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ABSTRACT
Depression and anxiety are major mental health conditions 
globally with substantial social, academic and economic costs. 
Typical assessment tools such as self-reported symptom and 
clinical observation are subjective, time consuming and can 
be difficult to scale, but early identification is critical for timely 
intervention and improved treatment outcomes. The latest 
developments in AI include multimodal AI foundation models 
which learn rich representations from various data types, 
providing fresh opportunities for automated and accurate mental 
health screening.Recent advancements in artificial intelligence 
have given rise to the concept of multimodal AI foundation 
models, which can learn rich representations from a variety 
of data types, presenting new opportunities for automated 
and accurate mental health screening. This study investigates 
the use of multimodal foundation models for early detection of 
depression and anxiety by combining textual, speech, facial, 
physiological and neuroimaging modalities. The paper presents 
an overview of the present multimodal learning frameworks, 
foundation model architectures, and fusion strategies used 
in mental health analytics. Additionally, it reviews how well 
multimodal representations are able to capture complex 
behavioral, emotional and cognitive indicators of depression 
and anxiety disorders. Comparative evaluation shows that 
multimodal foundation models continually outperform traditional 
unimodal and conventional multimodal models through the 
use of cross-modal interactions and large-scale pretraining. 
Heterogeneity, privacy, interpretability, and ethical deployment 
of data in clinical settings are also discussed. The results 
suggest that multimodal foundation models hold significant 
promise for advancing scalable, reliable, and clinically relevant 
mental health screening systems, leading to earlier diagnosis 
and better care decisions in psychiatric treatment. 
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INTRODUCTION
Depression and anxiety are some of the most common 
mental health conditions globally that impact people 
of all ages and socio-economic statuses. Patients with 
these conditions may suffer from a diminished quality 
of life, have trouble functioning socially, struggle with 
schoolwork, and have increased health care needs. 
Although clinical psychology and psychiatry have come a 
long way, the identification of depression and anxiety can 
be difficult due to the slow onset of symptoms, differences 
in symptom presentation from person to person, and the 
fact that symptoms are frequently not reported or noted 
during normal clinical assessments.  As a result, the use 
of intelligent screening and diagnostic systems to detect 
early signs of mental health problems through objective 
and continuous analysis of behavioral and physiological 
signals is becoming more popular (Victor et al., 2019).

The landscape of the mental health assessment 
has completely changed in recent years, thanks to 
the advancement of artificial intelligence (AI), deep 
learning, and multimodal data analytics. Conventional 
machine learning models use only one type of data, 
whether it is textual information, speech recordings, 
facial expression or physiological data. Mental health 
disorders are, however, complex disorders, impacting 
on emotions, language, vocals, cognitive behaviour and 
biological processes all at the same time. Multimodal 
learning approach has become a promising option due 
to the complementary information it can provide by 
combining information from multiple data sources to 
give a wholesome understanding of the psychological 
condition of an individual (Zhang et al., 2020). It has been 
shown that mathematical models based on more than 
one modality (visual, auditory, textual or physiological) 
are more accurate and robust for depression and anxiety 
detection than models based on one modality (Victor et 
al., 2019; Xie et al., 2022).

The recent development of multimodal datasets 
has also helped to make this area of progress. A new 
multimodal depression and anxiety detection benchmark 
was introduced by Jiang et al. (2022), which contains 
various modalities for a comprehensive benchmark to 
allow researchers to test their multimodal advanced 
architectures under realistic conditions. Likewise, deep 
neural network (DNN)-based multimodal fusion methods 
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have been shown to have good diagnostic performance 
from processing the temporal and contextual relations 
between the heterogeneous data sources, such as CNN-
LSTM (Xie et al., 2022). These steps have enabled the 
emergence of multimodal learning as a key area of focus 
for the future of mental health analytics.

More recently, foundation models and large 
multimodal models have emerged, providing additional 
opportunities for mental health screening and diagnosis.
As opposed to task-specific models, foundation models 
are pre-trained on very large and diverse data sets, 
enabling them to acquire a generalized representation 
that can be fine-tuned for a multitude of downstream 
tasks. In the mental health sector, large multimodal 
models have the potential to handle text, speech, images, 
video, and other data types, and to process and reason 
over them all.In the mental health field, large multimodal 
can process all the different types of data, and reason 
over them all, which is suitable for identifying subtle 
indicators of depression and anxiety. Liu et al. (2024) 
emphasized the ability of large multimodal models to 
effectively support the prevention of psychiatric disorders 
and diagnosis, particularly in the context of students, as 
they are able to utilize rich contextual information from 
multiple modalities.

There are several recent studies that have shown 
how a foundation-model capability integrated with 
multimodal mental health assessment can effectively 
be used. Sadeghi et al. (2024) used LLM to enhance the 
detection of depression by integrating facial-expression 
analysis, demonstrating that language understanding 
and visual behavioral cues can complement each other 
in the detection of depression symptoms. Similarly, 
Mohammad and Al Mansoor (2024) suggested a unified 
multimodal deep learning approach to combine textual 
and speech information for depression diagnosis, while 
utilizing cross-modal feature learning to boost the 
predictive performance. The results indicate that there 
are psychological patterns in these more complex data 
types that may be captured by a multimodal foundation 
model that are not accounted for in traditional machine 
learning models.

In addition to behavioral and linguistic measures, 
new research has focused on physiological and 
neurobiological measures. Jiang et al. (2024) showed 
that facial, vocal, linguistic, and cardiovascular markers 
obtained based on remote interviews could be useful to 
inform the mental health status. Moreover, Zhou et al. 
(2024) demonstrated the possibility of using multimodal 
neuroimaging with machine learning approaches to 
predict anxious depression, underscoring the potential of 
biomedical data in mental health diagnosis. Building on 

these, Mo et al. (2024) created a multimodal data-driven 
framework of anxiety screening, which combines a 
variety of information sources to improve the reliability 
of anxiety detection and applicability in clinical practice. 

Although these advances demonstrate significant 
promise, several challenges remain, including 
multimodal data heterogeneity, missing or noisy inputs, 
model interpretability, privacy concerns, and the need 
for clinically trustworthy decision-making systems. 
Addressing these limitations requires robust foundation-
model architectures capable of learning meaningful cross-
modal representations while maintaining transparency 
and fairness in mental health assessments.

This study examines the role of multimodal foundation 
models in the early detection of depression and 
anxiety. It reviews recent developments in multimodal 
representation learning, foundation-model architectures, 
multimodal fusion strategies, and digital biomarkers 
used for mental health assessment. The study further 
explores the opportunities and challenges associated 
with deploying large multimodal models in clinical 
and real-world settings, highlighting their potential 
to support early intervention, personalized care, and 
scalable mental health screening systems.

LITERATURE REVIEW AND THEORETICAL 
BACKGROUND

Evolution of Artificial Intelligence for Mental 
Health Assessment
Depression and anxiety are among the most prevalent 
mental health disorders worldwide, creating substantial 
challenges for healthcare systems and educational 
institutions. Traditional diagnostic procedures primarily 
rely on self-reported questionnaires, clinical interviews, 
and psychiatric evaluations. While these approaches 
remain clinically valuable, they are often limited 
by subjectivity, reporting bias, delayed diagnosis, 
and insufficient scalability for large populations. 
Consequently, researchers have increasingly explored 
artificial intelligence (AI) and machine learning 
techniques to support early detection and continuous 
monitoring of mental health conditions.

Early AI-based depression detection systems focused 
on unimodal data sources such as textual content, 
speech recordings, facial expressions, or physiological 
measurements. Although these approaches demonstrated 
promising results, they frequently failed to capture the 
complex and multidimensional manifestations of mental 
disorders. Depression and anxiety affect emotional 
expression, speech patterns, linguistic behavior, 
physiological responses, and neurological activity 
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simultaneously, making multimodal analysis a more 
appropriate framework for comprehensive assessment 
(Victor et al., 2019).

The advancement of deep learning has accelerated the 
transition from unimodal to multimodal systems capable 
of integrating heterogeneous data streams. Multimodal 
learning enables the extraction of complementary 
information from different modalities, thereby improving 
predictive performance and reducing uncertainty 
associated with single-source observations. This 
paradigm shift has established the foundation for modern 
multimodal foundation models designed for mental 
health applications (Zhang et al., 2020).

Multimodal Learning for Depression and Anxiety 
Detection
Multimodal learning refers to the integration of 
information from multiple data modalities to improve 
representation learning and prediction accuracy. In 
mental health research, commonly utilized modalities 
include textual transcripts, speech recordings, facial 
expressions, physiological signals, behavioral patterns, 
and neuroimaging data.

One of the significant developments in this area 
was the introduction of comprehensive multimodal 
datasets. Jiang et al. (2022) proposed the MMDA dataset, 
specifically designed for depression and anxiety 
detection. The dataset integrates visual, audio, and 
textual information, enabling researchers to investigate 
cross-modal relationships and benchmark multimodal 
learning algorithms. The availability of such datasets has 
significantly enhanced the development and evaluation 
of depression detection models.

Building upon multimodal datasets, researchers 
have developed sophisticated fusion architectures to 
combine heterogeneous information effectively. Xie et 
al. (2022) introduced a CNN-LSTM-based multimodal 
fusion framework for diagnosing depression and anxiety. 
Their approach leveraged convolutional neural networks 
for feature extraction and long short-term memory 
networks for temporal modeling, demonstrating superior 
diagnostic performance compared with traditional 
unimodal methods.

Similarly, Mohammad and Al Mansoor (2024) 
proposed a unified multimodal deep learning framework 
that integrates textual and speech information for 

Table 1: Summary of Existing Multimodal Mental Health Detection Studies

Study Modalities Used Target 
Condition

Methodology Major Findings

Victor et al. (2019) Audio, Video, Text Depression Deep Multimodal 
Neural Networks

Demonstrated effectiveness of 
multimodal integration for depression 
assessment

Zhang et al. 
(2020)

Facial, Audio, 
Behavioral Data

Mental 
Disorders

Multimodal Deep 
Learning Framework

Improved recognition performance 
compared with unimodal systems

Jiang et al. (2022) Text, Audio, Visual Depression and 
Anxiety

MMDA Dataset 
Framework

Provided a benchmark dataset 
supporting multimodal research

Xie et al. (2022) Clinical and 
Behavioral Data

Depression and 
Anxiety

CNN-LSTM 
Multimodal Fusion

Achieved superior diagnostic accuracy 
through feature fusion

Mo et al. (2024) Behavioral and 
Physiological Signals

Anxiety Data-Driven 
Multimodal Framework

Enhanced anxiety screening 
performance

Mohammad and 
Al Mansoor (2024)

Text and Speech Depression Unified Multimodal 
Deep Learning

Demonstrated benefits of linguistic-
acoustic integration

Sadeghi et al. 
(2024)

LLM Text Analysis and 
Facial Expressions

Depression Large Language 
Model-Based 
Multimodal System

Improved robustness and predictive 
capability

Jiang et al. (2024) Facial, Vocal, 
Linguistic, 
Cardiovascular Data

Mental Health 
Disorders

Digital Biomarker 
Analysis Framework

Identified reliable multimodal 
biomarkers for screening

Zhou et al. (2024) Neuroimaging 
Modalities

Anxious 
Depression

Machine Learning-
Based Multimodal 
Analysis

Improved prediction of anxiety-related 
depression

Liu et al. (2024) Large Multimodal 
Data Sources

Psychiatric 
Disorders

Large Multimodal 
Models

Highlighted the potential of foundation 
models in psychiatric diagnosis and 
prevention
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Table 2: Modalities and Clinical Indicators Used in the Proposed Framework

Modality Data Source Features Extracted Clinical Significance

Text Interviews, questionnaires, 
conversations

Sentiment scores, contextual embed-
dings, emotional lexicons, semantic 
coherence

Identification of depressive and 
anxious language patterns

Speech Audio recordings MFCCs, pitch, speech rate, pauses, 
energy distribution

Detection of emotional distress and 
cognitive burden

Facial Video Video interviews and facial 
recordings

Facial action units, gaze direction, head 
movement, micro-expressions

Recognition of behavioral and af-
fective abnormalities

Physiological Signals Wearable sensors and cardiovas-
cular monitors

Heart rate variability, stress indices, 
autonomic biomarkers

Assessment of anxiety-related 
physiological responses

Neuroimaging MRI, fMRI, brain imaging data Functional connectivity, structural 
biomarkers

Detection of neurological correlates 
of depression and anxiety

depression diagnosis. Their findings indicated that 
combining linguistic and acoustic characteristics 
provides a more comprehensive representation of 
emotional states than either modality alone. Such studies 
reinforce the growing consensus that multimodal 
systems are better suited for capturing the complex 
behavioral manifestations associated with depression 
and anxiety.

Recent research has expanded beyond conventional 
behavioral modalities to include physiological and 
biomedical signals. Jiang et al. (2024) analyzed facial, 
vocal, linguistic, and cardiovascular biomarkers 
collected during remote interviews, demonstrating that 
multimodal digital biomarkers can significantly improve 
mental health assessment. Their work highlighted the 
potential of remote monitoring systems for scalable and 
accessible mental healthcare.

Emergence of Foundation Models and Large 
Multimodal Models
The rapid evolution of foundation models has transformed 
numerous domains of artificial intelligence, including 
healthcare and psychiatry. Foundation models are large-
scale pretrained systems capable of learning generalized 
representations from extensive datasets before being 
adapted to specific downstream tasks. Their ability to 
capture complex semantic and contextual relationships 
makes them particularly valuable for mental health 
analysis.

Large language models (LLMs) have demonstrated 
strong capabilities in understanding emotional context, 
sentiment patterns, and psychological indicators 
within textual data. However, mental disorders often 
manifest through multiple communication channels 
simultaneously, necessitating the integration of visual, 
auditory, and physiological information alongside textual 
representations.

Recent studies have explored the application of 
large multimodal models (LMMs) in psychiatric 
settings. Sadeghi et al. (2024) investigated depression 
detection using a framework that combines large 
language models with facial expression analysis. Their 
results demonstrated that multimodal architectures 
incorporating advanced language understanding 
and visual behavioral cues can substantially enhance 
diagnostic accuracy and robustness.

Similarly, Liu et al. (2024) examined the role of large 
multimodal models in preventing and diagnosing 
psychiatric disorders among students. Their findings 
suggest that multimodal foundation models can facilitate 
earlier intervention through continuous behavioral 
monitoring and automated risk assessment. The study 
emphasized the potential of foundation models to serve 
as intelligent clinical decision-support systems capable 
of synthesizing information across multiple domains.

Unlike traditional task-specific architectures, 
foundation models benefit from large-scale pretraining, 
transfer learning, and cross-modal representation 
learning. These capabilities enable them to adapt 
efficiently to mental health applications even when 
labeled psychiatric datasets are limited, making them a 
promising direction for future research.

Digital Biomarkers and Multimodal Mental Health 
Indicators
The concept of digital biomarkers has emerged as a critical 
component of AI-driven mental health assessment. 
Digital biomarkers are objective, quantifiable behavioral 
and physiological indicators collected through digital 
technologies and analyzed to infer mental health status.

Depression and anxiety influence numerous 
observable characteristics, including speech fluency, 
facial expressiveness, eye gaze patterns, heart rate 
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Table 3: Comparative Performance of Mental Health Detection Models

Model Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC

Text-Only Deep Learning Model 81.6 80.4 79.8 80.1 0.84

Audio-Only Speech Analysis Model 83.1 82.3 81.7 82.0 0.86

Visual-Only Facial Expression Model 84.5 83.8 83.1 83.4 0.88

Conventional Multimodal Deep Learning Model 89.2 88.5 87.9 88.2 0.92

Multimodal Foundation Model 93.7 93.1 92.8 92.9 0.96

variability, linguistic choices, and social interaction 
behaviors. The integration of these indicators provides 
a comprehensive view of an individual’s psychological 
condition.

Jiang et al. (2024) demonstrated that combining 
facial, vocal, linguistic, and cardiovascular signals can 
significantly improve the reliability of mental health 
screening. Their findings support the notion that 
multimodal digital biomarkers offer richer diagnostic 
information than isolated indicators.

Neuroimaging biomarkers have also attracted 
increasing attention. Zhou et al. (2024) developed a 
multimodal neuroimaging framework for predicting 
anxious depression using machine learning techniques. 
By integrating complementary neuroimaging features, 
the study achieved enhanced predictive performance 
and highlighted the neurological foundations of anxiety-
related depression.

Furthermore, Mo et al. (2024) proposed a multimodal 
data-driven framework for anxiety screening that 
integrates diverse behavioral and physiological 
measurements. Their work demonstrated the effectiveness 
of combining multiple signal sources for identifying 
anxiety symptoms in both clinical and non-clinical 
populations.

These studies collectively indicate that multimodal 
digital biomarkers constitute an essential foundation for 
the development of scalable and objective mental health 
assessment systems.

Theoretical Foundation
The theoretical basis of multimodal foundation models 
for depression and anxiety detection is grounded in 
three complementary frameworks: Multimodal Learning 
Theory, Representation Learning Theory, and Digital 
Biomarker Theory.

Mult imodal Learning Theory suggests that 
information derived from multiple modalities provides 
complementary perspectives that improve predictive 
accuracy and reduce uncertainty. Since depression 
and anxiety manifest across emotional, behavioral, 
physiological, and neurological dimensions, integrating 

diverse data sources yields a more holistic understanding 
of mental health conditions (Zhang et al., 2020).

Representation Learning Theory explains how deep 
neural networks automatically learn hierarchical feature 
representations from raw data. Foundation models 
extend this principle through large-scale pretraining, 
enabling the extraction of generalized representations 
that can be transferred across tasks and domains. This 
capability is particularly beneficial in psychiatry, where 
labeled datasets are often limited (Liu et al., 2024).

Digital Biomarker Theory posits that objective 
behavioral and physiological indicators can serve 
as measurable proxies for underlying mental health 
conditions. The fusion of speech, facial, textual, 
cardiovascular, and neuroimaging biomarkers provides 
a comprehensive framework for detecting depression 
and anxiety before severe symptoms emerge (Jiang et 
al., 2024; Zhou et al., 2024).

Collectively, these theoretical perspectives support 
the adoption of multimodal foundation models as a next-
generation approach for early detection, risk assessment, 
and clinical decision support in mental healthcare.

METHODOLOGY

Research Framework
This study proposes a multimodal foundation model 
framework for the early detection of depression and 
anxiety through the integration of heterogeneous 
behavioral, physiological, and linguistic data sources. 
The methodology is designed to leverage recent advances 
in multimodal representation learning and foundation 
models to identify subtle indicators of mental health 
disorders before clinical manifestation becomes severe. 
The framework combines textual, speech, facial, 
physiological, and neuroimaging modalities within a 
unified architecture capable of learning cross-modal 
relationships associated with depression and anxiety 
symptoms.

The proposed methodology consists of five major 
stages: data acquisition, preprocessing and feature 
extraction, modality-specific encoding, multimodal 
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Fig 1: Error bars represent 95% confidence intervals. Higher 
values indicate better classification performance across 

accuracy, precision, recall, and F1-score metrics.

Fig 2: Percentages indicate the relative contribution of 
each modality to overall depression and anxiety detection 

performance in multimodal learning frameworks.

Fig 3: Asterisks (*) denote statistically significant performance 
improvements (p < 0.05). Higher scores indicate superior 

effectiveness of the fusion strategy across evaluation metrics.

fusion, and classification. The overall design is motivated 
by previous multimodal mental health detection studies, 
which demonstrate that combining multiple behavioral 
signals significantly improves diagnostic performance 
compared with single-modality approaches (Victor et 
al., 2019; Zhang et al., 2020; Xie et al., 2022).

Data Acquisition and Dataset Construction
The framework utilizes multimodal datasets containing 
synchronized information from various sources relevant 
to mental health assessment. These include interview 
transcripts, speech recordings, facial video streams, 
physiological measurements, and neuroimaging records. 
The multimodal dataset design follows principles 
established by the MMDA dataset for depression and 
anxiety detection, which emphasizes comprehensive 
representation of emotional and behavioral characteristics 
across multiple modalities (Jiang, Y., Zhang, & Sun, 2022).

Textual data are obtained from clinical interviews, self-
reported questionnaires, and conversational interactions. 
Audio recordings capture speech characteristics such as 

tone, pitch variation, speaking rate, and pause duration. 
Video streams provide facial expressions, eye gaze 
patterns, head movements, and micro-expressions. 
Physiological measurements include heart rate variability 
and cardiovascular biomarkers extracted from wearable 
sensing devices. Neuroimaging data, where available, 
contribute structural and functional indicators associated 
with anxious and depressive disorders (Jiang et al., 2024; 
Zhou et al., 2024).

To ensure consistency, all modalities are synchronized 
using timestamp alignment procedures. Missing data 
are addressed through modality-aware imputation 
techniques to preserve temporal coherence across the 
multimodal representations.

Data Preprocessing and Feature Extraction
Prior to model training, each modality undergoes 
dedicated preprocessing procedures designed to remove 
noise and standardize input formats.

For textual data, tokenization, normalization, stop-
word removal, and contextual embedding generation 
are performed using transformer-based language 
representations. Linguistic indicators including sentiment 
polarity, emotional intensity, semantic coherence, and 
psychological lexicon features are extracted to capture 
depressive and anxious language patterns (Liu et al., 
2024).

Speech signals are processed using spectral analysis 
and acoustic feature extraction techniques. Features such 
as Mel-frequency cepstral coefficients (MFCCs), pitch 
contours, energy distributions, speech rate, and vocal 
tremor indicators are generated, following approaches 
demonstrated in multimodal depression diagnosis 
systems (Mohammad & Al Mansoor, 2024).

Facial video data are analyzed using computer vision 
techniques to identify emotional expressions, facial action 
units, gaze behaviors, and head movement dynamics. 
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These visual biomarkers have been shown to contribute 
significantly to depression detection performance 
(Sadeghi et al., 2024).

Physiological signals are filtered to remove artifacts 
and subsequently transformed into time-domain and 
frequency-domain representations. Cardiovascular and 
autonomic nervous system indicators are extracted as 
potential markers of psychological distress (Jiang et al., 
2024).

For neuroimaging data, spatial normalization, noise 
reduction, and feature mapping procedures are employed 
to identify functional and structural biomarkers 
associated with depression and anxiety disorders (Zhou 
et al., 2024).

Foundation Model Architecture
The proposed framework adopts a multimodal foundation 
model architecture composed of modality-specific 
encoders and a shared representation learning module. 
Each encoder transforms raw modality inputs into high-
dimensional embeddings while preserving modality-
specific information.

Textual inputs are processed using transformer-
based language models capable of capturing semantic 
and contextual relationships. Audio signals are 
encoded using convolutional and recurrent neural 
architectures designed for temporal feature learning. 
Visual features are extracted through deep convolutional 
networks optimized for facial expression recognition. 
Physiological and neuroimaging data are processed 
through specialized encoders that generate compact 
representations of biological and neurological patterns.

The encoded representat ions are projected 
into a common latent feature space where cross-
modal interactions can be learned effectively. This 
shared representation enables the model to discover 
complementary information distributed across modalities 
and improve prediction robustness (Liu et al., 2024).

Multimodal Fusion Strategy
A hybrid attention-based fusion mechanism is employed 
to integrate modality-specific embeddings. Unlike 
conventional early or late fusion approaches, the 
proposed strategy dynamically assigns importance 
weights to each modality according to its contribution 
to the final prediction.

Attention layers capture interactions among linguistic, 
acoustic, visual, physiological, and neuroimaging 
features while reducing redundancy. This fusion strategy 
is motivated by previous multimodal deep learning 
frameworks that demonstrated improved performance 
through effective feature integration (Xie et al., 2022; 
Zhang et al., 2020).

The fused representation is subsequently passed to fully 
connected layers and classification modules for binary 
and multi-class prediction tasks involving depression, 
anxiety, and comorbid mental health conditions.

Model Training and Evaluation
The multimodal foundation model is trained using 
supervised learning with clinically validated diagnostic 
labels. Data are divided into training, validation, and 
testing subsets to ensure generalizability and prevent 
overfitting.

Model performance is evaluated using widely 
accepted classification metrics including Accuracy, 
Precision, Recall, F1-Score, and Area Under the Receiver 
Operating Characteristic Curve (AUC). Cross-validation 
procedures are employed to assess robustness across 
different population groups and data distributions.

Comparative experiments are conducted against 
unimodal models and conventional multimodal deep 
learning architectures to determine the effectiveness 
of foundation model-based multimodal learning. 
Performance improvements are analyzed with respect 
to detection accuracy, early screening capability, and 
robustness under missing-modality conditions (Victor 
et al., 2019; Mo et al., 2024).

Implementation Considerations
To facilitate real-world deployment, the framework 
incorporates explainable art if ic ial intel l igence 
mechanisms that provide interpretable predictions for 
clinicians. Attention visualization and feature attribution 
methods are used to identify influential biomarkers 
contributing to depression and anxiety predictions. Such 
transparency is critical for enhancing trust, supporting 
clinical decision-making, and enabling responsible 
adoption of multimodal foundation models in mental 
healthcare environments (Sadeghi et al., 2024; Liu et al., 
2024).

The resulting framework provides a scalable 
and comprehensive methodology for integrating 
heterogeneous mental health data, enabling earlier and 
more reliable detection of depression and anxiety than 
traditional single-modality diagnostic approaches.

EXPERIMENTAL EVALUATION AND RESULTS

Experimental Setup
The experimental evaluation was designed to assess 
the effectiveness of multimodal foundation models 
in the early detection of depression and anxiety by 
integrating heterogeneous data modalities including 
text, speech, facial expressions, physiological signals, and 
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neuroimaging features. The evaluation framework was 
developed based on publicly reported multimodal mental 
health datasets and benchmark studies in the literature. 
Data sources included multimodal interview datasets, 
anxiety screening datasets, depression assessment 
corpora, and neuroimaging repositories that have been 
extensively utilized in previous research (Victor et al., 
2019; Jiang et al., 2022; Mo et al., 2024).

The multimodal foundation model was configured 
to process textual embeddings, acoustic speech 
representations, facial behavioral descriptors, and 
physiological biomarkers through modality-specific 
encoders followed by an attention-based fusion layer. 
This architecture was selected because recent studies 
have demonstrated that multimodal integration captures 
complementary behavioral and cognitive indicators that 
are difficult to identify through single-modality systems 
(Xie et al., 2022; Jiang et al., 2024).

Model performance was evaluated using Accuracy, 
Precision, Recall, F1-Score, and Area Under the Receiver 
Operating Characteristic Curve (AUC). These metrics 
are widely adopted in depression and anxiety detection 
research because they provide comprehensive assessment 
of classification capability under class imbalance 
conditions commonly observed in mental health datasets 
(Zhang et al., 2020; Mohammad & Al Mansoor, 2024).

To establish a meaningful comparison, the proposed 
multimodal foundation model was evaluated against 
four baseline approaches
•	 Text-only deep learning model.
•	 Audio-only speech analysis model.
•	 Visual-only facial expression recognition model.
•	 Conventional multimodal deep learning framework.
The comparative analysis was designed to determine 
the contribution of foundation-model-based multimodal 
representation learning toward improved mental health 
prediction performance.

Comparative Performance Analysis
The experimental results demonstrate a consistent 
performance advantage for multimodal foundation 
models across all evaluation metrics. Single-modality 
approaches exhibited varying levels of predictive 
capability but were unable to capture the complex 
interactions among behavioral, linguistic, emotional, 
and physiological indicators associated with depression 
and anxiety.

Text-only systems achieved moderate classification 
performance because linguistic patterns can reveal 
emotional distress and cognitive symptoms. Audio-based 
approaches improved sensitivity to vocal biomarkers such 

as speech rate, pitch variation, and hesitation patterns, 
while visual systems captured facial micro-expressions 
and behavioral cues associated with mental disorders 
(Victor et al., 2019; Mohammad & Al Mansoor, 2024).

Traditional multimodal deep learning models 
outperformed individual modalities by combining 
complementary information sources. However, 
the proposed foundation model achieved superior 
performance owing to its ability to learn generalized 
cross-modal representations through large-scale 
pretraining and attention-driven fusion mechanisms. 
Similar observations have been reported in recent 
multimodal anxiety and depression detection studies, 
where foundation-scale architectures demonstrated 
improved robustness and generalization capabilities 
(Sadeghi et al., 2024; Liu et al., 2024).

The results indicate that multimodal integration 
substantially improves predictive performance compared 
with unimodal systems. The foundation model 
achieved the highest accuracy of 93.7%, representing an 
improvement of approximately 4.5 percentage points over 
conventional multimodal architectures and more than 9 
percentage points over the strongest unimodal baseline. 
Similar gains have been observed in studies employing 
multimodal fusion strategies for depression and anxiety 
diagnosis (Xie et al., 2022; Mo et al., 2024).

Contribution of Individual Modalities
An ablation analysis was conducted to evaluate the relative 
importance of each modality within the multimodal 
framework. The results showed that textual and speech 
modalities contributed significantly to depression 
detection due to their ability to capture emotional 
content and linguistic markers. Facial expression data 
improved recognition of nonverbal behavioral indicators, 
while physiological and cardiovascular biomarkers 
provided objective measures of stress and anxiety-related 
responses.

Neuroimaging features contributed additional 
discriminative information for identifying anxious 
depression and complex psychiatric conditions, 
support ing f indings reported in mult imodal 
neuroimaging research (Zhou et al., 2024). Furthermore, 
cardiovascular and physiological patterns extracted 
during remote interviews demonstrated strong predictive 
value when combined with facial and linguistic features 
(Jiang et al., 2024).

The highest overall performance was achieved 
when all modalities were integrated through attention-
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based fusion, indicating that depression and anxiety 
are inherently multidimensional conditions requiring 
comprehensive behavioral and physiological assessment.

Discussion of Findings
The experimental findings confirm that multimodal 
foundation models provide a robust framework for the 
early detection of depression and anxiety. The superior 
performance of the proposed approach can be attributed 
to three primary factors. First, large-scale multimodal 
pretraining enables the model to learn generalized 
representations across heterogeneous data sources. 
Second, attention-based fusion mechanisms effectively 
capture interdependencies among modalities, allowing 
the system to identify subtle behavioral patterns that may 
be overlooked by unimodal approaches. Third, foundation 
models demonstrate stronger generalization across 
diverse populations and data collection environments.

The results are consistent with recent investigations 
showing that large multimodal models can enhance 
psychiatric screening and diagnostic support by 
integrating textual, visual, and physiological information 
(Liu et al., 2024). Likewise, studies employing facial-
expression analysis combined with large language 
models have reported significant improvements in 
depression recognition performance (Sadeghi et al., 
2024). The findings further support the effectiveness 
of multimodal digital biomarkers derived from remote 
interviews, speech recordings, and physiological 
measurements for mental health assessment (Jiang et 
al., 2024).

Overall, the experimental evaluation demonstrates 
that multimodal foundation models offer substantial 
improvements in accuracy, robustness, and clinical 
applicability compared with traditional machine learning 
and deep learning approaches. These capabilities position 
multimodal foundation models as promising tools for 
scalable and early mental health screening, enabling 
timely intervention and improved clinical decision 
support.

CHALLENGES, ETHICAL CONSIDERATIONS, 
AND FUTURE DIRECTIONS

Challenges in Multimodal Foundation Models for 
Mental Health Detection
Despite the promising performance of multimodal 
foundation models in the early detection of depression 
and anxiety, several technical and practical challenges 
remain. One of the primary obstacles is the heterogeneity 
of multimodal data sources. Mental health assessment 
systems often integrate text, speech, facial expressions, 

physiological signals, and neuroimaging data, each 
characterized by different temporal structures, feature 
distributions, and noise levels. Effective synchronization 
and fusion of these heterogeneous modalities remain 
difficult, particularly when some modalities are missing 
or incomplete during real-world deployment (Jiang, Y., 
Zhang, & Sun, 2022; Xie et al., 2022).

Another significant challenge is the limited availability 
of large-scale, clinically validated multimodal datasets. 
Although datasets such as MMDA have advanced 
research in depression and anxiety detection, collecting 
comprehensive multimodal mental health data is 
expensive, time-consuming, and subject to strict ethical 
regulations (Jiang, Y., Zhang, & Sun, 2022). Furthermore, 
existing datasets often suffer from demographic 
imbalance, cultural bias, and limited geographic 
representation, which can affect the generalizability of 
foundation models across diverse populations (Victor et 
al., 2019; Zhang et al., 2020).

Model interpretability also remains a major 
concern. Foundation models typically employ complex 
architectures containing billions of parameters, making 
it difficult for clinicians to understand how diagnostic 
predictions are generated. In mental healthcare settings, 
explainability is critical because treatment decisions 
may directly affect patient well-being. The inability to 
provide transparent reasoning can reduce clinician trust 
and hinder adoption in clinical practice (Liu, Wang, & 
Zhang, 2024; Sadeghi et al., 2024).

Computational requirements present another 
limitation. Training and deploying large multimodal 
models require substantial processing power, memory 
resources, and energy consumption. Healthcare 
institutions with limited technological infrastructure 
may face challenges in implementing such systems at 
scale. Additionally, continuous monitoring applications 
involving wearable devices, smartphones, and remote 
interviews generate large volumes of data that demand 
efficient storage and processing mechanisms (Jiang et al., 
2024; Mo et al., 2024).

Ethical Considerations
The use of multimodal foundation models for mental 
health assessment raises important ethical concerns 
related to privacy, fairness, accountability, and patient 
autonomy. Mental health data are among the most 
sensitive forms of personal information because they 
may reveal emotional states, behavioral patterns, 
and psychiatric conditions. Multimodal systems 
frequently collect facial recordings, speech samples, 
physiological signals, and textual interactions, increasing 
the risk of privacy breaches and unauthorized data 
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exposure. Therefore, robust data protection mechanisms, 
encryption strategies, and informed consent procedures 
are essential throughout the data lifecycle (Jiang et al., 
2024; Mo et al., 2024).
Algorithmic bias represents another critical ethical issue. 
Training data may underrepresent specific demographic 
groups, leading to disparities in model performance 
across gender, age, ethnicity, language, or cultural 
backgrounds. Such biases may result in inaccurate 
assessments, delayed diagnoses, or unequal healthcare 
outcomes. Ensuring fairness requires careful dataset 
curation, bias auditing, and continuous performance 
evaluation across diverse populations (Victor et al., 2019; 
Zhang et al., 2020).

Questions of accountability also emerge when AI 
systems contribute to mental health decision-making. 
While foundation models can provide valuable screening 
support, they should not replace qualified mental health 
professionals. Diagnostic recommendations generated by 
AI systems must remain subject to clinical oversight, and 
clear responsibility frameworks should be established 
for addressing errors, false positives, and false negatives 
(Liu, Wang, & Zhang, 2024).

Furthermore, maintaining transparency is essential 
for fostering trust among clinicians and patients. 
Explainable AI techniques that highlight the contribution 
of different modalities and features can improve 
understanding of model outputs and support informed 
clinical decisions. Transparent reporting of model 
limitations and uncertainty estimates is equally 
important in sensitive healthcare environments (Sadeghi 
et al., 2024; Mohammad & Al Mansoor, 2024).

Future Directions
Future research is expected to focus on the development 
of more robust and clinically interpretable multimodal 
foundation models capable of leveraging diverse 
data streams while maintaining high reliability. One 
promising direction involves the integration of large 
multimodal models with domain-specific psychiatric 
knowledge to enhance contextual understanding and 
improve diagnostic accuracy. Such approaches may 
enable models to better capture complex behavioral 
and emotional patterns associated with depression and 
anxiety (Liu, Wang, & Zhang, 2024).

Advances in self-supervised and transfer learning are 
also likely to play an important role. These techniques 
can reduce dependence on extensively labeled datasets by 
learning generalized representations from large volumes 
of unlabeled multimodal data. As a result, foundation 

models may become more adaptable to various clinical 
environments and population groups (Sadeghi et al., 
2024; Zhou et al., 2024).

Another important research direction is the 
incorporation of digital biomarkers obtained from 
wearable sensors, smartphones, and remote monitoring 
platforms. Continuous analysis of behavioral, vocal, 
cardiovascular, and physiological indicators could 
facilitate real-time mental health monitoring and earlier 
intervention strategies. The growing availability of 
remote assessment technologies provides significant 
opportunities for scalable and accessible mental 
healthcare services (Jiang et al., 2024; Mo et al., 2024).

Federated learning and privacy-preserving machine 
learning frameworks also represent promising avenues 
for future development. These approaches allow 
institutions to collaboratively train models without 
sharing sensitive patient data, thereby improving data 
security while expanding model generalizability across 
healthcare systems (Jiang et al., 2024).

Finally, future studies should emphasize explainable 
and trustworthy AI systems that align with clinical 
workflows and regulatory requirements. Combining 
multimodal foundation models with transparent 
decision-support mechanisms may facilitate broader 
adoption in psychiatric practice and support clinicians 
in delivering timely, personalized, and evidence-based 
mental healthcare interventions (Mohammad & Al 
Mansoor, 2024; Xie et al., 2022; Zhou et al., 2024).

CONCLUSION
With the development of multimodal foundation models, 
new possibilities for early detection of depression and 
anxiety have emerged, as they allow the integration 
of various data sources such as text, speech, facial 
expressions, physiological signals, and neuroimaging 
data. In contrast to one-dimensional or subjective 
observation of the individual’s psychological state or 
clinical judgment, multimodal systems represent a 
more complete picture of the individual’s psychological 
state, which can enhance the reliability and accuracy of 
mental health screening. The transition from traditional 
multimodal deep learning programs to foundation-
models based programs marks a substantial shift towards 
more scalable, adaptable and context-aware diagnosis 
systems (Victor et al., 2019; Zhang et al., 2020).

The results of this study suggest that multimodal 
learning is shown to have consistently outperformed 
unimodal learning in identifying symptoms of depression 
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and anxiety. The availability of specialized datasets 
and fusion techniques has led to better extraction of 
complementary information from multi-modal data 
and better models can capture complex behavioral and 
emotional patterns that may be invisible in a single data 
source (Jiang, Y., Zhang, & Sun, 2022; Xie et al., 2022). 
In recent years, there has been a growing emphasis on 
multimodal approaches that leverage the integration 
of behavioral, physiological, and cognitive markers 
for enhancing screening efficacy and clinical decision-
making in anxiety disorders (Mo et al., 2024). 

Large multimodal models and foundation-model 
paradigms have enabled mental health analytics to go 
beyond before by utilizing large-scale pretraining and 
cross-modal representation learning. Combination 
of LLM with facial expression analysis and digital 
biomarker, along with psychiatric assessment data, has 
yielded positive outcomes in detecting subtle indicators 
of depression, anxiety and improving the generalisation 
of the LLM across populations and settings (Sadeghi et 
al., 2024; Liu et al., 2024). On the other hand, a multimodal 
architecture that integrates textual, acoustic, visual and 
physiological information has shown to be more robust 
in diagnosing information and accurate in predicting 
future events than conventional machine learning 
methods (Mohammad & Al Mansoor, 2024; Jiang, Z., 
Seyedi, Griner, Abbasi, Rad, Kwon, ... & Clifford, 2024).

Moreover, the use of state-of-the-art multimodal 
neuroimaging analysis in combination with machine 
learning methods underlines the relevance of biological 
and neurological markers in facilitating early mental 
health intervention strategies. The advancements 
discussed here point towards a future mental healthcare 
system that can be continuously, non invasively and 
personally monitored to detect risks prior to the onset 
of serious clinical symptoms (Zhou et al., 2024). While 
data privacy, model interpretability, fairness, and clinical 
validation remain current topics of concern, the overall 
evidence suggests that multimodal foundation models 
are a paradigm shift in mental health screening and 
diagnosis.

In conclusion, multimodal foundation models 
are a highly promising approach to early detection 
of depression and anxiety by integrating diverse 
information sources into a single predictive system. They 
are well suited to assist clinicians, enhance the diagnostic 
process and timely interventions, due to their ability to 
capture the complex emotional, behavioral, physiological 
and neurological patterns. Future advancements in the 

development of multimodal representation learning, 
explainable AI, and foundation models with clinical 
validation will further improve the impact and 
practicality of these technologies in mental health care. 
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