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Abstract

Early detection of depressive episodes is crucial in managing mental
health disorders such as Major Depressive Disorder (MDD) and Bipolar
Disorder. However, existing methods often necessitate active participation
or are confined to clinical settings. While facial expressions have shown
promise in laboratory settings for identifying depression, their potential
in real-world applications remains largely unexplored. In this challenge
we introduce a data collected state of the art facial behavior sensing sys-
tem, that tracks different facial behavior primitives such as Action Units,
Landmarks, Head Pose, Eye Open state and others for task of detecting
depressive episode in the wild. The challenge duration was three months,
from Dec 12, 2024 to Feb 28, 2025 and 8 teams participated. Among
the final teams, Team Persistence (Team ID 160) achieved 0.77 AUROC
for universal model and 0.88 AUROC for hybrid model and became the
winner.
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1 Introduction

In recent years, there has been growing research in building low-burden
passive sensing systems for mental health monitoring. A particular inter-
est has been gained in monitoring depression through passive sensors in
smartphones like GPS, screen, and others [2, 3, 5, 8, 15, 18, 22, 24, 27, 31].
COVID-19 driven social-distancing measures accelerated the use of tele-
health, including telepsychiatry [6, 23]. Although anxiety and depression
peaked across all age groups in 2020 and began easing in early 2021 [32],
roughly 12 million U.S. adults (about 5 percent of the population) still
cope with both chronic pain and clinically significant mood symptoms [17].
These realities highlight the need to rethink timely mental-health delivery;
scalable, personalized psychiatry that emphasizes prevention and tailored
interventions remains a key, but still scarce, solution [1].

Growing evidence shows that depression alters non-verbal cues, specif-
ically facial muscle activity and head movements, or “facial-behavior
primitives” [7, 9, 10, 29]. These involuntary markers enable automated
systems to deliver objective, repeatable assessments of depressive symp-
toms [5, 28, 30]. Yet most studies rely on controlled lab videos, and real-
world uptake is still hampered by privacy concerns, high costs, and sig-
nificant computational demands [2, 3, 5, 8, 18,22,24,27,31].

Facial actions are well-established laboratory markers of depression,
yet their deployment “in the wild” has been limited by the lack of
lightweight, privacy-preserving mobile tools. We therefore in this chal-
lenge introduce a dataset collected from system FacePsy: an open-source
smartphone framework [14] that passively extracts facial landmarks, eye-
openness, smiles, and head-movement cues in real time while safeguarding
user privacy. We posit that these digital facial biomarkers can reveal users’
affective states and, in turn, enable on-device algorithms to flag depres-
sive episodes. A naturalistic field study with FacePsy tests this premise
by evaluating how well these signals predict depression outside controlled
settings.

In addition, this work is presented within the context of the ABC 2025
Conference Coding Challenge [4, 12, 34], which aims to advance activity
and behavior analysis through diverse real-world and synthetic datasets.
By contributing a mobile, privacy-preserving facial-behavior dataset de-
rived from FacePsy, this challenge track expands the scope of Human
Activity Recognition (HAR) research toward more realistic, ecologically
valid, and clinically meaningful applications. These initiatives collectively
accelerate progress toward scalable digital mental-health assessment tools.

2 Challenge Design and Dataset

The BeyondSmile Challenge was structured to assess the capabilities of
modern computational models in detecting depressive episodes from nat-
uralistic behavioral data. The design centered on a rich dataset and two
distinct, rigorously defined evaluation protocols.
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2.1 Dataset and Ground Truth

The challenge utilized the FacePsy dataset [14], an open-source collection
of facial behavior and head gesture data captured ”in the wild.” The data
was collected using an Android application that opportunistically initiates
a 10-second recording session when a user performs trigger actions, such
as unlocking their phone. Over the course of the study, approximately
16,000 facial-capture events were recorded from 25 participants. After
filtering for self-reported non-use periods and data quality issues, a total
of 544 usable participant-days remained for analysis.

The ground truth for labeling depressive episodes was derived from the
9-item Patient Health Questionnaire (PHQ-9), a standard clinical screener
for depression. As detailed in the challenge guidelines, a participant’s
two-week observation period is labeled as a depressive episode (label=1)
if and only if their PHQ-9 score was ≥ 5 at both the start and end of the
period; otherwise, it is labeled as non-depressive (label=0). After data
cleaning and removing non-compliant cases, this process yielded 44 labeled
intervals (14 depressive and 30 non-depressive) across 25 participants,
forming the basis for the classification task.

2.2 Feature Primitives

Participants were provided with a rich set of low-level feature primitives
extracted from each 10-second video recording session. These raw fea-
tures, detailed in the challenge tutorial, served as the primary input for
all subsequent feature engineering and modeling. The key primitives, ex-
tracted for each frame, included:

• Facial Action Units (AUs): A set of 12 AU intensities (e.g., AU06:
Cheek Raiser, AU12: Lip Corner Puller) representing the activation
of specific facial muscles, which are fundamental components of facial
expressions.

• Classification Probabilities: Three real-time classification scores:
leftEyeOpenProbability, rightEyeOpenProbability, and
smilingProbability, providing direct, high-level indicators of
facial state.

• Head Pose: Three head orientation metrics in the form of Euler
angles (pitch, yaw, and roll), quantifying the movement and posture
of the head in 3D space.

• Facial Landmarks and Contours: A dense set of 133 facial landmark
coordinates (x, y) identifying key points on the face (e.g., corners of
the eyes, nose tip, mouth outline) and the contours of facial compo-
nents like the eyebrows and lips (see Figure 1).

• Bounding Box: The coordinates defining the location of the detected
face in each frame, primarily used for visualization and image crop-
ping.

2.3 Evaluation Protocols

Participants were tasked with building models for two distinct evalua-
tion schemes, with the Area Under the Receiver Operating Characteristic
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Figure 1: Visualization of Facial Feature Primitives. This figure illustrates
some of the key low-level features provided to participants, including the 133
facial landmarks (blue dots), component contours (e.g., for eyes, eyebrows, and
mouth, shown in different colors), and the face bounding box (not shown).
These primitives form the basis for all subsequent feature engineering.
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Curve (AUROC) as the primary performance metric.
1. Universal Model (LOPO): This track required teams to build a sin-

gle, generalized model trained on data from all but one participant
and tested on the held-out individual. This process was repeated
for all participants using Leave-One-Participant-Out (LOPO) cross-
validation. The goal was to assess a model’s ability to generalize to
completely new users, a critical requirement for any broadly deploy-
able clinical tool.

2. Hybrid Model (LOPDO with Nested CV): This track aimed to
simulate a real-world personalization scenario. It employed a
time-series-aware Leave-One-Participant-Day-Out (LOPDO) nested
cross-validation protocol. For a given test fold (e.g., data for par-
ticipant P on day D), the model was trained on all data from other
participants plus all available data from participant P on days prior
to D. This protocol tests a model’s ability to adapt and personalize
its predictions by learning from a user’s own history while leveraging
a general population model.

3 Overview of Submitted Methodologies

The eight participating teams, representing a diverse international co-
hort from Indonesia, Vietnam, Japan, Poland, Pakistan, the UAE, and
Bangladesh, submitted a wide array of solutions, which can be broadly
categorized into three methodological themes: traditional machine learn-
ing pipelines, deep learning sequence modeling, and hybrid ensemble ap-
proaches. A summary of the key strategies is presented in Table 1.

3.1 Traditional Machine Learning Pipelines

A significant portion of teams relied on well-established machine learning
pipelines that emphasized extensive, handcrafted feature engineering. AI-
MED Squad (142) exemplified this approach by using time-series feature
extraction libraries (tsfel, pycatch22) to generate a massive feature set
from large 6-hour temporal windows. This strategy aimed to capture a
wide range of statistical properties, which were then fed into classifiers like
Random Forest and k-NN. In stark contrast, Lord of Depression (162)
adopted a ”minimalist” temporal strategy, extracting emotion and AU
features from only the first frame of each 10-second recording, betting
that a single, clean snapshot could be a powerful predictor.

3.2 Deep Learning and Sequence Modeling

Several teams explored deep learning architectures to automatically learn
temporal representations from the data. Team Persistence (160) imple-
mented Long Short-Term Memory (LSTM) networks, a natural choice
for modeling sequential data like facial dynamics over time. Taking a
more advanced approach, Team Access (119) and DP2K (154) utilized
Transformer-based models. The solution from DP2K was particularly
novel, as it constructed graphical representations of AUs and landmarks
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within each frame and used a Transformer to explicitly model their com-
plex inter-dependencies, followed by a second temporal Transformer to
summarize the video. These approaches aimed to reduce the burden of
manual feature engineering by learning relevant patterns directly from the
data sequences.

3.3 Hybrid and Ensemble Methods

The third group of teams focused on combining the predictions of mul-
tiple models to enhance robustness and accuracy. Semicolon (161) im-
plemented a classic stacked ensemble, using Extra Trees and XGBoost as
base-level models whose predictions were fed into a Logistic Regression
meta-classifier. Similarly, Horizon (185) conducted a broad comparison
of different ensemble techniques, including AdaBoost, Bagging, and Cat-
Boost. These methods operate on the principle that a committee of diverse
models can often produce more stable and accurate predictions than any
single model alone.

4 Results

The BeyondSmile Challenge yielded a rich set of results that reveal the
strengths, weaknesses, and critical trade-offs of different computational
strategies for depression detection. The performance of all eight partic-
ipating teams under both the Universal (LOPO) and Hybrid (LOPDO)
evaluation protocols provides a clear picture of the current state-of-the-
art. A comprehensive summary of team methodologies and their corre-
sponding performance is presented in Table 1.

To visualize the core findings, Figure 2 plots the performance of each
team across both evaluation tracks. The figure highlights the trade-offs
observed in the challenge: models that excelled in the generalized, uni-
versal setting did not necessarily perform well in the personalized, hybrid
setting, and vice-versa. The following sections will analyze the perfor-
mance within each track in detail.

4.1 Universal Model (LOPO) Performance

In the universal setting, which tests for pure generalization to unseen
individuals, traditional machine learning pipelines built on extensive fea-
ture engineering demonstrated clear superiority. AI-MED Squad (142)
achieved a perfect AUROC of 1.00 using a Random Forest classifier. Their
strategy involved generating a vast array of statistical features from large,
6-hour time windows using libraries like tsfel and pycatch22. This result
strongly suggests that by aggregating behavioral cues over long periods,
it is possible to extract highly discriminative, ”trait-like” features that
generalize well across individuals. Other top performers in this track,
such as Robot (118) achieved high AUROC scores of 0.94 by leveraging
well-tuned classifiers on carefully selected or generated features.

Conversely, deep learning models that focused on learning from raw
temporal sequences found the strict LOPO evaluation more challeng-
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Figure 2: Universal vs. Hybrid Model Performance (AUROC). Each point
represents a team’s submission, colored by its primary methodological

approach. The plot includes the 6 teams that submitted valid results for both
the Universal and Hybrid evaluation tracks, allowing for a direct comparison
(Team 118 reported only Universal scores, Team 119 reported neither). The
dashed line (y=x) indicates equal performance. Points above the line excelled
in the personalized (Hybrid/LOPDO) setting, while points below excelled in
the generalized (Universal/LOPO) setting. The plot visually demonstrates the
performance trade-off, with Deep Learning models clustering in the top-left

and Traditional ML models in the bottom-right.
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Table 1: Comprehensive Summary of Team Methodologies and Performance in
the BeyondSmile Challenge

ID Team
Name

Approach Key Feature
Engineering
Strategy

Win.
Size

Univ.
AUC

Hybrid
AUC

142
[26]

AI-
MED
Squad

Trad. ML Extensive statistical
features (tsfel,
pycatch22)

6 hours 1.00b 0.94

162
[33]

Lord
of De-
pres-
sion

Trad. ML Emotion/AU from
contours of first
frame only

1 frame 0.68 0.97

118
[11]

Robot Trad. ML Statistical features
with explicit feature
selection

4

timesteps

0.94 N/A

160
[13]

Team
Persis-
tence

Deep
Learning

Sequential
processing of
comprehensive
feature set

1

timestep

0.77 0.88

154
[21]

DP2K Deep
Learning

Geometric,
statistical, and deep
graphical features

One

video

0.48 0.91

119c

[25]
Team
Access

Deep
Learning

Raw AUs and
classification
probabilities in
sequence

3

timesteps

N/A N/A

161
[16]

SemicolonEnsemble Averaging of core
AUs, head
movement, smile/eye

Full

dataset

0.91 0.87

185
[19]

Horizon Mixed Full features with
and without
imputation

50

frames

0.78 0.53

a It should be noted that teams employed different strategies for metric aggrega-
tion. Most results reflect a global (micro-averaged) metric calculated from all pre-
dictions, as per the challenge’s guidelines. However, some submissions reported
metrics as the average of per-participant scores, which can lead to variations in
final values.
b This perfect score, while impressive, raises questions about potential overfitting
due to the high-dimensional feature space relative to the number of samples, as
discussed in Section V-D.
c Team 119 did not report any valid AUROC scores in their paper but was still
accepted due to their efforts.
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ing. DP2K (154), despite its sophisticated graphical Transformer model,
scored a 0.48 AUROC. The eventual hybrid track winner, Team Persis-
tence (160), scored a respectable 0.77 with their Bi-LSTM. This perfor-
mance gap indicates that while sequence models are powerful, they can be
more sensitive to the high inter-personal variance in facial behavior and
may struggle to generalize across individuals without any user-specific
context.

4.2 Hybrid Model (LOPDO) Performance

The performances changed dramatically in the hybrid evaluation setting,
which allowed models to personalize predictions using a participant’s past
data. In this track, models capable of capturing temporal dynamics and
adapting to user-specific patterns excelled.

Lord of Depression (162) achieved a near-perfect AUROC of 0.97.
Their highly effective and counter-intuitive approach used an XGBoost
model trained on AU and emotion features extracted from only the first
frame of each recording. This suggests that in a personalized context, the
model learns a user’s baseline ”resting” or ”initial reaction” face, making
deviations from this personal norm a powerful predictive signal. Deep
learning models also showcased their strength in this personalized setting.
The DP2K Transformer model’s performance soared from 0.48 (LOPO) to
0.91 (LOPDO), validating its complex architecture’s ability to learn intra-
user patterns. The challenge winner, Team Persistence (160), achieved an
outstanding 0.88 AUROC with their Bi-LSTM model, which effectively
learned the sequential dependencies in each user’s facial expressions and
head movements over time. These results confirm that for personalized de-
pression detection, modeling temporal dynamics is a more effective strat-
egy than relying solely on aggregated statistical features.

4.3 Methodological Insights

Across both evaluation tracks, several key methodological lessons
emerged:

• The ”Window Size” Dilemma: The challenge revealed a significant
lack of consensus on the optimal temporal window for feature extrac-
tion. Teams employed vastly different granularities, ranging from a
single instantaneous frame (Lord of Depression), to short sequences
of a few timesteps (Team Access, Robot), to large 6-hour aggre-
gate blocks (AI-MED Squad). This variance underscores a critical
methodological gap in the field and suggests that model performance
is highly dependent on this choice of temporal aggregation.

• The Feature Engineering Trade-off: The results highlight a clear
trade-off. For building universal, ”one-size-fits-all” models, aggres-
sive statistical feature engineering proved to be the winning strat-
egy. For building personalized, adaptive models, focusing on learning
from temporal sequences (even very short ones) was crucial.

• The Necessity of Rigorous Validation: The performance. As noted
in the original summary draft, this was due to a fix for a data leakage
issue. It powerfully illustrates that personalized models can easily
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produce overly optimistic results if not evaluated with rigorous, time-
series-aware nested cross-validation protocols like LOPDO.

5 Discussion

The BeyondSmile Challenge benchmarked a diverse set of computational
strategies, and the results provide a nuanced understanding of the prob-
lem of depression detection in naturalistic settings. The starkly different
outcomes between the Universal and Hybrid evaluation tracks are not just
a matter of performance metrics; they reveal a fundamental dichotomy in
what is being modeled: generalized behavioral traits versus personalized
emotional states. This section discusses the key implications of our find-
ings.

5.1 The Trait vs State Modeling Dichotomy

The most significant finding is the clear split in optimal strategies for the
LOPO and LOPDO evaluations. This suggests that the two protocols are
effectively measuring different aspects of depressive behavior.

• Universal Models Capture General ”Traits”: The success of AI-MED
Squad (142) in the LOPO setting demonstrates that aggregating be-
havioral data over very long windows (6 hours) can produce power-
ful, user-agnostic biomarkers. By creating statistical features that
summarize long periods, their model likely captured stable, ”trait-
like” characteristics of depression, such as a general reduction in
facial expressivity or a persistent pattern of head movement, that
are consistent across different individuals. This approach excels at
creating a general-purpose screening tool but may miss subtle, day-
to-day fluctuations.

• Hybrid Models Capture Personalized ”States”: In contrast, the
LOPDO setting rewarded models that could capture transient,
”state-like” changes in behavior. The success of the Bi-LSTM and
Transformer models from Team Persistence (160) and DP2K (154)
highlights the power of sequence modeling in a personalized context.
These models are not just classifying a user; they are detecting de-
viations from that user’s own established baseline. They excel at
answering the question, ”Is this person’s behavior today indicative
of a depressive state, given what I know about them from yester-
day?”

The trend of hybrid models outperforming universal ones was not ab-
solute, however. Some teams, like Horizon (185), observed a notable per-
formance decrease in the hybrid setting (0.78 universal vs. 0.53 hybrid).
This suggests that their chosen models, such as AdaBoost trained on ag-
gregated features, were highly effective at capturing generalized, trait-like
patterns but may have struggled to adapt to the more variable, high-
frequency ”state” data inherent to the day-level LOPDO protocol. This
finding reinforces that the choice of model architecture must be closely
aligned with the nature of the evaluation task, whether it prioritizes gen-
eralization or personalization.
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5.2 Deep Learning Architectures

The challenge provided insights on the role of deep learning models like
LSTMs and Transformers in this domain. While they struggled to gener-
alize in the strict, user-agnostic LOPO setting (as evidenced by the low
scores of DP2K (154)) their performance in the LOPDO setting.

This highlights a key trade-off. Deep sequence models possess the high
capacity needed to learn the complex, non-linear temporal dependencies
of an individual’s facial dynamics. However, this same capacity can make
them sensitive to the high inter-personal variance present in the dataset,
leading to difficulties in generalizing to a completely new person without
a ”foothold” of prior data.

5.3 Methodological Gaps and the Path Forward

Finally, the challenge exposed several methodological gaps in the field.
The ”window size dilemma”, where teams used temporal windows ranging
from a single frame to six hours, indicates a lack of community consen-
sus on how to process ”in-the-wild” time-series data. This makes direct
comparison of feature-based methods difficult and calls for future work on
standardizing temporal processing.

5.4 The Challenge of Overfitting in High-
Dimensional Feature Spaces

A crucial lesson from the challenge relates to the risk of model overfit-
ting. The top-performing universal model from AI-MED Squad (142)
achieved a perfect AUROC of 1.00. While an impressive result, it also
raises important questions about model generalization, particularly when
a ”maximalist” feature engineering strategy is employed. Their approach
generated thousands of features from a dataset with only a few dozen
participant intervals, creating a high-dimensional space where finding a
separating hyperplane might be possible even if the underlying patterns
are not perfectly generalizable. This result highlights a critical consider-
ation for future research: while aggressive feature engineering can unlock
powerful predictive signals, it also carries a significant risk of overfitting
to the specific characteristics of a small dataset. The true test of such a
model would be its performance on a completely independent, held-out
validation set, which was beyond the scope of this challenge. This under-
scores the need for the community to develop larger benchmark datasets
to more robustly validate these powerful techniques.

6 Conclusion and Future Directions

The BeyondSmile Challenge has provided a valuable benchmark for the
automated detection of depression from facial and head dynamics in nat-
uralistic settings. While our analysis confirms the viability of automated
facial behavior analysis for depression screening, it also highlights the
critical importance of aligning model architecture with evaluation context
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and the inherent risks of overfitting on small, high-dimensional datasets.
Our primary conclusion is the emergence of a clear ”trait versus state”

modeling paradigm. While complex deep learning models proved supe-
rior for personalized, state-based tracking, simpler ensemble models with
extensive feature engineering paradoxically achieved near-perfect scores
in the generalized, trait-based setting. This tension, along with the sur-
prising efficacy of minimalist approaches in some contexts, provides a rich
foundation for future work.

Based on the diverse submissions and our comprehensive analysis, we
propose the following key directions for the research community to pursue:

• Standardizing Methodologies: The challenge exposed significant
methodological variance, particularly in temporal windowing and
metric calculation. Future work must aim to establish more stan-
dardized protocols to ensure that results across studies are robust
and directly comparable.

• Validating on Larger, More Diverse Datasets: The perfect scores
achieved by some models highlight an urgent need. To robustly
validate high-capacity models and mitigate the risk of overfitting,
future benchmarks must be conducted on larger, more diverse, multi-
ethnic cohorts. This is essential for ensuring that models are learning
true clinical patterns, not dataset-specific artifacts.

• Multimodal and Context-Aware Fusion: This challenge focused on
visual cues, but a more holistic diagnostic picture requires more data.
Future research should prioritize the fusion of facial data with vocal
prosody, linguistic content, and other passively sensed behavioral
data to build more accurate and contextually aware models.

• Prioritizing Explainable and Trustworthy AI (XAI): For any auto-
mated diagnostic tool to gain clinical acceptance, its decisions must
be transparent. As demonstrated by several teams, incorporating
interpretability methods like SHAP [20] is a crucial step. Future
systems must be designed not just for accuracy, but also to provide
clinicians and users with clear rationales for their predictions.

By addressing these future directions, the field can build upon the
valuable insights gathered from this challenge and move closer to transi-
tioning these promising research prototypes into trusted, accessible, and
impactful clinical tools for mental health monitoring.
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Appendix

Participant Team Details

Table 2: Detailed Methodological and Computational Information for
Participating Teams

ID Team Name Country Machine Specification

142 AI-MED
Squad

Poland, Pak-
istan, UAE

Intel CORE i7 - 1165G7 @ 2.80 GHz

162 LordofDepressionVietnam CPU: Apple M1 Pro, RAM: 32GB, GPU:
Apple M1 Pro

118 Robot Indonesia Google Colab

160 Team Persis-
tence

Bangladesh Google Colab

154 DP2K Vietnam RAM: 128GB, CPU: Intel Xeon Silver,
GPU: A100

119 Team Access Bangladesh Google Colab

161 Semicolon Indonesia Google Colabs v2-8 TPU

185 Horizon Indonesia RAM: 32GB, CPU: AMD Ryzen 7, GPU:
NVidia GeForce RTX 4090
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