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Abstract

Early detection of depression is crucial to prevent serious consequences, such
as chronic fatigue, substance abuse, and worsening mental health. Tradi-
tional diagnostic methods often rely on self-reported questionnaires, which
can be influenced by a patient’s willingness to disclose information, or on
unimodal approaches that may not capture the full range of depressive symp-
toms. To address these limitations, we present LUNA (Listen, Understand,
Nurture, Advise), a unified multimodal application-based framework de-
signed to emulate real-world mental health assessments by integrating video,
audio, and text inputs. LUNA employs individual modules for each modality,
combining their results to provide a comprehensive analysis of the user’s men-
tal state. Our findings show that each module can independently and effec-
tively screen for depression, and their combined scores yield a more compre-
hensive and accurate regression score based on the PHQ-8 scale for each user
session. Benchmarking against state-of-the-art depression detection models
using the DAIC-WOZ dataset demonstrates that LUNA performs compara-
bly to or better than existing validated models. To ensure privacy, no user
data is stored post-assessment. Furthermore, the system features an inter-
active avatar to enhance user engagement and comfort. LUNA represents a
significant advancement in the early detection of depression by providing a
robust, privacy-conscious and user-friendly diagnostic tool.
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1. Introduction

Major Depressive Disorder (MDD) is one of the most common mental
health disorders, affecting approximately 280 million people worldwide [1].
It is diagnosed when a patient consistently exhibits symptoms such as low en-
ergy, lack of concentration, decreased enthusiasm, loss of temper, and feelings
of worthlessness [2]. If left untreated for extended periods, depression can
lead to severe consequences, including chronic fatigue, substance abuse, per-
manent neurological damage, and even suicide [3|. Therefore, early detection
of depression is crucial to preventing these outcomes.

Despite depression being treatable with early diagnosis, treatment is often
constrained by a lack of awareness, limited access to resources, and various
other socio-economic factors [4]. Although clinical intervention is the gold
standard for depression treatment, patients may refuse treatment due to
feelings of vulnerability, the cost of treatment, or the social stigma associated
with mental health problems. While less invasive methods for mental health
assessment exist, they mainly rely on self-reported questionnaires [5|, which
may not always be reliable. Such methods depend on voluntary disclosure,
which can be influenced by a person’s mental state [6], and often fail to
capture the subtle complexities of emotional distress, as they focus solely on
verbal expression.

Machine learning (ML) has demonstrated stellar performance in various
critical domains such as cybersecurity 7| and healthcare [§8], often outper-
forming human experts [9]. However, detecting an individual’s mental health
remains a significant research challenge [10], and diverse methods have been
employed, including the analysis of social media posts [11], speech [12], and
responses to questionnaires [13]. Given the complexity of depression, ef-
fective assessment cannot be achieved through a single modality, making
depression detection inherently a multimodal challenge. Leveraging multi-
ple streams of complementary data enhances the decision-making capabili-
ties of an ML model, and these modalities can compensate for each other’s
limitations. Research has shown that multimodal methods significantly out-
perform unimodal approaches in depression detection [14]. Nonetheless, this
research area remains underdeveloped due to the challenges associated with



processing, annotating, and disseminating sensitive data [15]. Processing
multimodal data requires integrating diverse signals (e.g., facial expressions,
vocal tone, and linguistic content), each of which may exhibit inconsistencies
or noise due to variations in lighting, background noise, or speaking styles
[16]. Annotating depression datasets is also particularly challenging, as label-
ing depression severity requires expert clinical assessment, and self-reported
measures may introduce bias or inconsistency [17]. Furthermore, dissem-
inating sensitive mental health data poses ethical and privacy concerns, as
depression-related datasets often contain identifiable patient information [18].
Due to these challenges, many existing methods lack large-scale, high-quality
datasets, limiting their ability to generalize across populations. Additionally,
many approaches lack a user-friendly interface, making them inaccessible to
non-experts [19].

Motivated by these challenges, we propose Listen, Understand, Nurture,
and Advise (LUNA), an interactive application that leverages transfer learn-
ing with multimodal data to assess the severity of depression and provide
recommendations, all within the comfort of individuals” own homes. LUNA
processes user inputs in real-time to generate an immediate mental health
assessment and is intentionally designed as a stateless, privacy-preserving
screening system that does not retain historical user data or adapt its models
over time, prioritizing user trust, ethical deployment, and accessibility in non-
clinical and at-home settings. LUNA’s design is guided by its core function-
alities, where it “listens” through audio analysis, “observes” via video-based
emotion recognition, and “interprets” text sentiment analysis. These capa-
bilities align with the intuitive and user-friendly nature of LUNA’s screening
process. To address the challenge of limited sensitive multimodal data, three
independent modules were implemented to process video, audio, and text in-
puts. By leveraging transfer learning on foundation models, meaningful and
distinct neural representations were created, bypassing the need for large
amounts of labeled data [20]. This approach is particularly advantageous for
depression detection, where task-specific data is often scarce or sensitive [21].

LUNA’s modularity allows users to select from three interaction modes,
ensuring accessibility across diverse technical and privacy preferences. Users
can opt for (1) unimodal text input via keyboard, (2) multimodal audio
and text input via a microphone, or (3) full multimodal input incorporating
video, audio, and text via webcam. This flexibility ensures a personalized
mental health assessment experience tailored to individual needs. The pro-
posed framework integrates video (ResNet-50) [22], audio (Wav2Vec2) [23],
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and text (BERT) [24] to enhance depression detection accuracy. While these
models have been utilized individually in prior research, the contribution
of this study lies in their structured integration, feature alignment, and in-
terpretable multimodal fusion strategy, enabling a more comprehensive and
robust mental health assessment. By leveraging complementary signals from
different modalities, the framework effectively overcomes the limitations of
unimodal approaches and maps the results onto the PHQ-8 scale [25]. The
PHQ-8 is a modified version of the PHQ-9 depression screening question-
naire, derived by excluding the item on suicidal ideation, and is considered a
more efficient instrument for population-level screenings focused on depres-
sive symptoms rather than acute suicide risk [26].

This study also investigated how to process user inputs in real-time to
generate an immediate mental health assessment. To achieve this, an ap-
plication was developed to engage with and evaluate patients in a manner
closely resembling the approach of a mental health professional. The ap-
plication provides general recommendations to enhance users’ mental health
based on their assigned mental health scores and tracks the scores after each
use. User data is not stored after being securely processed by the applica-
tion. While not intended to replace professional mental health intervention,
the application serves as a private, accessible, and convenient tool for early
identification of mental health disorders. Based on these motivations, the
contributions of this study are as follows:

e We introduce LUNA, a multimodal framework that integrates video,
audio, and text processing modules, leveraging transfer learning to in-
dependently evaluate each modality and combine the results for a more
accurate and comprehensive mental health assessment.

e We integrate high-performing models for video, audio, and text into a
unified system, demonstrating how their combined use improves pre-
diction accuracy over unimodal setups.

e We design a user-friendly interface featuring an empathetic avatar to
enhance engagement, guiding users through the PHQ-8 questionnaire
and providing a seamless assessment experience.

Accordingly, this paper is structured as follows. Section 2 reviews ex-
isting unimodal and multimodal approaches to depression detection, high-
lighting their limitations and setting the stage for the novel contributions of
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LUNA. Section 3 describes the datasets used in LUNA, including FER-2013
for video and DAIC-WOQOZ for audio and text, detailing the preprocessing
steps necessary for model training. Section 4 explains the architecture and
functionality of the LUNA framework, describing how it processes video, au-
dio, and text inputs to assess depression and assigns a PHQ-8 score, while
Section 5 presents the performance results of the individual video, audio, and
text models, as well as the combined multimodal approach used in LUNA.
Section 6 discusses the implications of the experimental results, emphasiz-
ing the advantages of multimodal data integration for more accurate and
comprehensive depression detection. Finally, Section 8 summarizes the key
contributions of the paper, focusing on LUNA’s effectiveness and potential
future research directions in multimodal mental health assessment.

2. Related Work

Machine learning for depression detection has received significant atten-
tion in recent years, resulting in the development of numerous approaches to
tackle this pressing issue [27]|. In this section, we examine recent advances in
unimodal, multimodal, and application-based depression detection methods,
highlighting the limitations that our proposed work aims to address. Table 1
provides a comparative overview of the methods discussed in the literature.

Table 1: A Comparative Summary of This Study and Other Papers on Unimodal, Multi-
modal, and Application-Based Methods for Depression Detection

Method Type Data Used Text l\g(:sﬁ]oltyVideo Interactive | Data Privacy
Stolicyn et al. [28] Custom Dataset X X v X v
Sardari et al. [12] DAIC-WOZ X v X X v

Cai et al. [11] Unimodal SWDD v X X X 4
Nguyen et al. [17] RSDD, eRisk2018, and TRT | v X X X v
Othmani et al. [29] RECOLA and DAIC-WOZ v X X X v

Yoon et al. [30] D-Vlog X v v X v

Fang et al. [31] Multimodal DAIC-WOZ v v 4 X v
Park and Moon [14] DAIC-WOZ v v X X v

Xie et al. [32] Private Dataset v X X X v
Kaywan et al. [10] Private Dataset v X X v X
Anmella et al. [33] Private Dataset v X X v X

Rathnayaka et al. [34] Abplication-based No data used v X X v X
Jiang et al. [35] pphication-base Private Dataset v X X v X

He et al. [36] No data used v X X v X

Jang et al. [37] No data used v X X v X

Our study All DAIC-WOZ and FER-2013 v v v v v




2.1. Unimodal Methods

Unimodal methods for detecting depression can be beneficial in cases
where participants prefer to communicate using only one data modality.
These methods typically utilize either video, audio, or predominantly text
data. For example, Stolicyn et al. [28] developed an efficient method for
detecting symptoms of depression by tracking the face and eye movements
of participants while they performed cognitive tasks. Sardari et al. [12]
proposed an end-to-end framework that uses a convolutional autoencoder
to process audio data. Cai et al. [11] developed a framework to detect
depressive symptoms by treating social media posts as a multivariate time
series, curating the Sina Weibo Depression Dataset (SWDD), a large-scale
annotated dataset based on the tweet history of 3,711 depressed users and
19,526 non-depressed users. Nguyen et al. [17] leveraged depressive symp-
toms described in the PHQ-9 questionnaire to enhance the generalizability
of depression detection models in real-world scenarios. They developed nine
symptom detection models corresponding to the nine questions in the PHQ-
9 questionnaire and evaluated their method against datasets of social media
posts. Othmani et al. [29] introduced EmoAudioNet, a network designed
to predict valence, arousal, and depression in voice signals, trained on the
RECOLA and DAIC-WOZ datasets. Despite the convenience of unimodal
systems, their performance remains inferior to multimodal methods in de-
pression detection [38]. Unimodal approaches often fail to capture the full
spectrum of depressive symptoms, as they rely on a single data type, which
may not provide a comprehensive view of a user’s mental state. This gap
highlights the growing interest in multimodal approaches, which our work
addresses by integrating multiple data modalities to enhance the accuracy
and comprehensiveness of depression detection.

2.2. Multimodal Methods

Multimodal approaches have gained prominence in depression detection
due to their ability to capture a broader range of behavioral and emotional
cues, which single-modality methods may miss. With the rise of multimodal
machine learning [39], significant research has been dedicated to exploring
these approaches for detecting depression. These methods often combine
video, audio, and text data. Yoon et al. [30] proposed a novel model that
leverages visual and acoustic features to detect depression in individuals,
marking a significant step in integrating non-verbal cues into depression de-
tection. Similarly, Fang et al. [31] expanded on this approach by developing
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MFM-Att, a multimodal regression model that fuses video, audio, and text
features to generate a PHQ-8 score as an indicator of depression severity.
Park and Moon [14] further advanced the field by proposing a multimodal
framework that combines a BERT-CNN model for text processing with a
CNN-BiLLSTM model for audio processing to classify depression. An atten-
tion mechanism was applied to mitigate gradient exploding and information
loss in the representation vectors, enhancing the model’s robustness. Xie et
al. [32] addressed the limitations of the Self-Reported Anxiety Scale and
Self-Reported Depression Scale by developing a multimodal model that ana-
lyzes facial features as patients respond to these tests. Visual features were
encoded and combined with numerical scores from the two tests to create
a unified representation for the joint classification of depression and anxi-
ety. Although numerous multimodal methods have been developed over the
years, they are rarely integrated into deployable applications for practical use
[40]. This is often due to challenges related to data privacy, data scarcity,
and the complexity of managing and processing multimodal data streams in
real-world scenarios. Our work addresses these limitations by implementing
a robust framework that integrates multiple data modalities while ensuring
user privacy and providing a practical, deployable solution for real-world
applications.

2.3. Application-based Methods

While much of the research on depression detection focuses on data gath-
ered within controlled environments, this approach often fails to account
for the extensive variability present in real-world data. However, several
methods have been developed to address this gap by applying practical solu-
tions in real-world scenarios. Kaywan et al. [10] proposed a mass screening
Depression Analysis (DEPRA) chatbot for early depression detection by an-
alyzing text responses from patients. Their conversational agent, created
using DialogFlow, is integrated with Facebook Messenger, which acts as an
interface between the user and the chatbot. Similarly, Anmella et al. [33]
developed Vickybot, a chatbot deployed on handheld devices to detect and
monitor anxiety-depressive symptoms in healthcare workers using the PHQ-9
and GAB-7 self-assessment tests. Vickybot not only suggests strategies for
improving mental health but also issues reminders for weekly goals and bi-
weekly reassessments. It incorporates crisis intervention features, including a
suicide alert, urgent notifications, and access to emergency resources. In an-
other approach, Rathnayaka et al. [34] developed Bunji, a chatbot designed
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to administer Behavioral Activation by reinforcing positive behavior through
activity scheduling. The application generates mood scores from text inputs
and keeps a record of historical scores, while also facilitating journaling to
help patients reflect on events that may have influenced their mood. Ex-
panding beyond text-based chatbots, Jiang et al. [35] leveraged behavioral
and psychological cues extracted from video, audio, text, and photoplethys-
mography (PPG) signals, collected through diverse consumer devices during
remote interviews to evaluate mental health. He et al. [36] proposed Xi-
aok, a mental health chatbot, and conducted a trial to assess its impact
on the PHQ-9 scores of 148 Chinese college students after a one-week inter-
vention. They further designed seven modules to foster multiple aspects of
mental health and psychology. Additionally, Jang et al. [37| developed To-
daki, a mobile app-based chatbot that provides cognitive behavioral therapy
to attention-deficit adults. This study was pioneering in investigating the
benefits of chatbots for patients with attention deficiencies, comparing these
interventions with traditional methods such as informative books. While
these application-based methods demonstrate effective performance in prac-
tical scenarios, they also present notable shortcomings, including the poten-
tial for less robust predictions due to unimodal processing and significant
risks associated with storing sensitive data. Moreover, these approaches of-
ten lack the flexibility to allow users to choose their preferred modality based
on their needs and technical capabilities.

Our proposed framework, LUNA, addresses these limitations by utilizing
multiple input streams to provide a more accurate diagnosis than unimodal
methods. LUNA combines independent modules that process video, audio,
and text modalities, tackling the limited availability of multimodal data in
this domain. Additionally, we integrate an empathetic avatar to support user
engagement in mental health assessments without storing any user data. Fi-
nally, LUNA allows users to choose between text, audio, and video inputs ac-
cording to their convenience, improving prediction robustness in low-resource
settings while safeguarding user privacy in real-world applications.

3. Datasets

3.1. Video

The FER-2013 dataset [41] was used to train the video processing module.
The FER-2013 dataset contains 32,298 grayscale images each with a resolu-
tion of 48x48 pixels, encompassing 7 facial emotions: ‘Neutral’, ‘Angry’,



‘Disgust’, ‘Fear’, ‘Sad’, ‘Happy’, and ‘Surprise’. The dataset is divided into
a training set of 28,709 samples and a test set of 3,589 samples, following the
default train-test split. FER-2013 was selected due to its large dataset size
and well-annotated emotional expressions, enabling effective transfer learn-
ing for facial emotion recognition. Since depression is often characterized by
specific emotional expressions, leveraging a robust emotion recognition model
can help infer depression-related facial cues. While several depression-specific
datasets such as AVEC 2013 [42] exist, they often have limitations such as
restricted access, smaller sample sizes, or missing modalities. Additionally,
many domain-specific video datasets are typically recorded in laboratory en-
vironments or contain encrypted visual data, limiting their generalizability.
FER-2013, on the other hand, contains diverse real-world instances of ob-
structed, partial, and low-resolution facial images, contributing to a model
that is more robust to common real-world irregularities in facial emotion
recognition [43]. Training on grayscale images also enhances model perfor-
mance in low-light conditions commonly encountered in real-world scenarios
[44]. To further improve robustness against variations in face angle and par-
tial occlusions, facial images were converted into facial landmarks [45]. The
F1-Score was used to evaluate image classification, considering the class im-
balance in the FER-2013 dataset.

Following prior research in depression detection [46, 47|, emotions such as
sadness, fear, and disgust have been associated with depressive symptoms.
While some studies have linked neutral expressions to emotional blunting
and apathy in individuals with depression [48], neutral expressions can also
occur in non-depressed individuals who are simply in a resting or unexpres-
sive state. To minimize misclassification and ensure a more conservative
labeling approach, ‘Neutral’ expressions were categorized as non-depressive
in this study. In contrast, positive emotions such as happiness and surprise
are generally not linked to clinical depression and are categorized as non-
depressive. Given these distinctions, we adopted the methodology of Kumar
et al. [49] to convert the multi-class emotion labels in the dataset into a
binary classification task, grouping depressive and non-depressive emotions
accordingly.

Emotions from the ‘Angry’, ‘Disgust’, ‘Fear’, and ‘Sad’ classes were cat-
egorized as depressive, while ‘Neutral’, ‘Happy’ and ‘Surprise’ classes were
categorized as non-depressive. This adjustment ensures that neutral expres-
sions are not inherently classified as depressive, aligning better with existing
psychological studies that associate depression with more distinct emotional



markers rather than emotional neutrality. Samples labeled as ‘Angry’, char-
acterized by lowered eyebrows that are drawn together and tense facial mus-
cles, were classified as depressive, reflecting the potential manifestation of
depressive symptoms through irritability and low temper. ‘Disgust’ samples,
marked by wrinkled nostrils and raised cheeks, were also classified as depres-
sive due to evidence suggesting that depressed individuals exhibit increased
sensitivity to negative emotions. ‘Fear’ samples, identified by raised eyebrows
and widened eyes, were placed in the depressive category because depression
is commonly associated with heightened anxiety and hesitation toward new
stimuli. Conversely, ‘Neutral’ samples were categorized as non-depressive to
prevent the misclassification of emotionally neutral expressions as indicative
of depression. ‘Happy’ samples, characterized by slightly squinted eyes and
an upward-turning mouth into a smile, were assigned to the non-depressive
category, as non-depressed individuals are more likely to express joy in re-
sponse to prompts from the application. Similarly, ‘Surprise’ samples, fea-
turing raised eyebrows, widened eyes, and parted lips, were categorized as
non-depressive, since non-depressed individuals generally respond more ac-
tively to new stimuli, such as questions posed by the application’s avatar.

3.2. Audio

Audio data from the DAIC-WOZ dataset [50] was used to train the audio
processing module. For each patient P, all utterances were segmented as
separate samples Up = {Uy, Uy, ...U, } using the speech timestamps provided
in the DAIC-WOZ dataset. The problem was modeled as a regression task,
with each patient’s PHQ-8 score serving as the label for the corresponding
samples. This process resulted in an utterance-level dataset, consisting of a
training set with 16,908 samples and a test set with 8,809 samples. The audio
processing module was trained as a regression model, predicting continuous
PHQ-8 scores rather than classifying users into discrete categories. Perfor-
mance was evaluated using the Root Mean Square Error (RMSE) metric.
The audio processing module was designed to identify underlying depressive
indicators solely from an individual’s speech signal.

3.8. Text

Transcripts from the DAIC-WOQOZ dataset were used to train the text
processing module. The word count of the text samples for each patient
ranged from 167 — 4,709. Since one word is approximately equal to one token
in language transformer models, many of these samples greatly exceeded the

10



maximum positional token limit of architectures such as BERT, DistilBERT,
and RoBERTa, which can accommodate up to 512 tokens [51|. To address
this limitation, each participant’s utterances were segmented into text groups
containing fewer than 512 tokens, thus preventing the loss of information
that would result from truncation. This process yielded a training set of 368
samples and a test set of 188 samples, with each sample containing fewer than
512 word tokens after preprocessing. The effectiveness of the text regression
task was evaluated using the RMSE metric. The text processing module
was designed to identify the risk of depression based on a user’s responses to
questions about their mood and habits in the recent past.

4. Methodology

This section describes each component of the proposed framework LUNA.
The study was conducted and reported in accordance with the CLAIM
(Checklist for Artificial Intelligence in Medical Imaging) guidelines, and a
completed CLAIM checklist is provided as supplementary material [52]. Users
interact with the front-end application that captures video, audio, and text
data through their webcam and microphone. These inputs are preprocessed
and fed into their respective classification models. The system is based on
the PHQ-8 questionnaire, with users answering eight questions about their
recent mental health. The visual, audio, and text processing modules of
the proposed framework each assign a unimodal score Sypimodar € [0, 1], with
0 indicating no signs of depression and 1 indicating the highest risk of de-
pression. Therefore, the classification framework operates as a combination
of three regression methods, allowing input data in three modes: text-only,
audio+text, or video+audio+text according to the users’ convenience, pref-
erence, or willingness. Similar to the PHQ-8 scale, the total score for each
question ranges from 0 - 3; therefore, when all eight questions are combined,
the maximum possible multimodal score is s, € [0,24]. This process is
visualized in Figure 1.

4.1. Video

Facial affect has been closely linked to symptoms of depression [48|. The
LUNA framework leverages this correlation by using a facial recognition
model to analyze the user’s captured video. The video is divided into frames
f=Af1, fay - fu}, and the emotion for each frame is predicted. To achieve
near real-time efficiency, ten frames per second of video are extracted as a
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Figure 1: An overview of the proposed LUNA framework and end-to-end screening
pipeline. Video, audio, and text inputs are obtained from the user and processed us-
ing ResNeth0, a multi-level audio network, and BERT, respectively. For each question
asked by LUNA, a score between 0 and 1 is assigned for each modality. These scores are
then aggregated for each question to produce a score between 0 and 3 using a late-fusion
strategy at the score level. Across all 8 questions, the total score is aggregated to yield a
final score ranging from 0 to 24, following the PHQ-8 scale.

trade-off between latency and temporal coverage. Each frame is resized to
48 x 48 pixels before classification. A pre-trained ResNet50 model [22] is fine-
tuned as the backbone for the classification task. ResNet-50 was selected due
to its strong representation learning capabilities, particularly in extracting
hierarchical features from images. Its relatively deep architecture allows it to
capture subtle facial affect patterns that are relevant for emotion recognition
and depression-related analysis.

Additionally, ResNet-50 offers a good balance between model complexity
and computational efficiency, making it suitable for real-time applications
without compromising accuracy. For each frame, the facial images are con-
verted into a set of 3D facial landmarks using the Mediapipe library’s Face
Mesh model [53], extracting 478 facial landmarks across three dimensions, re-
sulting in a feature vector Zigndmarks € R>*4"®. Among these, 468 landmarks
represent the entire facial structure, while 10 landmarks represent the irises.
These landmarks are then fed into the ResNet-50 model, which generates an
intermediate representation ,;suq € R%. 4

Each frame f; is converted into facial landmarks a:l(;)ndmwks € R348
which are passed through a ResNet-50 backbone to extract a feature repre-
sentation. A dense layer with sigmoid activation then maps this representa-
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tion to a probability of depressive affect:

c(f:) = oW, fresnet(Tomamarks: O0) +00).  c(fi) € 10,1] (1)

where fresnet(+; 0,) denotes the ResNet-50 transformation with parame-
ters 6, and o(-) is the sigmoid function. Here, ¢(f;) is interpreted as the
probability that frame f; is either depressive (+1) or non-depressive (+0).
Depressive emotions include sadness, fear, and disgust, while non-depressive
emotions include neutral, happy, and surprise. The final unimodal video
SCOTe, Syisual, 1S Obtained by averaging the frame-level probabilities across all
frames:

1 n
Svisual = E Zl C(fz) (2>
1=
where n is the total number of analyzed frames. The model is trained
to differentiate between these two categories using facial affect recognition

techniques, aligning with prior studies on emotion-based depression detection
[46].

4.2. Audio

The manifestation of depression can affect a person’s speech and articu-
lation [54]. Conversely, audio waves in speech contain valuable information
that can be effectively used to detect depression [55]. The raw audio signal
is preprocessed by splitting it into three components:

1. Low-Level Features: Low-Level Descriptors (LLDs) are extracted
from the raw audio signal using the eGeMAPSv02 [56] feature set
through the OpenSMILE library [57]. This process produces a set
of features fyy € R™?° where | depends on the length of the se-
quence. These features include loudness, shimmer, jitter, and other
time-domain and frequency-domain characteristics. To create uniform
tensors for training, a max-pooling-like operation is applied by select-
ing the maximum values across [ for each audio sample, resulting in a
final LLD tensor ;4 € R*?5.

2. Mel-Spectrogram: The audio samples are converted into mel - spec-
trograms using the librosa library [58]. This transformation maps all
frequencies in the audio sample to the mel scale, representing signal
amplitude across time and frequency. The number of mels is fixed at

13



128, and the mel - spectrogram is resized using torchvision to produce
a mel-spectrogram feature vector fp, € R'¥28*128 These features are
then passed through a pre-trained ResNet-50 vision model [22] to be
converted into an intermediate representation z,,, € R'%%,

3. Foundation Model Representation: The pre-trained Wav2Vec2-
Base model [23], with frozen parameters, is used to convert the raw
audio signal into high-level representations that encompass both time-
domain and frequency-domain features. The model outputs an inter-
mediate representation 0, € R78.

The choice of ResNet-50 for the mel-spectrogram data was based on its
proven effectiveness in image classification tasks, which directly applies to
spectrogram analysis given the similar nature of these data types. ResNet-
50’s depth allows it to capture complex patterns in the frequency domain
that are crucial for distinguishing between depressive and non-depressive
speech patterns. Wav2Vec2-Base was selected due to its state-of-the-art per-
formance in speech representation learning, particularly its ability to capture
nuanced audio features across different time scales.

The representations xjg, Tme, and T,2,0 are then converted into low-
dimensional projections a¥/77, 27" 279, € R?** using individual dense layers
Lyg, Lper, and Lo, respectively. Empirical findings suggest that a tensor
of size R** effectively encapsulates the information from all components into

a low-dimensional embedding without sacrificing performance.

wZZOj = Lya(xuaq) (3)
2% = Linet(Tmer) (4)
xZTQOgQ = Luwov2 (mw2v2) (5>

These projections are then concatenated into a single multi-level audio
representation Zgyugi, € R™:

__ ,.proj proj proj
Taudio = Tpq~ D Tppel D Ty202 (6)

where @ denotes the concatenation operation. This unified feature vector
is then passed through a regression layer with parameters (w,, b,), which
maps the embedding into the unimodal audio score:

T
Saudio = Wy Laudio + ba (7>
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Here, Squdio € R is subsequently normalized to the PHQ-8 scale, provid-
ing a clinically interpretable measure of depression severity from the audio
modality.

4.3. Text

Language is one of the most widely used tools for depression detection as
it captures the emotions that individuals choose to convey [59]. Addition-
ally, the text modality avoids many of the privacy concerns associated with
video and audio data. The recent rise in transformer-based NLP networks
has highlighted their proficiency in handling complex tasks such as emotion
recognition and depression detection [60]. In the proposed framework, a pre-
trained language transformer, BERT [24], is fine-tuned to process the textual
content of the input. BERT was selected for its state-of-the-art performance
in natural language understanding tasks, particularly its ability to capture
contextual information and handle long sequences of text. Its transformer ar-
chitecture, with its self-attention mechanism, excels at capturing the nuances
of language, making it ideal for detecting linguistic indicators of depression.
Additionally, BERT’s versatility and transfer learning capabilities enable it
to generalize effectively across different text inputs, enhancing the robustness
of the proposed model.

After the text is preprocessed, BERT’s tokenizer is used to convert the
text into tokens, mapping words to their corresponding IDs in BERT’s vocab-
ulary. The tokenizer also adds the special tokens ‘|CLS|” at the beginning and
‘[SEP]” at the end of the text. BERT then converts the tokenized sequence
tiokenizea iNtO an intermediate representation .., € R78.

Ltext = BERT<ttokenized) (8)

The text representation is then passed through a regression layer with
parameters (wy, b;) to predict the unimodal text score:

Stext = w;rxtext + bt (9>

The predicted score, Sy € [0, 1], provides a continuous measure of de-
pressive markers in the text, where higher values indicate stronger depressive
cues.
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4.4. Combined Prediction

To validate LUNA’s effectiveness, its predictions were benchmarked against
published models using the DAIC-WOZ dataset, a clinically labeled resource
widely used in depression detection research. Comparison with prior multi-
modal frameworks demonstrates that LUNA performs at a competitive level,
reinforcing its reliability. LUNA combines information from visual, acoustic,
and linguistic modalities through a modular multimodal fusion framework de-
signed to balance predictive performance, interpretability, and deployment
practicality. At the representation level, each modality is processed through
a dedicated feature extraction pipeline tailored to its signal characteristics,
preserving modality-specific information prior to integration. At the system
level, the outputs of these modality-specific components are aggregated to
generate the final PHQ-8 severity estimate and depression classification out-
come. This design was intentionally chosen to maintain transparency, robust-
ness to missing or degraded modalities, and ease of deployment in privacy-
sensitive real-world settings, while still allowing complementary multimodal
cues to contribute to the final decision. The framework therefore emphasizes
structured multimodal integration within an interpretable system architec-
ture suitable for practical mental health screening.

To estimate the PHQ-8 score, the outputs from the video, audio, and
text models are aggregated to produce a final depression severity score. By
aggregating modality-specific outputs, this multimodal fusion approach cap-
tures relevant depression indicators from different behavioral and linguistic
sources. In the current implementation the final PHQ-8 score is computed
through an interpretable score-level late-fusion strategy, following the princi-
ple that depression symptoms may manifest differently across modalities and
that their combined effects contribute to overall severity. This approach is
consistent with multimodal depression detection studies, which suggest that
integrating different behavioral signals can improve predictive performance
compared to unimodal models [61, 62]. While this implementation assumes
equal weighting across modalities at the final aggregation stage, we acknowl-
edge that their individual predictive contributions vary. The equal-weighting
strategy was deliberately chosen in the current version for simplicity, inter-
pretability, and fairness in modality weighting, while preserving modularity
and robustness to missing or low-quality modalities, properties that are par-
ticularly important for real-world, user-facing mental health screening. The
final prediction process is formalized as follows. Let M denote the set of
modalities enabled by the user (e.g., {visual, audio, text}), where N = |M]|.
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The combined score for a single question is defined as the sum of the unimodal
scores across available modalities:

Squestion - Z Sj, Squestion S [07 N] <1O>
jeEM
Since each unimodal score s; € [0, 1], the combined score for a single
question lies in the range [0, N], where N is the number of available modal-
ities. The total raw score for a session of 8 questions is then obtained by
summing across all responses:

8
Sraw = Z Squestiom; Sraw € [07 8N} (11>
=1

The PHQ-8 score is computed as a continuous value ranging from 0 to
24, with higher scores indicating a greater severity of depression. To en-
sure consistency across different input modalities, the score is adjusted while
maintaining the 0 — 24 range. For interpretability, these scores are mapped
to standard PHQ-8 severity levels: Non-Depressed (0 — 4), Mild Depres-
sion (5 —9), Moderate Depression ( 10 — 14), Moderately Severe Depression
(15 — 19), and Severe Depression (20 — 24). To ensure consistency of pre-
diction when users select one or two modalities instead of all three, the final
PHQ-8 score is normalized. The maximum possible raw score is 8 x N,
where N € {1,2,3} denotes the number of modalities used. To map this to
the standard 0-24 range, we use the following normalization:

8
3 3
Sfinal - Sraw X N = (;Zl Squeﬁiom) X N (12>

This normalization ensures that the final PHQ-8 score remains within the
standard 0 — 24 range, independent of the number of modalities provided.
This classification method aligns with clinical PHQ-8 guidelines, making the
results interpretable within established mental health assessment frameworks
[63, 64, 65].

The models were trained using appropriate loss functions for their respec-
tive tasks. For the regression-based PHQ-8 score prediction in the audio and
text modalities, the Mean Squared Error (MSE) Loss was used, which mini-
mizes the difference between predicted and actual scores. For the video-based
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classification model, Cross-Entropy Loss was employed, which is well-suited
for binary classification tasks.

4.5. User-Centric Interface

In the domain of mental health support, the development of a web-based
application with an interactive avatar serves as a promising avenue for fos-
tering engagement and well-being [66]. The core concept of the user interface
involved an empathetic digital companion (i.e., avatar) that poses questions
to users, facilitating self-reflection and expression [67]. The success of such
an application depends not only on the sensitivity of its content but also on
the simplicity and intuitiveness of its user interface (UI). The primary goal in
designing the Ul was to ensure accessibility and ease of use. The layout was
intentionally kept clean and uncluttered, with a minimalist design that uses
clear fonts and well-defined elements to promote a calm and straightforward
user experience. While no formal usability evaluation was conducted in this
study, the design was informed by best practices in mental health technology
interfaces.

The avatar design plays a crucial role in fostering a safe and support-
ive environment. Rather than serving as a direct “inner projection” of the
user, the avatar functions as a neutral and empathetic digital companion,
designed to facilitate engagement and encourage self-reflection. To provide
a degree of personalization while maintaining simplicity, users can select be-
tween male and female avatars and adjust voice characteristics, enhancing a
sense of ownership. Real-time feedback from the avatar, acknowledging user
responses with empathy and understanding, strengthens user engagement.
Visual representations of LUNA’s user interface are shown in Figure 2. By
prioritizing simplicity and intuitiveness, the design ensures a digital space
where technology acts as a gentle guide, fostering a positive user experience.

At the end of each session, users receive guidance based on their assigned
score, helping them interpret their assessment results and identify appropri-
ate mental health support options. For individuals in the ‘non-depressed’
category, the system indicates that no significant depressive symptoms are
present and recommends maintaining normal functioning. For ‘mildly de-
pressed’ individuals, it is noted that slight depressive symptoms may slightly
affect their daily mood but not their responsibilities. For those assigned to
the ‘moderate depression’ category, seeking professional help is suggested,
as they exhibit noticeable symptoms that may impair daily functioning and
well-being. Individuals with ‘moderately severe depression’ are recommended
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Text to Speech Settings My energy levels are great. | have been trying to sleep and wake up
early. | also try to exercise regularly and eat healthy.

Man Avatar

In the past two weeks, have you lost interest or pleasure in things
you usually like to do?

Woman Avatar

Not really. | have been having a good time in my job. The only
problem is the long commute, but it is a fun walk

s, i past ek s been ouh
Microsoft David - English (United States) ~

o1 g0 t0 school. had rouble wi

This means that you have not experienced any significant depression
symptoms in the past two weeks. You may still have some occasional
Pitch or mild mood fluctuations, but they do not interfere with your daily
e functioning or well-being. You can maintain your normal activities
and relationships, and cope with stress and challenges effectively.

serms o () SAVE  CLOSE

(c¢) Interactive Interface of the

(b) Avatar Configu- LUNA  Depression Detection

(a) User Interface layout of the LUNA System ration Settings. N

Figure 2: Overview of the LUNA System Interface and Key Features.

to seek professional intervention, as they may experience significant distress
from depressive symptoms. Finally, for individuals classified as ‘severely de-
pressed’, urgent professional help is strongly urged, as they may be at risk
of extreme distress or a potential crisis. While the wording across categories
may appear subtle, the recommendations are aligned with the established
PHQ-8 clinical severity scale and are intentionally phrased to match the
level of urgency and functional impact associated with each range. For ex-
ample, the escalation from “suggested” to “recommended” to “strongly urged”
corresponds to increasing symptom severity and risk. These distinctions are
designed to remain general, empathetic, and non-diagnostic, preserving user
privacy and safety in a self-screening context.

5. Experimental Results

To determine the most effective architecture for each modality within the
LUNA framework, a comprehensive benchmarking analysis was conducted.
For each data type, a range of models was evaluated, from traditional machine
learning algorithms to various state-of-the-art deep learning architectures.
This section presents the comparative results that informed the final model
selections for the video, audio, and text modules. A primary motivation for
developing LUNA was the lack of publicly available datasets that encompass
visual, audio, and text modalities. To address this challenge, three separate
models were trained, each designed to handle a single modality. The entire
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framework was implemented using Pytorch 2.1.0 and trained on an NVIDIA
P100 GPU with 16 GB of dedicated memory. A batch size of 16 was used for
the image and audio processing modules, while a batch size of 8 was applied
for the text processing module. The learning rates were set to 1 x e~ for the
image and audio models, and 5 x e~* for the text model.

5.1. Unimodal Experimental Results: Video

Table 2 and Figure 3 present the results of the video processing module
as a classification task. Figure 3 provides a visual comparison of model per-
formance, complementing the detailed analysis below. The complex facial
images were decomposed into facial landmarks and fed them into the vision
models. The random forest model struggled to process the high-dimensional
3D face meshes, resulting in poor performance. Similarly, the ANN failed
to capture the spatial relationships in images, leading to suboptimal results.
The CNN performed significantly better than the previous methods, but it
still struggled to capture higher-level features and was prone to overfitting
due to its relatively shallow depth. While CNN-based models such as VGG
and MobileNet performed reasonably well, they may lack the depth or archi-
tectural design to extract higher-level or more abstract facial features relevant
for depression detection, as seen in the slightly lower F1-scores compared to
ResNet-50 or transformer-based models. The VGG16 architecture, a deep 16-
layer CNN, improved performance compared to the shallower CNN. The Mo-
bileNet and EfficientNet-B3 models offered a trade-off between performance
and computational efficiency, with slightly reduced accuracy. The ViT-B/16
transformer surpassed the previous models, demonstrating its strong capabil-
ity in image classification. Notably, traditional deep-learning models achieved
competitive performance compared to the vision transformer model, which
may be due to the relatively straightforward nature of facial emotion recogni-
tion. The ResNet-50 model marginally achieved the best performance among
all the models tested, and we implemented it to process the individual frames
of the captured video. The results from the video processing module sug-
gest that while modern architectures like ViT-B/16 offer strong performance,
more traditional deep-learning models like ResNet-50 remain highly compet-
itive for specific tasks like facial emotion recognition. This finding highlights
the efficiency of ResNet-50 in handling the facial landmark data, which is
beneficial for modeling subtle facial affect patterns observed in the dataset.
ResNet-50 was selected for the LUNA framework due to its superior ability
to extract the complex, hierarchical features necessary for this task. This
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benchmarking establishes ResNet-50 as the most effective and reliable archi-
tecture for the visual modality, balancing high accuracy with computational
efficiency. The overall effectiveness of the video module in isolation, however,
is limited by its focus on visual cues alone, underscoring the need for a multi-
modal approach to capture a more comprehensive picture of an individual’s
mental state.

Table 2: F1-Score results for the binary classification task on the FER-2013 dataset. The
classification task distinguishes between “depressive” and “non-depressive” facial expres-
sions. Depressive expressions include emotions such as sadness, fear, and disgust, while
non-depressive expressions include neutral, happy, and surprise.

Method ‘ F1-Score

Random Forest 70.72
ANN 74.41
CNN 80.97

VGG-16 84.15
MobileNet 82.21
EfficientNet-B3 81.64
ViT-B/16 84.38
ResNet-50 84.57

5.2. Unimodal Experimental Results: Audio

Table 3 and Figure 4 present the results of the audio processing module
as a regression task, with Figure 4 providing a clear visual comparison of
unimodal and multi-level models. Individual models were tested at different
levels of audio data before combining the best-performing models for each
level into multi-level models. For signal-based models, the Wav2Vec2 trans-
former outperformed the BiLSTM and 1-D CNN models, likely because these
latter architectures struggle to model long-term dependencies in sequences.
For processing LLDs, the DNN and random forest algorithms exhibited sim-
ilar performance. However, the higher RMSE for both models suggests that
LLDs cannot fully capture the complexity of audio patterns in compressed
feature descriptors. The mel-spectrogram data provided richer information,
as evidenced by the improved regression performance of the spatial models,
with the ResNet-50 and ViT-B/16 models performing similarly in this task.
Ultimately, the Wav2Vec2, DNN, and ResNet-50 models were selected for
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Figure 3: Comparison of F1-Scores for various video classification models on the FER-2013
dataset.

the multi-level models due to their superior performance with each respec-
tive data type.

Among the multi-level models, the signal + mel-spectrogram and signal
+ LLD models were outperformed by the LLD + mel-spectrogram model,
indicating that the information contained in LLDs and mel-spectrograms is
complementary to each other and has fewer redundancies, leading to better
multi-level regression performance. The three-level model, which integrates
signal, LLD, and mel-spectrogram data, produced the best regression re-
sults overall, suggesting that these diverse data types combine effectively to
capture the complex nature of audio data for more nuanced classification.
Based on these findings, the top-performing model from each data type was
combined into a multi-level neural network architecture to process the au-
dio data. The audio processing results emphasize the value of integrating
multiple audio features, as the multi-level models consistently outperform
unimodal approaches. This reinforces the importance of multifaceted strate-
gies in capturing the complex nature of depressive symptoms, which manifest
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differently in various modalities. By effectively combining signal, LLD, and
mel-spectrogram data, the model is better equipped to detect subtle changes
in speech that may indicate depression, contributing to more reliable and nu-
anced mental health assessments. These benchmarking results demonstrate
that multi-level integration of signal, LLD, and mel-spectrogram features
provides the most robust approach for audio-based depression assessment.

Table 3: Audio regression results on the audio samples of the modified DAIC-WOZ dataset.
RMSE stands for Root Mean Square Error.

Data Type Method ‘ RMSE
Wav2Vec2 6.35
Signal BiLSTIM 6.40
1-D CNN 6.37
Random Forest 6.51
LLD DNN 6.50
VGG-16 6.37
M-S ResNet-50 6.34
ViT-B/16 6.34
Signal + M-S Wav2Vec2 + ResNet50 | 6.20
Signal + LLD Wav2Vec2 + DNN 6.21
LLD + M-S DNN + ResNet50 6.16
Signal + LLD + M-S Multi-level DNN 6.09

5.3. Unimodal Experimental Results: Text

Table 4 and Figure 5 present the results of the text processing module
as a regression task. Both naive deep-learning models and state-of-the-art
NLP transformers were evaluated. The 1D-CNN model produced the high-
est RMSE score, primarily due to the sparse representations of text created
by one-hot encoding and the CNN architecture’s limitations in modeling
long-range dependencies. The Word2Vec model performed slightly better
due to its embeddings capturing the semantic relationships between words.
However, Word2Vec treated each token independently and failed to fully cap-
ture the sequential nature of long text sequences, limiting its performance.
The LSTM model improved upon these methods, as its memory mecha-
nism allowed it to capture relationships within large sequences of words.
The BiLSTM model performed even better by considering both past and
future context for each word. Despite these improvements, both LSTM and
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Figure 4: Comparison of RMSE for various audio regression models and feature combina-
tions on the DAIC-WOQOZ dataset.

BiLSTM models were significantly outperformed by the transformer mod-
els. The DistilBERT model showed a notable improvement in RMSE over
the traditional deep-learning models but was outperformed by other trans-
former models due to its small size. The RoBERTa and ALBERT models
showed similar performance with a marginal improvement over DistilBERT.
Among the transformer models from the BERT family, the baseline BERT
model achieved the best RMSE, indicating that its size was optimal for cap-
turing the complex linguistic dependencies present in the long transcripts of
the DAIC-WQOZ dataset. These findings are further illustrated in Figure 5,
which provides a clear visual comparison of the performance gap between
traditional deep-learning models and transformer-based architectures.

The text processing results highlight the significant advantage of using
transformer-based models for natural language processing tasks, particularly
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in the context of depression detection. BERT’s superior performance indi-
cates that its architecture was optimally sized to capture the complex lin-
guistic dependencies in the DAIC-WOZ transcripts, justifying its selection
for the LUNA framework. These findings support the broader trend in NLP
towards leveraging transformers for complex language tasks. Moreover, the
results reaffirm the limitations of relying solely on unimodal text data, as
even the best-performing text models cannot fully encapsulate the emotional
and behavioral nuances that might be captured through audio and video
modalities. Overall, benchmarking across traditional and transformer-based
models confirms BERT as the most effective architecture for text, achieving
the lowest RMSE and providing the most reliable linguistic representations.

Table 4: Text regression results on the transcripts of the modified DAIC-WOZ dataset.
RMSE stands for Root Mean Square Error.

Method | RMSE

1-D CNN 7.06
Word2Vec 6.91
LSTM 6.80
BiLSTM 6.71
DistilBERT | 6.26
RoBERTa 6.25
ALBERT 6.25
BERT 6.23

5.4. Multimodal Ezxperimental Results

In addition to unimodal experiments, the full multimodal version of LUNA
was evaluated, where video, audio, and text modalities were combined to
predict PHQ-8 scores. The results presented in Table 5 indicate that multi-
modal integration yields the best overall performance across both regression
and classification settings, indicating that complementary information from
multiple m

The multimodal configuration achieves an RMSE of 5.42 for PHQ-8 score
prediction, which is lower than either unimodal approach. Relative to the
strongest unimodal regression baseline (audio, RMSE = 6.09), this corre-
sponds to an absolute improvement of 0.67 and an approximately 11.0%
relative reduction in error. Similarly, in classification tasks, the Fl-score
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Figure 5: Comparison of RMSE for various text regression models on the DAIC-WOZ
dataset.

increases from 84.57% (video-only) to 86.12%, corresponding to a gain of
1.55 percentage points. While these gains are modest in absolute terms,
they suggest that multimodal integration provides a measurable and con-
sistent performance benefit in this setting. This improvement can be at-
tributed to the ability of multimodal learning to capture different aspects
of depression symptoms. The text modality identifies linguistic indicators,
the audio modality captures variations in vocal tone, and the video modal-
ity detects facial expressions. By integrating these sources, the model pro-
duces more robust assessments, reducing the likelihood of misclassification
based on a single modality. Rather than relying on any single modality
alone, the framework combines heterogeneous behavioral, vocal, and linguis-
tic evidence relevant to depression screening. These findings support the use
of multimodal approaches for automated depression assessment, while also
highlighting important limitations. While the framework achieves compet-
itive performance, some limitations remain: dataset separation (with video
and audio/text trained independently) restricts cross-modal learning, and
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Table 5: Comparison of Unimodal and Multimodal Performance for PHQ-8 Score Predic-
tion on the DAIC-WOZ dataset, illustrating the complementary contribution of multiple
modalities.

Modality | RMSE | F1-Score (Classification)

Text Only 6.23 -

Audio Only 6.09 -

Video Only - 84.57%
Multimodal (Audio + Text + Video) | 5.42 86.12%

the equal-weighted fusion strategy, while interpretable, may not fully lever-
age the differing predictive strengths of each modality.

6. Discussion

The results across video, audio, and text modalities emphasize the indi-
vidual strengths of each modality in detecting depressive symptoms, while
also highlighting the critical value of multimodal integration within the LUNA
framework. The findings suggest that multimodal approaches improve de-
pression detection compared to unimodal methods, as evidenced by lower
RMSE and higher F1-scores in the multimodal setup.

The ResNet-50, multi-level audio network, and BERT models performed
well within their respective domains, effectively capturing the nuances of each
modality. The combination of these high-performing models into a unified
system highlights the potential of multimodal frameworks to provide a more
holistic understanding of a user’s mental state. This observation is consis-
tent with prior studies showing that facial affect, speech characteristics, and
linguistic cues provide complementary information for depression screening
when jointly modeled [39, 14, 31].

Video processing, powered by the ResNet-50 model, effectively captures
facial affect patterns relevant to emotion recognition, while audio process-
ing captures nuanced speech characteristics through the multi-level DNN
model, which combines signal, LLD, and mel-spectrogram data for improved
performance. The text module, using BERT, excels at analyzing linguistic
features associated with depression. These modality-specific results high-
light how different behavioral signals contribute distinct information to the
overall screening process. Furthermore, even within individual modalities,
the results underscore the importance of combining multiple feature types.
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For instance, the multi-level approach in audio processing, which integrates
signal, LLD, and mel-spectrogram data, outperformed unimodal methods,
reinforcing the value of multi-representation modeling for depression screen-
ing.

Beyond aggregate performance, the unimodal and multimodal results also
provide insight into the role of each modality within the fusion framework.
The audio modality yielded the strongest standalone regression performance,
suggesting that vocal characteristics capture a substantial portion of the sig-
nal relevant to PHQ-8 severity estimation. The text modality performed
similarly, indicating that linguistic content also provides informative depres-
sive markers. In contrast, the visual modality was most informative in the
classification setting, where affective facial cues may be more useful for dis-
criminating depressive versus non-depressive patterns than for estimating
continuous symptom severity.

The improvement observed in the multimodal setting therefore appears to
arise from the complementary integration of partially distinct vocal, visual,
and linguistic cues, rather than from simple redundancy across modalities.
From a fusion perspective, this suggests that the value of multimodal integra-
tion in depression screening lies not only in maximizing benchmark accuracy,
but also in enabling the system to combine heterogeneous behavioral evidence
in a way that is more robust and potentially more clinically relevant than
any single modality alone.

The framework is grounded in a privacy-by-design philosophy that em-
phasizes non-retentive data processing. All user inputs, including any com-
bination of video, audio, and text, are processed exclusively in real time and
held transiently in memory only for the duration required to compute as-
sessment scores for that session. Once the session is complete and the final
PHQ-8 score is displayed, all associated raw data and intermediate feature
representations are immediately and irrevocably purged. No user data is ever
written to disk, stored in a database, or used to retrain the models. This
stateless architecture ensures maximum privacy and confidentiality, distin-
guishing LUNA from systems that rely on persistent storage or longitudinal
analysis. Such design principles are essential for fostering user trust and
comfort in a self-screening context.

To further validate LUNA’s effectiveness, we compared its PHQ-8 pre-
dictions against established depression detection models that use the DAIC-
WOZ dataset. The results in Table 6 highlight LUNA’s performance relative
to other multimodal frameworks. These results show that LUNA’s audio
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model achieves a lower RMSE (6.09) than existing models, and its text model
performs on par with state-of-the-art methods. While the individual uni-
modal components of LUNA may not outperform the latest state-of-the-art
models in isolated settings, this work does not aim to push the performance
boundaries of single-modality depression detection. Rather, the contribu-
tion lies in the structured integration of video, audio, and text modalities
into a unified, PHQ-8-aligned, real-time framework designed for user-facing
deployment. This integration allows LUNA to leverage complementary in-
formation across modalities, as shown by the improved performance in the
multimodal configuration. Moreover, the framework emphasizes practical
usability, modular input selection, and accessibility, key features that are
often overlooked in highly specialized unimodal research. Additionally, its
video model (F1-score = 84.57%) aligns with recent vision-based depression
detection techniques. This benchmarking supports LUNA’s reliability for
automated depression screening.

Beyond predictive performance, the findings underscore the importance
of integrating multiple data modalities with a user-friendly interface for ad-
vancing early detection and support in depression screening. Prior work has
shown that accessibility and engagement are critical factors for adoption of
digital mental health tools, particularly in non-clinical and at-home settings
[66, 67]. In this context, LUNA demonstrates how multimodal systems can
improve screening accuracy while remaining accessible and engaging for users.

Table 6: Evaluation of LUNA’s Performance in Relation to Prior Depression Detection
Frameworks.

Model ‘ Dataset ‘ Best RMSE ‘ F1-Score
LUNA DAIC-WOZ | 6.09 (Audio), 6.23 (Text) | 84.57% (Video)
MFM-Att (Fang et al., 2023) | DAIC-WOZ 6.23 N/A
Park & Moon (2022) DAIC-WOZ 6.25 N/A
Xie et al. (2022) Private Dataset 6.34 N/A

These findings reinforce the potential of combining video, audio, and text
modalities for a more comprehensive assessment of depressive symptoms.
The benchmarking results also suggest that LUNA performs competitively
with established depression detection models, further supporting its effec-
tiveness as a real-world screening tool. While a direct clinical validation
study has not yet been conducted, LUNA’s performance on DAIC-WOZ is
comparable to that of established depression detection models reported in
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the literature. These results suggest that LUNA constitutes a promising and
reliable automated screening framework, motivating future clinical validation
in controlled settings.

While LUNA shows promising potential, several aspects warrant further
investigation. In particular, processing multiple data streams may introduce
computational overhead in resource-limited environments, and broader real-
world testing is required to assess robustness across diverse usage conditions.
These considerations are common challenges in multimodal mental health
systems and have been highlighted in prior work [15, 16].

7. Limitations and Future Work

While the LUNA framework demonstrates promising results and sup-
ports the feasibility of multimodal depression assessment, several limitations
remain that are common challenges in this research domain and suggest di-
rections for future work. A primary limitation is the absence of a single,
publicly available dataset that simultaneously includes high-quality video,
audio, and text modalities for depression analysis. As a result, each unimodal
module was trained on separate, specialized datasets (FER-2013 for video,
DAIC-WOZ for audio and text), which prevents the model from learning
cross-modal correlations within the same subjects. Access to, or the devel-
opment of, integrated multimodal datasets would substantially enhance the
effectiveness of fusion strategies.

Another limitation lies in the current fusion approach. The present frame-
work uses an equal-weighted aggregation of unimodal scores for simplicity
and interpretability. However, model performance varied across modalities,
reflecting that individuals may convey depressive symptoms differently; some
primarily through facial affect, others through speech or text. This high-
lights the potential benefit of more sophisticated fusion mechanisms, such as
attention-based weighting, which could dynamically adjust modality impor-
tance according to input quality or contextual cues. Additionally, ablation
studies on different fusion weighting strategies were not feasible under the
current dataset separation, but such experiments represent an important
direction for future research once integrated multimodal datasets become
available.

In addition, modality-specific challenges such as poor video quality, back-
ground noise in audio, or short and ambiguous text responses can reduce
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prediction reliability. Addressing these issues through improved preprocess-
ing, robust feature extraction, and noise-aware modeling represents another
direction for future work. A further limitation concerns the evaluation strat-
egy: while standard train—test splits from benchmark datasets were used to
ensure comparability with prior work, this limits the assessment of gener-
alizability. Future studies should incorporate cross-validation protocols and
evaluation on additional multimodal datasets to provide stronger evidence of
robustness in real-world settings.

Finally, the framework received initial expert review from a licensed Cog-
nitive Behavioural Psychotherapist and Clinical Psychologist, as well as a
specialist Psychotherapist. Their feedback provided qualitative validation of
the framework’s psychological appropriateness, ethical positioning, suitabil-
ity, usability, and potential comfort for patient-facing use, and confirmed its
clinical relevance. At the same time, the feedback reinforced the need for
formal quantitative and qualitative clinical validation as an essential next
step to establish real-world applicability. Within this clinical context, ex-
tensions that support secure, consent-driven longitudinal monitoring may
further enhance assessment fidelity. Overall, these limitations should not be
regarded as barriers but as opportunities for extending this line of research.
Future studies that integrate richer multimodal datasets, adopt adaptive fu-
sion strategies, and enhance robustness to input variability are likely to yield
further improvements in the reliability and clinical applicability of multi-
modal depression assessment systems.

8. Conclusion

This work introduced LUNA, a unified multimodal framework that inte-
grates video, audio, and text inputs with an empathetic interactive avatar to
screen for depressive symptoms in users, assigning scores based on the PHQ-
8 scale. While each of the individual models used (ResNet-50, Wav2Vec2,
BERT) has been explored in prior research, the key contribution of this work
lies in their structured integration, PHQ-8 score alignment, and real-time de-
ployment within a user-friendly avatar-based interface. By supporting flexi-
ble modality input and real-time depression scoring, LUNA offers a practical
and accessible approach to automated mental health assessment.

In conclusion, LUNA represents a significant step forward in depression
detection, demonstrating the powerful potential of multimodal frameworks
to improve screening accuracy, user engagement and early intervention. This
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work provides a strong foundation for future developments in mental health
technology, aiming to make care more effective, empathetic and widely ac-
cessible.
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