (e.g., shoulders), demonstrating a “head-focused, shoulder-avoidant” attention allocation pattern. This precise
attentional strategy matches theories of top-down attention and information value maximization: high social competence is marked
by the efficient, strategic deployment of limited visual resources toward the most information-rich regions!*’l. The present study
identified robust head region attention (r = 0.551, p = 0.0218) and strong negative shoulder region attention (r = -0.539, p = 0.0256)
correlating with social competence ratings. These findings demonstrate not merely a trend but systematic, statistically significant
attentional strategies reflecting differential social-cognitive control. Recent neuroscientific findings demonstrate that eye
movements directly track attended auditory features during selective listening, a phenomenon termed Ocular Speech Tracking!!'l.
This evidence validates that gaze allocation patterns reflect underlying attentional mechanisms engaged in processing speech. In
multi-modal listening scenarios, listeners face strategic challenges in allocating limited visual attention among multiple competing
information sources: verbal articulation, facial expressions, hand gestures, and body language. Prior research in social attention!’!
has demonstrated that individuals with autism spectrum conditions or social anxiety exhibit systematic gaze avoidance of the face,
particularly the eye region, a pattern theoretically linked to threat-salience or reduced social motivation. Our findings present an
interesting contrast: rather than face-avoidance, our high-competence group demonstrated face-prioritization coupled with
shoulder-avoidance. This pattern reflects a mature, adaptive attentional strategy in which listeners maximize the extraction of
emotionally and communicatively salient information (conveyed through facial cues) while minimizing resources devoted to
non-informative peripheral regions. The shoulder-region attention bias observed in some lower-competence participants may reflect
anxiety-driven attentional patterns, as evidenced by our exploratory finding that LSAS-J showed a positive association with
shoulder-region attention (r = 0.254), suggesting an anxiety-related avoidance of facially-concentrated social cues.

The efficiency of this mechanism is evident in the fact that high-competence listeners achieve superior social information processing
not through increased overall visual exploration (saccade frequency showed no correlation with competence), but through the
strategic allocation of resources—spending less time in non-informative regions and more efficiently extracting information from
high-value regions.

5.2.3 Vertical gaze concentration reflects attention control mechanisms

A novel and robust finding is that socially competent individuals exhibited markedly lower vertical dispersion of gaze (SD in
Y coordinates: r = -0.388, p = 0.1243), characterized by minimized excess scanning along the vertical axis. Between-group analysis
revealed: the low-competence group vertical dispersion averaged 147.5 * 13.4 pixels (highly scattered vertical scanning); the
medium-competence group 107.3 + 47.6 pixels; and the high-competence group 95.3 = 17.2 pixels (most concentrated and stable
vertical attention pattern). Between-group differences reached statistical significance (p < 0.05), with medium to large effect size.
Notably, horizontal gaze dispersion showed no correlation with social competence (r = 0.035, p = 0.818), indicating that the effect is
specifically vertical in nature: a spatial dissociation that has theoretical significance.

This vertical-horizontal dissociation reveals a sophisticated attentional mechanism underlying social competence. All participants
maintained similar horizontal scanning (possibly enabling tracking of multiple speakers at different horizontal positions), but only
higher-competence groups achieved vertically focused gaze, concentrating visual attention within a narrow vertical band. Since
critical facial features conveying emotional and social information (eyes, mouth) are arrayed within a restricted vertical space, this
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vertical concentration represents an elegant optimization: maintaining flexible horizontal exploration while exerting fine-grained
vertical control, thereby maximizing simultaneous speaker-tracking and social-information extraction. Neurocognitively, this pattern
corresponds to functional specialization of dorsal and ventral attentional networks. The superior vertical concentration in
high-competence individuals likely reflects enhanced ventral network efficiency or superior coordination between dorsal flexibility
and ventral salience mechanisms, allowing these individuals to maintain both horizontal adaptability and vertical precision
simultaneously!*!,

Critically, vertical gaze concentration showed a near-zero or weak correlation with explicit self-awareness measures: yqyq
demonstrated non-significant association with LSAS-J total (r = -0.281, p = 0.275) and with Kiss-18 total (r = -0.179, p = 0.492). This
independence from both explicit anxiety experience and conscious social skill awareness indicates that vertical attention control
reflects automatic, implicit processes operating largely outside conscious regulation.

Consider behavioral masking scenarios: an anxious individual might consciously amplify nodding frequency or deliberately maintain
eye contact to appear competent despite internal discomfort. However, in individuals with high social anxiety, objective gaze metrics
like vertical stability are less susceptible to deliberate compensation compared to verbal or explicit nonverbal cues. Simultaneously
maintaining convincingly natural vertical gaze concentration while executing conscious behavioral modifications would be
cognitively demanding or impossible. This automaticity and resistance to conscious control aligns with neuroscientific evidence from
the study!*’l that eye movement patterns during effortful listening operate largely outside voluntary regulation. The authors
demonstrated that listeners’ eye movement responses to speech reflect implicit, automatic processes rather than consciously
controlled gaze deployment. Thus, vertical gaze concentration emerges as a particularly valuable biomarker precisely because it is
difficult to fake or deliberately suppress—making it effective for detecting genuine attentional control capacity versus performed or
artificially maintained social behavior.

These findings establish vertical attention control as a distinct dimension of social competence, one that captures executive function
and automatic attentional processes. The robustness of this relationship, despite the moderate effect size, derives from the metric’s
independence from conscious control and its grounding in fundamental neurocognitive mechanisms.

Future research with larger samples should confirm whether vertical gaze stability can serve as a diagnostic indicator of executive
dysfunction or attentional control deficits that might manifest in social contexts.

5.3 Masking and the self-report/behavior dissociation

The absence of correlation between LSAS-J and behavioral competence merits discussion. One explanation is anxiety-driven
behavioral compensation or “masking”: high-anxiety individuals may consciously elevate nodding frequency to appear competent
despite subjective anxiety. However, our findings provide partial evidence against pure masking as the sole mechanism: (1) The
strong nodding-competence correlation extends across all competence levels showing a linear gradient rather than a threshold
effect, suggesting genuine engagement processes rather than performed behavior; (2) Vertical gaze concentration is subtle and
unlikely under voluntary control—individuals cannot consciously suppress vertical dispersion while simultaneously maintaining
convincing nodding; (3) Three independent indicators (nodding, head attention, vertical stability) show convergent validity,
suggesting a coherent underlying construct. Nevertheless, distinguishing genuine competence from anxiety-driven masking requires
future research employing physiological measurement (skin conductance, heart rate variability), post-interaction interviews
assessing subjective experience, and explicit masking propensity assessment.

5.4 Implications for SST systems

The identification of these three robust, gaze-based markers has direct translational potential for the design of next-generation social
competence training platforms. With classical training approaches often relying on subjective assessment, our findings provide
empirically grounded, objective targets for real-time, adaptive feedback:

Real-Time Nodding Monitoring: Integrating head-pose tracking to monitor nod frequency and temporal alignment, systems can
deliver instant feedback when nodding is insufficient or inappropriately timed. Advanced modules could analyze the synchrony
between nods and conversational content, guiding users to provide relevant non-verbal feedback.

Visual Attention Training: Utilizing gaze tracking, training modules can prompt users to direct their visual attention to the speaker’s
face, providing corrective cues when attention drifts to non-informative regions (e.g., shoulders). Programs can be structured with
escalating difficulty, from static image practice to video-based scenarios and live interactive tasks.

Spatial Attention Games: Based on the vertical concentration finding, systems may offer gamified tasks requiring vertical gaze
stability alongside flexible horizontal exploration, thereby strengthening fine-grained attentional control in realistic social contexts.

Personalized, Adaptive Curriculum: By continuously monitoring user-specific patterns (e.g., low nodding frequency, wide vertical
dispersion, shoulder attention), systems can dynamically adjust training modules, allocating more practice to the user’s greatest
needs. This ensures maximal relevance and efficiency.
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These innovations enable a shift from generic, didactic social skills instruction toward highly individualized, objective, and
evidence-driven intervention.

5.5 Limitations and future research

There are several limitations that deserve further discussion:

Limitations of Sample Size. Although the 45 samples in this study achieved sufficient effect size in statistical tests, the sample size was
relatively small, and the participants were mainly college students with relatively homogeneous age and cultural background. Future
research needs to expand the sample size to include a wider range of age groups and cultural backgrounds to verify the
generalizability of the findings. In particular, there may be significant differences in social behavior patterns among children and the
elderly, as well as in different cultural backgrounds.

Technical Constraints of HoloLens 2. (1) Visor Opacity: The HoloLens 2’s visual enclosure (the visor) prevents conversation partners
from clearly seeing the participant’s eyes and facial expressions. This may reduce the naturalness of their behavioral responses and
alter typical social feedback dynamics; (2) Equipment weight and head movement patterns: The HoloLens 2 weighs approximately
645 grams, substantially heavier than mobile eye-tracking glasses (70-100 g) used in naturalistic studies. Since nodding frequency is
one of the primary findings, equipment weight could potentially influence head movement patterns systematically. However, the
magnitude of between-group differences in nodding (0.52 + 0.18 to 4.63 = 0.71 nods/min, approximately 8.9-fold difference)
substantially exceeds what would be expected from uniform equipment effects alone. This suggests that social competence
differences are the primary driver of observed nodding variation; (3) Restricted field of view: The HoloLens 2 provides approximately
52 degrees of horizontal field of view, substantially narrower than natural human vision (~200 degrees). This artificial restriction may
limit natural gaze distribution patterns, particularly for peripheral attention; (4) Spatial mapping and rendering artifacts: While the
mixed-reality environment aimed for ecological validity, potential artifacts include minor spatial mapping inconsistencies and
rendering quality variations that could subtly affect the perceptual salience or perceived naturalism of conversation partners; (5) Eye-
tracking precision and calibration challenges: While the HoloLens 2’s eye-tracking system is generally reliable, it may encounter
challenges in certain conditions, such as extreme lighting, which may reduce tracking robustness. Besides, minor calibration drift
over the duration of a dialogue task may introduce noise.

Situational Specificity. The conversation scenes in this study are relatively controlled and standardized, but the complexity and
diversity of real social situations far exceed the experimental settings. Different types of social situations (formal vs informal,
familiar vs strange, conflict vs harmony, etc.) may trigger different eye movement patterns. Future research needs to verify the
robustness of the findings in more diverse situations.

Self-Report and Masking. The independence of objective eye-movement metrics from self-reported constructs (Kiss-18, LSAS-J) is
theoretically informative but also introduces interpretive complexity. A fundamental limitation is the difficulty in distinguishing
genuine social competence from anxiety-driven behavioral compensation. Individuals with high anxiety but low objective
eye-movement performance might represent truly struggling individuals; those with high anxiety yet high objective performance
might represent individuals engaging in effortful behavioral masking. Objective behavioral metrics alone cannot disambiguate these
scenarios.

Future Directions. With the rapid development of eye tracking technology, we can explore the application of more accurate and
portable devices in social research in the future. Future studies will employ lightweight, glass-type eye trackers to validate our
findings and minimize the potential influence of headset weight on natural social behavior. At the same time, combining other
physiological indicators (such as heart rate variability, skin conductance, etc.) may provide a more comprehensive social cognition
assessment. The application of machine learning and artificial intelligence technologies will also provide new possibilities for the
recognition and analysis of complex eye movement patterns.

6. Conclusion

This study provides clear and robust evidence for how specific eye movement and head gesture patterns relate to social competence
in dynamic, multi-person listening interactions. By having participants both listen to and engage in conversations while wearing the
Microsoft HoloLens 2, we collected rigorous eye-tracking and nonverbal behavior data in an ecologically valid setting. Three
important indicators of effective eye movement were discovered: nodding frequency, attention on the speaker’s key region, and
vertical gaze dispersion. These findings demonstrate that effective social behavior depends on well-defined, measurable patterns of
attentional control and nonverbal communication, which can be assessed objectively in realistic conversational contexts. Compared
to traditional static paradigms, the integration of auditory and visual information in dynamic dialogue scenarios offers a more
comprehensive evaluation framework. The potential of our results is substantial. The defined behavior indicators can serve as
objective targets for social-skills training interventions and may inform the development of adaptive, real-time feedback systems for
individuals with social communication difficulties.
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