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Abstract
Social Anxiety is an anxiety disorder that affectsmillions worldwide,
often leading to significant personal and social challenges. However,
existing detection methods—primarily interviews and self-reported
assessments—are resource-intensive, subjective, time-consuming,
and prone to recall bias, creating a significant gap in timely men-
tal healthcare. To address this gap, we explore the potential of
smartphone cameras combined with multimodal machine learn-
ing for non-intrusive anxiety detection. We collected video data
from 92 participants delivering impromptu speeches in an anxiety-
provoking setting and extracted fine-grained behavioral features
capturing head movement, eye gaze, upper body posture, and facial
action units. We trained machine learning and deep learning mod-
els on various unimodal and multimodal feature combinations and
achieved a best-performing accuracy of 74% in distinguishing SAD
from non-SAD participants. Our work demonstrates the feasibility
of leveraging ubiquitous smartphone cameras for non-intrusive,
real-time SAD detection with non-verbal cues, with implications
for scalable early screening and intervention.

ACM Reference Format:
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1 Introduction
Social Anxiety Disorder (SAD) is a prevalent mental health condi-
tion affecting 17% of youths globally [25]. Characterized by fear of
negative evaluation in social settings, SAD can significantly impair
relationships, education, and work performance — yet often goes
undiagnosed or untreated [1].

Current SAD assessments rely on clinician-administered inter-
views or self-reported questionnaires such as Depression Anxiety
Stress Scale (DASS), Social Interaction Anxiety Scale (SIAS), and
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Social Phobia Inventory (SPIN). However, these methods face chal-
lenges of recall bias, subjective interpretation, and limited scalability
beyond clinical settings [2, 24].

Video-based behavioral analysis offers a promising, non-invasive
alternative for scalable SAD detection. Prior studies have shown suc-
cess in detecting mental health conditions like depression [11, 16]
and stress [12, 27] from behavioral cues. However, SAD presents
unique challenges due to its context-driven, socially triggered man-
ifestations. While isolated video features (e.g., eye gaze) have been
explored [5, 17, 26, 28], the potential of fusing multiple behavioral
modalities for SAD detection remains underexplored.

In this work, we propose a video-based framework for momen-
tary anxiety detection that leverages multi-modal behavioral fea-
ture fusion. We recorded participants’ videos during a speech-based
stress task modeled after the Trier Social Stress Test (TSST), using
a low-cost smartphone camera setup. Additionally, we developed
a custom questionnaire specifically designed to assess anxiety ex-
perienced during the task, focusing on overall anxiety, perceived
performance, avoidance behavior, feeling scrutinized, and fear of
negative evaluation, with responses rated on a 5-point Likert scale.
Unlike existing trait-based SAD questionnaires (e.g., SIAS, DASS,
SPIN), which do not capture momentary fluctuations in anxiety,
our questionnaire is designed to assess state anxiety. From the
video recordings, we extracted a variety of non-verbal behavioral
features, including head pose, body posture, facial action units,
and eye gaze. After performing feature correlation analysis to re-
duce redundancy, we evaluated several machine learning models,
achieving 74% classification accuracy in distinguishing SAD from
non-SAD participants.

Our key contributions are: (i)We present amulti-modal video-based
framework for SAD detection, fusing behavioral cues such as eye
gaze, head pose, body posture, and facial action units. (ii) We demon-
strate the use of a low-cost, everyday smartphone camera for anxi-
ety detection.

2 Related work
Individuals experiencing mental distress often exhibit changes in
non-verbal behaviors that can be captured through visual sensing
technologies [13]. Prior research has explored the use of facial and
behavioral cues to assess mental health conditions, including stress,
depression, and anxiety, across settings such as interviews, public
speaking, conversations, and task-based evaluations [27]. For ex-
ample, controlled laboratory studies have induced stress through
external stressors and analyzed participants’ behavioral responses
using video recordings [12]. Other work has examined stress as-
sessment from facial videos collected during online meetings and

1
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social interactions [7, 16]. Similarly, Horigome et al. [16] analyzed
upper-body behaviors during conversations and reported signif-
icant differences in head movement between the depressive and
control groups.

Recent studies have increasingly adoptedmultimodal approaches
that combine multiple visual cues. Sun et al. [27] integrated facial
action units, eye gaze, and head pose features for stress estimation
and demonstrated the benefits of combining multiple behavioral
modalities. Similarly, Zhang et al. [31] utilized facial expressions
and body motion features for video-based stress detection. Beyond
handcrafted features, several researchers have employed machine
learning and deep learning techniques to model visual indicators
of mental distress. For example, Zhou et al. [32] proposed a deep
regression framework that analyzed multiple facial regions for
depression recognition. In contrast, Liu et al. [21] developed a mul-
timodal deep neural network that combined facial expressions and
body movements captured using commodity cameras. Other stud-
ies have leveraged facial action units [11], multimodal behavioral
features [30], and spatiotemporal deep learning architectures [8, 33]
to assess mental health conditions.

While prior research has demonstrated the utility of visual be-
havioral cues for assessing mental distress, much of the existing
work has focused on stress and depression. In contrast, relatively
little work has explored the detection of SAD using video-based
behavioral cues. To address this gap, we investigate the feasibility of
identifying SAD from low-cost smartphone-recorded videos using
head posture, body posture, facial action units, and eye gaze.

3 Data Collection
Participants: Student participants were recruited after obtaining
IRB approval. For each study session, three participants (P1, P2,
and P3) who were unfamiliar with one another were invited and
seated around a round table (Figure 1). The study procedure was
then explained to them. After obtaining consent, video recording
was initiated using Android smartphones (Redmi 9A), with one
phone positioned to record each participant (C1 for P1, C2 for P2,
and C3 for P3). To account for participant no-shows, two additional
participants were kept on standby. The study began with a 2-minute
baseline period during which participants sat quietly. Following
this, the Research Assistant (RA) explained the task, which involved
delivering a speech. Public speaking is a well-established compo-
nent of the Trier Social Stress Test and is widely used to induce
social anxiety [10, 14]. Participants were assigned topics such as
‘Artificial Intelligence and Unemployment” or ‘Agriculture versus
Manufacturing Industry.” They were given 30 seconds to prepare
and were then required to speak for at least 2.5 minutes in front of
the RA and the other participants while being recorded. After com-
pleting the speech, participants self-reported their anxiety levels
using a questionnaire. This procedure was carried out sequentially
for P1, followed by P2 and P3.

Over a period of four months, we conducted 40 study sessions
and collected data from 111 participants. After excluding corrupted
video recordings, usable data from 92 participants were retained
for analysis. The demographic details of these participants are
presented in Table 1.

Figure 1: Study setup. C1, C2, and C3 represent cameras 1, 2,
and 3, respectively

Table 1: Participants demographic information. SR - Self-
reported State anxiety

SR Score Age Gender
# (𝜇, 𝜎) (𝜇, 𝜎) (Male, Female)

All 92 (14.5, 4.6) (21, 2.7) (61, 31)
Only SAD 45 (18.4, 2.7) (20.8, 2.6) (29, 16)

Only Non-SAD 47 (10.7, 2.5) (21.2, 2.8) (32, 15)

Self-reported state anxiety questionnaire: We developed a cus-
tom questionnaire to assess state anxiety during the speech task.
The questionnaire consisted of five items targeting different aspects
of anxiety during the task: overall anxiety (Q1), perceived perfor-
mance (Q2), avoidance behavior (Q3), feeling scrutinized (Q4), and
fear of negative evaluation (Q5). Participants rated each item on a
5-point Likert scale, with 5 indicating the highest level of distress.
The questionnaire items were developed through a literature re-
view and consultations and validated with 18 clinical psychiatrists.
After completing the speech activity, participants completed the
questionnaire to report their anxiety during the task.
Data pre-processing: Total social anxiety score: Participants’ re-
sponses to the questionnaire were aggregated to obtain a total score
ranging from 5 to 25, with higher scores indicating greater anxiety.
Based on the total score, participants were categorized into SAD
(score ≥ 15) and non-SAD (score < 15) groups. The threshold of
15 corresponds to the midpoint of the possible score range and
resulted in a balanced distribution of participants, with 45 in the
SAD group and 47 in the non-SAD group.
Video data: Although the intended duration of the speech activity
was 2.5 minutes, the actual durations varied, with some partici-
pants speaking for less time. To ensure consistency in the analysis,
we retained participants who spoke for at least 1.5 minutes and
excluded those who spoke for less than 1.5 minutes.

4 Feature Extraction
From the processed video data, we extracted features related to pos-
ture: Head Posture (HP) and Body Posture (BP); facial cues: Facial
Action Units (FAU); and eye behavior: Eye Gaze (EG). Analysis of
the temporal patterns of these features showed that HP, BP, and
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Figure 2: Methodology flowchart

Figure 3: Examples showing the extracted features from con-
tinuous video frames: Head pose (Blue colored bounding
boxes), Body pose (Red colored bounding boxes), Action units
(Pink colored dots around the face), and Eye gaze (green line
near eyes) [Best viewed in color].

FAU remained relatively stable over time, whereas EG exhibited
noticeable fluctuations. Therefore, we used summarized features
for posture and facial cues (Section 4.1) and sequential features
for eye gaze (Section 4.2). Figure 3 presents an overview of the
methodology.

4.1 Summarized features
We extracted summarized features from head pose, body pose, and
facial action units, as their sequential order during the speech activ-
ity did not influence their descriptive power. These features were
computed at frame level as shown in Figure ??.
i. Head posture (HP): HP refers to the position and orientation
of the head in three-dimensional space. To compute participants’
HP, we used the Py-Feat library [6], which estimates head pose
and provides measurements of pitch (up–down movement), yaw
(left–right movement), and roll (head tilt). For each of these signals,
we computed the corresponding velocity and acceleration. We also
derived a combined head-movement signal from pitch, yaw, and
roll and computed its velocity and acceleration. From all result-
ing signals, we extracted statistical features, including the mean,
median, mode, minimum, maximum, range, standard deviation,

skewness, and kurtosis. This process resulted in a 92 × 72 feature
matrix, corresponding to 92 participants and 72 HP features.
ii. Body posture (BP): BP refers to the body’s orientation and the
spatial arrangement of body parts (e.g., shoulders, arms, and hands).
Since participants were seated during the study, we considered
only body landmarks above the waist. We used the MediaPipe
library [22] to extract the three-dimensional coordinates of body
landmarks, including the eyes, nose, mouth, shoulders, elbows,
wrists, and fingers. Using these coordinates, we computed motion-
related measures, including position, velocity, and acceleration, for
each landmark. We then extracted statistical features, including
the mean, median, mode, minimum, maximum, range, standard
deviation, skewness, and kurtosis, from each landmark signal. This
process resulted in a feature matrix of size 92 × 181, corresponding
to 92 participants and 181 BP features.
iii. Action Units (AU): Facial Action Units (FAUs) represent the
fundamental actions of individual facial muscles or muscle groups.
We used OpenFace 2.0 [3], a widely used facial behavior analysis
toolkit that follows the Facial Action Coding System (FACS) and
assigns action units to specific facial muscle movements. For each
video frame, OpenFace 2.0 outputs the intensity of 20 action units
on a scale from 0 to 5, where 0 indicates no activation, and 5 in-
dicates maximum activation. For each action unit, we computed
statistical features, including the mean, median, mode, minimum,
maximum, range, standard deviation, skewness, and kurtosis. These
features resulted in a 180-dimensional feature vector per participant,
yielding a 92 × 180 feature matrix.

4.2 Sequential features
Sequential features preserve the temporal order of the input data,
enabling the analysis of behavioral changes over time. We treated
eye gaze (EG) as a sequential feature because its temporal variations
can provide insights into participants’ behavior during the speech
task. Eye gaze refers to the orientation of the eyes (see Figure ??)
and indicates the direction in which an individual is looking. We
used OpenFace 2.0 [3] to extract eye-gaze coordinates and derived
features such as pitch, yaw, roll, and the gaze-direction change rate.
To capture temporal patterns while preserving sequence informa-
tion, we computed rolling statistical measures, including the mean,
median, standard deviation, minimum, and maximum values.

4.3 Dataset
The final dataset was constructed by combining the HP, BP, AU,
and EG feature sets for all 92 participants. This resulted in a high-
dimensional feature space relative to the sample size (i.e., participant
count), increasing the risk of overfitting. To address this issue, we
applied Pearson correlation-based feature reduction to the sum-
marized features and removed redundant features. The feature
reduction process was performed separately for the HP, BP, and
AU feature sets. Following prior work [23], we used a correlation
threshold of 0.75 to identify and discard highly correlated features.
After feature reduction, the number of AU, BP, and HP features was
reduced to 53, 12, and 25, respectively. We did not apply feature
reduction to sequential features because the deep learning eye-gaze
model can automatically identify relevant features.
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Figure 4: Hybrid 1D CNN-DNN Architecture: Sequential EG
features are processed through “input 1D-CNN”, and summa-
rized features are handled by the “input DNN”. The output
from both layers is combined, and inputs to “output DNN”
for the final classification.

5 Models
We implemented classical supervised Machine Learning (ML) and
supervised Deep Learning (DL) for the classification of the partici-
pants (SAD versus non-SAD) using the extracted features. Now, we
will be discussing them briefly with respect to the input features.
i. Models for summarized features: We used standard machine
learning algorithms, including Decision Tree (DT), Gaussian Naive
Bayes (GNB), Gradient Boost (GBoost), and Random Forest (RF).
Additionally, we developed a custom DNN model illustrated in
Figure 4 (see InputDNN architecture). It takes summarized features
derived from head pose (C2), body pose (C3), and action units (C1)
as input. We compared the DNN’s performance, primarily accuracy,
against the classical ML models.
ii. Models for sequential features: Classical ML models often
struggle with time-series data, while DL models can effectively cap-
ture temporal patterns and hierarchical representations. Thus, we
employed DNN [4], 1D-CNN [18], and LSTM [20] models to classify
participants into SAD and non-SAD categories using sequential
eye gaze features.
Parameter settings: We used eye gaze data from 69 participants
for training, each with 1978 time points and 30 features, resulting
in an input size of (69, 1978, 30). All models preserved the temporal
sequence of the data. (i) DNN: Three hidden layers with 64, 32, and
2 neurons. ReLU activation for the first two layers and sigmoid for
the output layer. (ii) 1D-CNN: Three convolutional layers (optimal
feature maps: 64 and 32), each followed by ReLU activation, batch
normalization, and max-pooling (after first two layers). Flattened
output passed to fully connected layers with 32, 16, and 2 neurons.
(iii) LSTM: Two LSTM layers with 64 and 32 neurons, followed by
two fully connected layers with 16 and 2 neurons. All models used
Adam optimizer, a batch size of 32, and categorical cross-entropy
as the loss function.
iii. Model for combined summarized and sequential features:
We used an ensemble approach [9] to combine summarized and
sequential features and created a 1D-CNN-DNN architecture shown
in Figure 4. The model comprises two main sub-modules: input (1D-
CNN and DNN) and output (DNN). Once the input 1D-CNN and

DNNmodels are independently trained, we freeze their weights [19]
and extract feature vectors from their final fully connected layers.
These vectors, despite their differing shapes, are concatenated into
a single feature vector and passed to an output DNN for final classi-
fication. Notably, during this phase, backpropagation [15] is limited
to the output DNN, ensuring the input models remain unchanged.
This final DNN predicts participant labels as SAD or Non-SAD.

Evaluation:We used stratified k-fold cross-validation [29] to train
and evaluate our models. The ML and DNN models were trained
on summarised features, while the 1D-CNN model was trained on
sequential features. The best-performing models and their weights
were saved and later used by the combined 1D-CNN-DNN model
to make predictions leveraging both summarised and sequential
features. We used Precision, Recall, F-1 score, and Accuracy to
assess the performance of the classification models.

6 Results
For brevity, we use abbreviations (i.e., C1–C15) for features and
their combinations throughout the remainder of the paper. Config-
urations evaluated using ML and DNN models included C1 (AU),
C2 (HP), C3 (BP), C5 (AU + HP), C6 (AU + BP), C7 (HP + BP), and
C8 (AU + HP + BP). Configuration C4 (EG) was evaluated using 1D
CNN, LSTM, and DNNmodels. The EG-based feature combinations,
namely C9 (HP + EG), C10 (BP + EG), C11 (AU + EG), C12 (AU +
EG + HP), C13 (AU + EG + BP), C14 (EG + BP + HP), and C15 (AU
+ HP + BP + EG), were evaluated using 1D CNN and DNN models.
Summarized features: Figure 5a presents the classification accu-
racies obtained with GNB, DT, RF, and GBoost, and DNNmodels on
summarized features, C1, C2, C3, C5, C6, C7, and C8. The highest
and lowest accuracy achieved by DNN were 74% (on C8) and 52%
(on C7), respectively. The proposed DNN outperformed classical
ML models on all summarized feature combinations except for C7.
This suggests that the DNN was more adept at learning patterns
compared to classical ML methods.
Sequential features: Figure 5b illustrates the accuracies achieved
with 1D-CNN, LSTM, and DNN exclusively using Eye gaze (C4)
features. The 1D-CNN model, yielded the highest accuracy of 68%
along with superior precision, recall, and F1-score than the LSTM
and DNN as shown in the Table 2b.
Combined summarized and sequential features: Figure 5c and
Table 2b present the accuracy of the 1D-CNN-DNN model across
various combinations (C9, C10, C11, C12, C13, C14, and C15) of
summarized and sequential features. In this setup, the 1D-CNN
architecture was employed to train the sequential features, while
the DNN was utilized to train the summarized features. These
features were subsequently fused and fed into another DNN model.
The results indicate that themodel achieved its highest classification
accuracy of 70% on the C15 combination, with a precision and recall
of 0.69 and 0.65, respectively.

7 Discussion
7.1 Classification accuracy
Our findings revealed that the DNN trained on standalone summa-
rized features outperformed classical ML models. The DNN trained
on HP (C2) achieved the highest accuracy of 65%, surpassing AU

4
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Figure 5: Accuracies (%) on (a) Summarized features with Gaussian Naive Bayes (GNB), Decision Tree (DT), Random Forest
(RF), and Gradient Boost (GBoost), Deep Neural Network (DNN), (b) Eye gaze features with 1D-CNN, LSTM, and DNN, and (c)
Combined summarized and sequential features with 1D-CNN-DNN.

Table 2: (a) Performance of best ML classifiers and DNN on summarized feature combinations (C1 - C3, C5 - C8); (b) Performance
of 1D-CNN and 1D-CNN-DNN on eye-gaze sequential feature combinations (C4, C9 - C15).

(a) Results for C1 to C8

C1 C2 C3 C5 C6 C7 C8

RF DNN GNB DNN DT DNN DT DNN GB DNN GNB DNN GNB DNN

F1-Score 0.58 0.60 0.56 0.63 0.51 0.56 0.59 0.67 0.55 0.63 0.56 0.51 0.63 0.71
Precision 0.58 0.60 0.61 0.63 0.52 0.61 0.60 0.68 0.56 0.63 0.58 0.51 0.67 0.73
Recall 0.57 0.60 0.58 0.63 0.52 0.60 0.60 0.68 0.58 0.63 0.57 0.51 0.64 0.71
Accuracy 0.57 0.61 0.58 0.65 0.53 0.57 0.60 0.70 0.58 0.65 0.57 0.52 0.64 0.74

(b) Results for C4 and C9 to C15

Features C4 C9 C10 C11 C12 C13 C14 C15

Model 1D-CNN 1D-CNN-DNN

F1-score 0.77 0.45 0.54 0.36 0.43 0.60 0.42 0.65
Precision 0.63 0.59 0.74 0.70 0.35 0.75 0.71 0.69
Recall 0.63 0.55 0.64 0.54 0.38 0.68 0.57 0.65

Accuracy 0.68 0.48 0.57 0.43 0.43 0.61 0.48 0.70

Table 3: SAD versus non-SAD classification accuracies and
their increase/decrease on transitioning from standalone to
the fusion of two, three, and four feature combinations. ↑ and
↓ represent increase and decrease in accuracy, respectively.

Standalone
Acc
(%)

Fusion
(Two)

Acc
(%)

Fusion
(Three)

Acc
(%)

Fusion
(Four)

Acc
(%)

AU 61 AU + HP 70 (↑) AU+ HP + BP 74 (↑) AU + HP + BP + EG 70 (↓)
AU + BP 65 (↑) AU + HP + EG 43 (↓)
AU + EG 43 (↓) AU + BP + EG 61 (↓)

HP 65 HP + BP 52 (↓) HP + BP + EG 48 (↓)
HP + EG 48 (↓)

BP 57 BP + EG 57 (↓)

EG 68

(61%) and BP (57%). Furthermore, this suggests that the DNN model
was able to discern discriminating patterns in head movements
between SAD and non-SAD participants more appropriately than
AU and BP. Similarly, the 1D-CNN model trained on eye gaze (C4)
achieved the highest accuracy of 68% in discriminating between
SAD and non-SAD participants.

The fusion of features (C5 to C15) displayed a varied impact
on classification accuracy, with some combinations showing an
increase and others a decrease. The highest accuracy of 74% was
achieved with C8 (AU + HP + BP) using DNN. Regarding summa-
rized features, we observed increased accuracy with the fusion of
two or more summarized features, except for the combination of
HP and BP. Table 3 illustrates the change in accuracy, mostly show-
ing an increase in the case of summarized features. For instance,
AU, HP, and BP alone yielded accuracies of 61%, 65%, and 57%,
respectively. However, when AU and HP were fused, the accuracy
increased to 70%. Similar improvements were observed for AU and

BP. Furthermore, when AU, HP, and BP were fused together, the
highest accuracy of 74% was achieved. Additionally, we noted that
the inclusion of EG led to a drop in accuracy, suggesting that the
sequential feature (i.e., EG alone) is effective but not when com-
bined with summarized features. The combined visual features AU,
BP, and HP were identified as the most prominent feature fusions
for discriminating SAD from non-SAD participants.

7.2 Eye gaze
It is noteworthy that prior studies have utilized high-end eye-
tracking devices, such as Kim et al. [17] used Arrington Research
ViewPoint EyeTracker Systems, and Weeks et al. [28] used D6
high-speed eye tracking systems. In contrast, our approach utilized
low-end smartphone camera and OpenFace library to detect the X,
Y, and Z coordinates of the left and right eye, from which various
EG features were derived, as discussed in section 4.2.

Our findings indicate that EG features alone outperform the
standalone AU, BP, and HP features. We achieved an accuracy of
68% with 1D-CNN using eye gaze features alone. However, combin-
ing eye gaze with summarized features yielded poor performance,
resulting in a drop in accuracy in classifying SAD versus non-SAD
participants. In summary, the eye gaze behavior played a crucial
role in distinguishing between SAD and non-SAD participants.

7.3 Implication and limitations
Our findings offer several key implications. First, eye gaze emerged
as the most effective individual feature for distinguishing between
SAD and non-SAD participants, consistent with prior research [5,
17, 28]. While other features such as action units, body pose, and
head pose also contributed to SAD detection, combining them with
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eye gaze surprisingly reduced classification performance, possibly
due to feature redundancy or noise.

The primary limitation of our study is controlled laboratory
setting, where anxiety was induced through a structured speech
task. While this approach ensured consistency across participants,
it may not fully capture the complexity or intensity of anxiety
experienced in real-world scenarios. Future research can address
this limitation by validating our approach in more ecologically
valid settings, such as daily-life environments or in-the-wild data
collection.

8 Conclusion
In this work, we explored the effectiveness of using video-based be-
havioral cues—head pose, body posture, facial action units, and eye
gaze—to detect momentary anxiety. Our results show that specific
combinations of these features yield higher predictive performance
compared to individual modalities. Furthermore, deep learningmod-
els outperformed traditional methods in classifying participants as
SAD or non-SAD. These findings highlight the potential of low-cost,
non-invasive video-based approaches to improve the scalability and
accessibility of social anxiety detection.
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