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Abstract

Mental health is a critical component of overall well-being, with nearly one billion individuals worldwide affected by men-
tal disorders. Recent advancements in artificial intelligence (Al), coupled with the growing accessibility of physiological
sensing technologies, have opened new avenues for continuous and data-driven mental health monitoring. Physiological
signals such as electroencephalography (EEG), electrocardiography (ECG), and galvanic skin response (GSR) serve as
rich, nonverbal indicators of emotional and cognitive states. These signals can be acquired using both specialized medical-
grade equipment and ubiquitous wearable devices, making them valuable for detecting emotions, stress levels, and mental
health disorders in diverse settings. This review provides an extensive overview of Al approaches for mental health assess-
ment based on physiological signals. It first outlines common affective contexts, widely used signal modalities, benchmark
datasets, and foundational Al models, offering a structured entry point for researchers in this field. Subsequently, we
propose the critical challenges of domain shift, model interpretability, and multimodal fusion to ensure both the general-
izability and the practical applicability in this field. To be concrete, we systematically analyze representative methodolo-
gies and recent advances for each challenge and discuss promising future directions. We believe this work can serve as
a bridge between foundational knowledge and emerging research, fostering further advancements in affective computing.

Keywords Mental health assessment - Physiological signal analysis - Affective computing - Wearable computing -
Ubiquitous computing

1 Introduction

Mental health constitutes a fundamental aspect of overall
well-being and quality of life. In recent years, the preva-
lence of mental disorders has risen sharply. As reported
by the World Health Organization, the global prevalence
of mental disorders, particularly depression and anxiety,
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undermining cognitive and emotional resilience, thereby
forming a self-reinforcing loop (Hammen 2005). This bidi-
rectional relationship reveals the dynamic interplay among
stress, emotional instability, and mental health outcomes.
Given this interdependence, the ability to identify
emotional disturbances at an ecarly stage is of great clini-
cal importance. Yet, conventional psychiatric assessments
often depend on self-reports and clinician interpretation,
which may lack objectivity, consistency, and scalability.
Therefore, there is an urgent need to introduce more accu-
rate and reliable technologies to assist in psychiatric diag-
nosis. Researchers have found that emotional fluctuations,
particularly those associated with suppressed emotions or
distress, can trigger measurable changes in the autonomic
nervous system (ANS), thereby governing involuntary
physiological responses (Ekman et al. 1983; Taylor 1991).
For instance, heightened stress or anxiety typically activates
the sympathetic nervous system, leading to increased heart
rate, amplified skin conductance, and amygdala-driven
arousal, all of which serve as real-time physiological mark-
ers of emotional arousal (Jansen et al. 1995; Doust and

Fig. 1 Overall introduction framework

Schneider 1952). These responses offer a non-verbal and
real-time channel for assessing emotional dynamics, mak-
ing them especially valuable when individuals are unwilling
or unable to articulate their feelings.

Leveraging these properties, physiological signals enable
continuous, objective monitoring of emotional dynamics in
the field of affective computing. Recent advances in artifi-
cial intelligence (Al), particularly in machine learning (ML)
and deep learning (DL), have further amplified the poten-
tial of physiological signal analysis. These approaches can
uncover complex, non-linear patterns in high-dimensional
data and have demonstrated success in tasks such as emo-
tion recognition, stress detection, and even the diagnosis of
specific mental disorders (Yang et al. 2024). Some studies
suggest that Al models can approach or surpass expert-
level performance in certain diagnostic tasks, indicating
their potential to complement traditional clinical practices
(Viswan et al. 2024). Motivated by these developments,
this review provides a systematic review of Al-powered
approaches to mental health assessment based on physi-
ological signals, as illustrated in Fig. 1'. We begin by out-
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! The term “emotion regulation” in this context refers to the regulation
of negative emotions. In other parts of the manuscript, the term “emo-
tion” generally follows the emotion categories defined in Section 3.1.
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lining key mental health assessment tasks across different
application contexts, including emotion recognition, stress
detection, and mental disorder diagnosis. We then review
commonly used physiological modalities and public datas-
ets, followed by a taxonomy of computational models rang-
ing from traditional ML to recent DL-based architectures.
In addition, we examine open issues such as individual het-
erogeneity, black-box model and signal variability. We also
explore promising solutions that incorporate domain shift,
model interpretability, and multi-modal fusion techniques to
address the limitations of current physiological signal-based
mental health assessments. Together, these discussions aim
to provide insights that contribute to apprehending the con-
tinued evolution of Al-driven approaches applied in this
area.
Our main contributions are summarized as follows:

e We provide an up-to-date review of the literature on
the application of artificial intelligence in emotion rec-
ognition, stress detection, and mental disorder diagno-
sis, highlighting a range of promising advancements in
mental health assessment.

e We offer a holistic tutorial that introduces the core com-
ponents of this research area, including affective con-
texts, physiological signal modalities, widely used pub-
lic datasets, and representative Al models. This guide
aims to facilitate researchers new to the field in quickly
gaining an understanding of the key resources and avail-
able data.

e We present a synthesis of insights on the open issues
confronted by researchers and developers in implement-
ing artificial intelligence models, discuss key challenges
in real-world implementation and future directions from
both technical and clinical perspectives.

The remainder of this paper is organized as follows: Sect. 2
reviews prior surveys and clarifies the distinct contribu-
tions of this work. Section 3 to Sect. 5 introduce affective
contexts, physiological signals, public datasets, and foun-
dational Al models relevant to mental health applications.
Section 6 to Sect. 7 examine major open issues, explore

emerging solutions, and outline future research directions.
Finally, Sect. 8 concludes the paper and summarizes the key
insights.

2 Related work

Mental health assessment based on physiological signals has
attracted growing research attention, leading to several sur-
veys summarizing progress in emotion recognition, stress
and mental disorder detection, as summarized in Table 1.
Early reviews (Garcia-Ponsoda et al. 2023; Ahmed et al.
2022; Pourmohammadi and Maleki 2020) emphasize the
importance of effective feature engineering for physiologi-
cal signal analysis. These studies provide intuitive insights
into the feasibility of physiology-based mental health
assessment but lack in-depth methodological discussion
and do not sufficiently address the practical implementa-
tion challenges. In addition, some earlier surveys, such as
Charles and Nixon (2019), focused on physiological mea-
surements for mental workload assessment in ergonom-
ics and human-factor applications. However, these studies
mainly emphasize traditional physiological analysis and are
less focused on Al-driven mental health assessment using
modern ML and DL techniques. With the advancement of
ML and DL, more recent surveys (Badr et al. 2024; Yasin
et al. 2021; Garg et al. 2023; Li et al. 2022; Can et al. 2023;
Saganowski et al. 2022) shift toward neural network-based
affective computing, highlighting the use of ML algorithms
such as Support Vector Machines (SVM), Principal Compo-
nent Analysis (PCA), and k-Nearest Neighbors (KNN) for
effective recognition, as well as DL architectures including
CNN, RNN, transformer, and graph neural networks (GNN)
for modeling complex affective dynamics. For instance,
most works (Badr et al. 2024; Yasin et al. 2021; Garg et al.
2023; Li et al. 2022; Saganowski et al. 2022) primarily
focus on single-task research using either EEG or peripheral
physiological signals, offering detailed overviews of signal
characteristics, feature processing, and classification meth-
ods. Recently, Hegde (Hegde and Jayalath 2025) reviewed
affective computing techniques for emotional support,

Table T Summary of surveys on References

Emotion Stress Mental disorder Modality Technique

physiological signal-based mental

ia-P t al. (202
health assessment Garcia-Ponsoda et al. (2023)

Ahmed et al. (2022)

Pourmohammadi and Maleki (2020)

Badr et al. (2024)

Yasin et al. (2021)

Garg et al. (2023)

Li et al. (2022)

Can et al. (2023)
Saganowski et al. (2022)
Ours

X X v Single  Feature Engineering
X 4 v Multiple Feature Engineering
X v X Multiple Feature Engineering
X v X Single  Only DL
X X v Single  Only DL

v X X Multiple Only DL

v X X Single ML & DL

v x X Multiple ML & DL

4 X X Multiple ML & DL

4 v v Multiple ML & DL
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Fig. 2 Discrete emotion
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Fig. 3 Dimensional emotion

primarily focusing on text-, audio-, and video-based multi-
modal Al systems. In contrast, our work specifically investi-
gates physiological signal-based emotion, stress, and mental
disorder assessment, with additional emphasis on domain
shift, explainability, and multimodal fusion challenges in
physiological computing.

3 Affective context application
3.1 Emotion taxonomy

Emotion Taxonomies serve as theoretical foundations of
affective computing by providing structured representa-
tions of emotional states. Existing models can be broadly
categorized into three paradigms: discrete, dimensional, and
cognitive.

Discrete emotion model defines a fixed set of funda-
mental emotions. Ekman’s six basic emotions (anger, dis-
gust, fear, happiness, sadness, and surprise) were widely
accepted as universal across cultures (Ekman 1999), as
shown in Fig. 2 (a). Plutchik later extended this view by

@ Springer

(b) PAD model

introducing an emotion wheel that incorporates hierarchi-
cal structure and intensity variation among eight emotions
(2003), as illustrated in Fig. 2 (b).

Dimensional model represents emotions within a con-
tinuous affective space. The Valence-Arousal (VA) model
captures emotional states based on pleasantness and inten-
sity (Russell 1980), as shown in Fig. 3 (a), while the Plea-
sure-Arousal-Dominance (PAD) model introduces a third
dimension, dominance, to better differentiate emotions with
similar VA profiles but diverge in dominance. For example,
anger is associated with high dominance, reflecting a sense
of control or assertiveness, whereas fear is linked to low
dominance, indicating feelings of helplessness or submis-
sion (Mehrabian and Russell 1974), as illustrated in Fig. 3
(b).

Cognitive theory posits that emotions arise from multi-
level assessments and interpretations of situational contexts.
In contrast to discrete and dimensional emotion models,
cognitive theory emphasizes the role of thought, evalua-
tion, and interpretation in shaping emotional experiences.
According to this view, emotions are not automatic or
reflexive responses, but are contingent upon the cognitive
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processing of events, situations, or information (Yeo and
Ong 2024). Thus, cognition plays a central role in emo-
tional appraisal, guiding responses based on an individual’s
understanding and interpretation of the context (Clore and
Ortony 2000; Sander et al. 2005). For example, the same
event may evoke different emotional reactions in the same
person depending on how it is interpreted, while individu-
als who perceive an event similarly are likely to experience
comparable emotions.

3.2 Stress response

Mental stress arises from perceived threats or excessive
demands. Prolonged stress disrupts homeostasis, impairs
immune function, and increases vulnerability to both physi-
cal and psychological illness (Chrousos and Gold 1992;
Maddock and Pariante 2001). Given its impact on emotional
regulation and physiological signals, stress detection plays a
crucial role in early mental intervention.

3.3 Mental disorder category

Mental disorders are complex conditions characterized by
persistent disturbances in emotion, cognition, and behavior,
making them central targets for affective computing and
computational psychiatry. Guided by the DSM-5 criteria
(American Psychiatric Association and Association 2013),
we highlight six major categories relevant to affective and
cognitive abnormalities.

Depressive and anxiety disorders represent two of the
most prevalent and frequently co-occurring conditions.
Depression is marked by persistent sadness, loss of inter-
est, and impaired functioning, whereas anxiety is defined
by excessive fear and anticipatory tension. Both can lead to
heightened irritability, disrupted sleep, and difficulty con-
centrating, with chronic forms often contributing to broader
cognitive dysfunction.

Bipolar disorder bridges depressive and manic states,
reflecting rapid shifts in mood, energy, and activity lev-
els. Its manic episodes are characterized by impulsivity
and heightened arousal, overlapping with some symptoms
of anxiety and risk-taking behaviors observed in certain
schizophrenia subtypes.

Schizophrenia is distinguished by profound alterations
in perception and thought—such as hallucinations and delu-
sions—alongside social and occupational dysfunction. It
shares affective instability with bipolar disorder, particu-
larly in schizoaffective presentations.

Obsessive-compulsive disorder (OCD) and post-trau-
matic stress disorder (PTSD) both involve heightened
emotional reactivity and intrusive cognitive patterns. OCD
is driven by recurrent obsessions and compulsive behaviors

aimed at anxiety relief, while PTSD emerges from trauma
exposure and involves re-experiencing, avoidance, and
hyperarousal. Both disorders underscore the role of mal-
adaptive emotion regulation and memory processing in
mental illness.

4 Physiological signal application
4.1 Physiological signal

In mental health assessment, specialized physiological
signals such as electroencephalography (EEG), electrocar-
diography (ECQG), electromyography (EMG), and electrooc-
ulography (EOG) are widely used for fine-grained analysis
of mental states, owing to the high resolution of electrode-
based acquisition devices in clinical settings. In contrast,
physiological signals such as galvanic skin response (GSR),
blood volume pulse (BVP), blood pressure (BP), skin tem-
perature (SKT), and respiration (RESP) can be acquired
via wearable sensors, allowing continuous monitoring in
daily life. However, due to the fact that wearable sensors
typically employ fewer channels, lower sampling rates, and
minimal shielding, their recordings are far more susceptible
to motion and environmental artifacts. These features tend
to be much noisier and lower temporal resolution than in
clinical-grade devices. The acquisition devices for both
types of signals are illustrated in Fig. 4. Meanwhile, Table
2 and Table 3 summarize the key specialized physiologi-
cal features and pervasive physiological features for mental
health assessment, respectively. This review focuses on the
distinctive characteristics of physiological signals in men-
tal health assessment and summarizes the dynamic changes
observed during emotional regulation.

4.1.1 EEG

EEG signal records the brain’s electrical activity generated
by the synchronized firing of large populations of neurons.
These subtle voltage fluctuations are detected by electrode-
based devices, such as 128-electrode elastic cap, 32 elec-
tro-gel EEG cap, wearable 3-electrode EEG collector, or
commercial wireless brain-tracking devices. EEG signals
are closely linked to mental health, as patterns of brain elec-
trical activity can reflect emotional fluctuations (Ding et al.
2022; Guo et al. 2023), stress responses (Liu et al. 2020;
Fang et al. 2022) and various mental disorders, including
depression, anxiety, bipolar, schizophrenia disorders and
OCD (Barros et al. 2021; Ma et al. 2025). After rigorous
preprocessing to eliminate artifacts from eye movements,
muscular activity, and other non-cerebral electrical signals,
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Fig.4 Examples of signal acquisi-
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EEG signals can be classified by their frequency ranges on
brain regions, divided into five main bands: 6, 6, «, 8, and y.

4.1.2 ECG

ECG captures cardiac electrical activity during ventricular
depolarization and repolarization, initiated by the sinoatrial
node (Kashou et al. 2017). They are acquired via chest or
limb electrodes using Holter monitors or bedside systems.
ECG is widely employed in mental health research, as heart
rate (HR) and heart rate variability (HRV) exhibit altera-
tions under stress (Pourmohammadi and Maleki 2020),
PTSD (Thiagarajan 2023), anxiety (Baygin et al. 2024),
depression (Geng et al. 2023; Khare et al. 2023), and bipo-
lar disorder (Polcwiartek et al. 2021). HRV is analyzed in
both time and frequency domains. Time-domain metrics,
such as the standard deviation of normal-to-normal intervals
(SDNN) and the root mean square of successive differences
(RMSSD), are derived from RR intervals between consecu-
tive R-peaks. Frequency-domain analysis decomposes HRV
into low-frequency (LF, 0.04 — 0.15 Hz) and high-frequency
(HF, 0.15 — 0.4 Hz) bands, reflecting sympathetic and para-
sympathetic activity, respectively.

4.1.3 EMG

EMG measures the electrical signals produced by skeletal
muscle contractions, providing information about muscle
function and neural activity. These signals are captured via
surface or needle electrodes using conventional EMG sys-
tems or wearable armbands. EMG has been widely applied
to monitor emotional states (Koelstra et al. 2011; Sharma
etal. 2019), stress (Schmidt et al. 2018), and disorders such
as PTSD and schizophrenia (Chan et al. 2022; Khare et al.
2023) through biofeedback. As shown in Table 2, relevant
features include Root Mean Square (RMS), Integrated EMG
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(IEMG), and Power Spectral Density (PSD), as well as
median frequency, which together reflect muscle response
under emotional fluctuations.

4.1.4 EOG

EOG records the voltage difference between the cornea
and retina, which changes with eye movements and blinks.
These signals are typically collected using electrodes placed
around the eyes, or through integrated sensors in smart
glasses and virtual reality (VR) devices. EOG patterns,
such as saccades, blinks, and fixations are associated with
emotional regulation (Kose et al. 2021; Cai et al. 2021),
psychological stress (Wu et al. 2022), and mental disorders
including depression and anxiety (Zhu et al. 2019; Guo
et al. 2020).

4.1.5 GSR

GSR, or electrodermal activity (EDA), measures sweat-
induced changes in skin conductivity, governed by the sym-
pathetic nervous system.

This signal is commonly acquired using electrodes
attached to the fingers or wrist. EDA signals are generally
decomposed into two components: Skin Conductance Level
(SCL) and Skin Conductance Response (SCR). Specifi-
cally, SCL represents the slowly varying tonic component
associated with sustained autonomic arousal, whereas SCR
reflects rapid phasic fluctuations triggered by transient emo-
tional or stress-related stimuli. During emotional arousal
or stress responses, sympathetic nervous system activation
increases sweat gland activity, thereby altering skin con-
ductivity. Due to its high sensitivity to autonomic nervous
activity, GSR has emerged as an effective physiological
indicator for detecting emotions (Dominguez-Jiménez et al.
2020; Shukla et al. 2019), stress (Schmidt et al. 2018; Greco
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Function

Data Example

Deep, dreamless sleep; unconscious mind o |

Subconscious mind; sleep and dreaming
Relaxed alertness; parietal/occipital lobes; brain

inactivation

Active mental states; focused tasks; frontal cortex

Hyper brain activity; higher cognition; complex

processing

Table 2 Key Specialized Feature  Description
Physiological Features for Mental EEG
Health Assessment 5 band 0.5-3 Hz
0 band 4-7THz
a band 8-13 Hz
B band 14-30 Hz
y band 31-50 Hz
ECG
HR The number of
heartbeats per
minute.
SDNN Standard deviation
of RR intervals
RMSSD
of RR intervals
LF 0.04-0.15 Hz
HF 0.15-0.4 Hz
EMG
RMS Root Mean Square
intensity
IEMG Integrated muscle
activity
Median Middle value in
Freq. the frequency
PSD Power spectral
density
EOG
Saccade  Rapid eyes
movement
Blink Closing and open-
ing of the eyelids
Fixation  Eyeballs stay in

one position

Increases during arousal and decreases during
relaxation

Overall muscle activation level; Indicates emotional S
response

Reflects high arousal emotions

Overall heart rate variability; High value indicates
relaxation and low value indicates stress

Root mean square Reflects parasympathetic activity

Reflects sympathetic activity
Reflects parasympathetic activity

S
4
e
A

AN
s

Total muscle activity over time; Indicates prolonged
emotional states

Detects muscle fatigue; associates with ongoing
emotional stress

Captures dynamic changes in muscle activity;
Reflects emotional fluctuations

Reacts to anxiety or stress

Reflects emotional attention and interest

et al. 2021), and mental disorders (Hassantabar et al. 2022;
Salkevicius et al. 2019).

4.1.6 BVP

BVP measures blood volume changes in tissue micro-
vasculature. As the heart pumps blood, peripheral vessels
experience volume fluctuations, altering light absorption or
reflection at specific wavelengths. Photoplethysmography
(PPG) sensor detect these changes, converting them into

electrical signals, and are commonly integrated into smart-
watch or clip-on device.

Several representative physiological features can be
derived from BVP signals, including Heart Rate (HR), Pulse
Amplitude, and Inter-Beat Interval (IBI). Specifically, HR
reflects emotional arousal and stress-related cardiovascular
activity, Pulse Amplitude indicates peripheral blood perfu-
sion and autonomic regulation, while IBI characterizes beat-
to-beat cardiac rhythm variations associated with stress and
emotional states. These features have been widely applied

@ Springer
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Function Data Example

Table 3 Key pervasive physio- Feature Description
logical features for mental health GSR/EDA
assessment SCL Skin Conductance
Level
SCR Skin Conductance
Response
BVP
HR Heart rate derived
from pulse signals
Pulse Magnitude of blood
Amplitude  volume fluctuation
IBI Inter-beat interval
between consecutive
pulse peaks
BP
SBP Systolic Blood
Pressure
DBP Diastolic Blood
Pressure
SKT
Peripheral Peripheral skin tem-
Temp perature variation
RESP
Respiration  Breathing frequency
Rate per minute
Respiration  Depth variation of
Amplitude respiratory signals

Slowly varying tonic component reflect-
ing sustained sympathetic nervous system :
arousal and long-term emotional stress 14

Rapid phasic conductance fluctuation asso-
ciated with transient emotional activation
and stress response

Reflects emotional arousal and autonomic
nervous system activity

ol
P W1

Indicates cardiovascular activation and
emotional variation

Reflects heart rhythm variability related to
stress and relaxation states

Reflects stress-induced cardiovascular
activation and sympathetic response

Indicates vascular resistance and emotional
stress regulation

|

Reflects thermoregulation changes associ- m
1T
W

-
ated with stress, anxiety, and emotional ; IZJ‘ M
arousal b } i i.‘"’iJ*,fr:
i \

Reflects emotional stress, anxiety level, and
autonomic nervous activity

Indicates emotional regulation and mental
workload changes

in stress detection (Zhou et al. 2022), emotion recognition
(Dominguez-Jiménez et al. 2020), and depressive disorder
assessment (Casado et al. 2023).

4.1.7 BP

BP represents the hemodynamic force exerted by circulat-
ing blood on arterial walls, manifesting as measurable pres-
sure waves that propagate through the vascular system.
Current measurement devices encompass sphygmomanom-
eters, digital BP monitors, and wearable smartwatches that
support continuous or periodic cardiovascular tracking.
BP signals are commonly characterized by systolic blood
pressure (SBP) and diastolic blood pressure (DBP), which
respectively reflect arterial pressure during cardiac contrac-
tion and relaxation phases. Variations in SBP and DBP are
closely associated with autonomic nervous system activity
and emotional regulation, with notable responses observed

@ Springer

under different emotional states (Dai et al. 2017), stress con-
ditions (Tomitani et al. 2021), and mental disorders such as
depression, anxiety, and bipolar disorder (Lim et al. 2023).

4.1.8 SKT

SKT reflects heat dissipated from the skin due to metabolic
activity and is modulated by autonomic nervous system
responses. Sympathetic activation can trigger vasodila-
tion, elevating skin temperature during stress or emotional
arousal. SKT can be measured using infrared thermometers
and smartwatches. Fluctuations in SKT are associated with
emotional states (Zhang et al. 2023; Khan et al. 2021), stress
(Anusha et al. 2018; Schmidt et al. 2018), and mental dis-
orders such as anxiety and schizophrenia (Salkevicius et al.
2019; Bufano et al. 2023).
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4.1.9 RESP

RESP indicates the rhythmic patterns of inhalation and
exhalation, with measurements typically obtained using spi-
rometers for clinical assessments or strain gauges to detect
chest expansion. Generated by the movement of diaphrag-
matic and intercostal muscles, RESP signal facilitates gas
exchange and capture both physiological and psychologi-
cal responses to external stimuli. For example, variations
in RESP rate and rhythm can signal emotional states such
as tension or anger, and their fluctuations serve as objective
markers of emotional responses (Koelstra et al. 2011; Zhang
et al. 2023) and mental disorders (Harrison et al. 2021).

4.2 Public physiological dataset based on mental
health

This section provides an overview of publicly available
physiological signal datasets commonly used for the detec-
tion of emotional states, stress, and mental health disorders.

Table 4 Public dataset based on physiological signals

Table 4 presents a comprehensive summary of key char-
acteristics, including the number of participants, types of
physiological signals, stimulus materials, and assessment
methods. Additionally, we briefly describe the most widely
used datasets across different application domains.

4.2.1 DEAP

DEAP dataset (Koelstra et al. 2011) comprises EEG and
peripheral physiological signals, including GSR, RESP,
SKT, ECG, BVP, EMG, and EOG, collected from 32 sub-
jects exposed to 40 different music video stimuli lasting
1 min each. During the evaluation phase, subjects provide
self-reports on dimensions such as arousal, valence, domi-
nance, liking, and familiarity. The first four dimensions are
rated on a scale from 1 to 9, while familiarity is rated on a

scale from 1 to 5.

Dataset Subjects Stimuli Physiological Signals Assessment Website
Emotion Recognition
DEAP (Koelstra et al. 2011) 32 music videos EEG, GSR, RESP, SKT,  Arousal, Valence, Dominance link
ECG, BVP, EMG, EOG Liking, Familiarity
EMDB (Carvalho et al. 2012) 32 film clips GSR, ECG Arousal, Valance, Dominance  link
SEED (Zheng and Lu 2015) 15 film clips EEG Positive, Neutral, Negative link
DECAF (Abadi et al. 2015) 30 music videos, EMG, EOG, ECG Arousal, Valence link
film clips
DREAMER (Katsigiannis and Ramzan 23 audio-visuals EEG, ECG Arousal, Valence, Dominance link
2017)
MAHNOB-HCI (Lichtenauer and Soley- 27 videos, images  EEG, ECG Arousal, Valence link
mani 2011) SKT, GSR, RESP
RECOLA (Ringeval et al. 2013) 46 interaction ECG, GSR Arousal, Valance link
CASE (Sharma et al. 2019) 30 videos ECG, BVP, EMG, Arousal, Valence link
GSR, RESP, SKT
MPED (Song et al. 2019) 23 videos EEG, GSR, RESP, ECG  Arousal, Valence, Different link
Emotion Scale
ASCERTAIN (Subramanian et al. 2016) 58 film clips EEG, ECG, GSR Valance, Arousal link
AMIGOS (Miranda-Correa et al. 2018) 40 videos EEG, ECG, GSR Valance, Arousal, Dominance, link
Liking, Familiarity, Emotion
Keywords
DAPPER (Shui et al. 2021) 88 not mentioned  HR, GSR TIPI-C, PANAS, Arousal, link
Valance
K-EmoCon (Park et al. 2020) 21 videos, debates ECG, BVP, EMG, Arousal, Valence link
GSR, HR, SKT Emotional Keywords
Stress Detection
WESAD (Schmidt et al. 2018) 15 book, video, ECG, BVP, EMG, PANAS, STAL, SAM, SSSQ  link
TSST GSR, RESP, SKT
TILE (Mundnich et al. 2020) 212 working HR, ECG, EEG PANAS, STAI PSS link
SWELL (Koldijk et al. 2014) 25 working ECG, GSR Arousal, Valance, Stress Scale link
DRIVEDB (Healey and Picard 2005) 17 driving ECG, EMG, GSR, RSP Scale, Ranking of Events link
Mental Diagnosis
MODMA (Cai et al. 2022) 53/55 images EEG GAD-7, PHQ-9 link
HBN (Alexander et al. 2017) 10000 film clips, EEG, EOG Clinician and Self link
visuals administration
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4.2.2 SEED

The SEED dataset (Zheng and Lu 2015) consists of 62-chan-
nel EEG and eye-tracking data collected from 12 subjects,
along with additional 62-channel EEG recordings from 3
more subjects. These participants view 15 Chinese film
clips, each lasting 4 min. After each clip, they complete a
questionnaire to provide emotional feedback, with ratings
for positive, neutral, and negative emotions. The SEED
dataset has since been expanded into multiple versions,
including SEED-IV, SEED-V and SEED-VII etc. These
versions reflect variations in participant numbers, emotional
categories, test scenarios, stimulus clips, and participant
nationalities.

4.2.3 CASE

The dataset (Sharma et al. 2019) includes 32-channel physi-
ological signals obtained from ECG, BVP, EMG, GSR,
RESP, and SKT sensors. Simultaneously, 30 subjects are
required to represent their emotional experiences as they
manipulate a red pointer within suitable regions on valence
and arousal axes, to achieve continuous affect annotations.
The experiment incorporate 5 short videos, each lasting
about one minute, interspersed with 10-second transitional
blue screens. These videos aim to elicit emotions of excite-
ment, sadness, relaxation, fear, and joy.

4.2.4 K-EmoCon

The dataset (Park et al. 2020) includes multiple modalities,
such as audio-visual recordings, EEG, and peripheral physi-
ological signals like BVP, GSR, SKT, and HR. These sig-
nals are collected during 16 paired debates on social issues,
with each session lasting approximately 10 min. Distin-
guishing itself from earlier datasets, it incorporates emotion
annotations from multiple sources: self-reports, debate part-
ners, and external observers. These annotations, provided at
5-second intervals during the review of debate recordings,
cover dimensions such as arousal and valence, rated on a
scale of 1 to 5, along with 18 discrete emotional states.

4.2.5 WESAD

The dataset (Schmidt et al. 2018) leverages chest-worn and
wrist-worn devices to capture BVP, GSR, SKT, and acceler-
ation data. These signals are collected from 17 participants
across three distinct emotional states: neutral, stress, and
amusement. During data collection, participants engage in
a series of activities, including reading, watching 11 video
clips, and completing the Trier Social Stress Test (TSST).
Subsequently, participants are assessed with scoring criteria
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to evaluate their emotions states. These include the Positive
and Negative Affect Schedule (PANAS), rated on a five-
point scale, State-Trait Anxiety Inventory (STAI), scored
on a four-point scale, Self-Assessment Manikins (SAM),
and Short Stress State Questionnaire (SSSQ). These scor-
ing methods are designed to capture subjective emotional
experiences under different conditions.

4.2.6 MODMA

This dataset (Cai et al. 2022) focuses on depression recog-
nition, collecting multi-modal data from depressed patients
and healthy controls in both resting and stimulated states.
EEG recordings include 53 subjects (24 depressed, 29
controls) using a 128-channel cap in both conditions, and
55 subjects (26 depressed, 29 controls) using a wearable
3-electrode device in the resting state. During rest, subjects
close their eyes; during stimulation, they view emotional
facial images (fearful, sad, happy, neutral). All patients are
diagnosed based on DSM-IV criteria, with PHQ-9 scores
greater than or equal to 5.

5 Fundamental Al model

Advancements in information technology have propelled
ML and DL as pivotal tools in mental health assessment.
Traditional ML methods, such as Support Vector Machines
(SVM), K-Nearest Neighbors (KNN), and Decision Trees
(DT), typically operate on interpretable, low-dimensional
handcrafted features, allowing for direct visualization
and clearer understanding of model decisions. In contrast,
DL techniques, including Convolutional Neural Network
(CNN), Recurrent Neural Network (RNN), and Graph Neu-
ral Network (GNN), automatically learn high-dimensional
representations from raw data, offering superior perfor-
mance but reduced transparency. Figure 5 illustrates rep-
resentative Al model architectures commonly employed in
mental health assessment based on physiological signals.

5.1 Machine learning technique

SVM tackles nonlinear problems by implicitly projecting
input features into high-dimensional spaces via kernel func-
tions, thereby enabling their effective linear separation. For
example, Liao et al. (2017) apply SVM for depression diag-
nosis by transforming EEG data to achieve classification
through a hyperplane. KNN classifier samples based on the
majority class among their nearest neighbors in the feature
space. Wang et al. (2013) utilize KNN to evaluate driver
stress by analyzing EEG features, leveraging distance-based
proximity to capture local distributions. DT segments the
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Fig. 5 Fundamental artificial intel-
ligence models

Autoencoder

feature space through a hierarchical structure, yielding
interpretable rules with high computational efficiency. Their
transparency makes them suitable for mental diagnosis, such
as Alzheimer (Lehmann et al. 2007) and depression (Acha-
rya et al. 2015). However, DT is susceptible to overfitting
and limited generalization. To mitigate these issues, ensem-
ble methods are introduced. Random Forest (RF) aggre-
gates results from multiple trees trained on bootstrapped
samples. Boosting-based methods, including XGBoost and
LightGBM (Gayathri et al. 2022), construct decision trees
sequentially by focusing on the residual errors of previous
iterations, to enhance predictive performance.

5.2 Deep learning technique

DL technique has become a dominant paradigm in physi-
ological signal-based mental health assessment due to
its strong capability in modeling complex spatial, tempo-
ral, and cross-modal patterns from high-dimensional data.
Existing DL approaches can generally be divided into two
complementary streams: discriminative architectures for
mental state classification and generative or representa-
tion-learning architectures for data enhancement and latent
feature modeling. The former focuses on learning discrimi-
native spatiotemporal representations for prediction tasks,
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whereas the latter aims to improve data robustness, alleviate
modality discrepancies, and enhance representation quality.

5.2.1 Discriminative architectures for classification

Discriminative DL models, including CNN, RNN, GNN,
and Transformer-based architectures, are primarily designed
to map physiological signals to specific emotional or men-
tal health states by capturing informative spatial-temporal
dependencies.

Among these approaches, CNN and RNN are the most
widely adopted architectures in physiological signal
analysis.

CNNs are particularly effective in extracting local spa-
tial patterns and have demonstrated strong performance
in EEG-based mental health assessment tasks (Afify et al.
2025). In contrast, RNNs, especially Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU), are
capable of modeling temporal dependencies by preserv-
ing sequential information across time steps. For example,
Kuang et al. (2024) utilize LSTM gating mechanisms to
capture long-term physiological dynamics for emotion rec-
ognition, while Khan et al. (2021) employ GRU to reduce
computational complexity through simplified gating opera-
tions. To jointly exploit spatial and temporal characteristics,
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hybrid CNN-RNN frameworks have also been proposed
(Song et al. 2022).

Beyond Euclidean feature modeling, Graph Convolu-
tional Networks (GCNs) extend convolution operations to
graph-structured data, enabling the extraction of topologi-
cally informed representations from physiological signals
with intrinsic spatial relationships. For instance, Chen et al.
(2022) model EEG electrodes as graph nodes and construct
spatial-temporal connections between channels for depres-
sion recognition.

More recently, Transformer-based architectures have
attracted increasing attention due to their self-attention
mechanisms, which enable dynamic modeling of long-range
dependencies and modality importance. Zheng et al. (2023)
employ Transformer networks to capture cross-modal inter-
actions and salient features, thereby improving both predic-
tion performance and interpretability in sentiment analysis
tasks.

5.2.2 Generative architectures for data optimization

Unlike discriminative models that primarily focus on deci-
sion-making, generative and representation learning archi-
tectures aim to address intrinsic challenges in physiological
data, including noise contamination, limited labeled sam-
ples, and cross-domain distribution discrepancies.

Autoencoder (AE) learns compact and informative latent
representations by encoding high-dimensional inputs into
low-dimensional feature spaces and reconstructing the orig-
inal signals through a decoder. Various AE variants have
been proposed to improve robustness and representation
quality under different scenarios. For example, Wang et al.
(2022) propose a Multi-modal Domain Adaptive Variational
Autoencoder (MMDA-VAE) to learn shared latent repre-
sentations from EEG and eye-movement signals, thereby
mitigating cross-subject discrepancies. Other variants,
including denoising AE, sparse AE, and convolutional AE,
have also been explored to enhance noise robustness and
feature sparsity (Li et al. 2015; Qiu et al. 2018; Wen and
Zhang 2018).

Similarly, Generative Adversarial Networks (GANs)
provide an effective framework for data augmentation and
domain adaptation. GAN training is formulated as a min-
max adversarial process, in which the generator attempts to
synthesize realistic samples while the discriminator distin-
guishes generated data from real observations (Goodfellow
et al. 2014). Chen et al. (2019) propose Emotional GAN
to generate realistic EEG signals, thereby improving model
generalization under limited labeled data conditions.

In summary, discriminative architectures mainly contrib-
ute to downstream mental state prediction, whereas gen-
erative and representation-learning models enhance data

@ Springer

quality and latent feature robustness. The combination of
these paradigms has significantly advanced the accuracy,
robustness, and interpretability of DL-based mental health
assessment systems.

6 Open issue and current solution

This section discusses three pivotal challenges in physiolog-
ical signal-based mental health assessment: domain shift,
model interpretability, and multi-modal fusion, together
with the representative technical solutions developed to
address them.

Although these challenges have been extensively stud-
ied in the broader Al literature, they become substantially
more complicated in physiological mental health assess-
ment due to the strong inter-subject variability of physi-
ological responses, the abstract and non-intuitive nature of
physiological signals, and the heterogeneity across mul-
timodal biological systems. Furthermore, while existing
methodologies have demonstrated promising performance
in conventional affective computing tasks such as emotion
recognition, their applicability to more clinically complex
tasks, including mental disorder assessment and long-term
psychological monitoring, remains insufficiently explored.

6.1 Domain shift

In physiological signal-based mental health assessment,
domain shift poses a particularly significant challenge to
model generalization due to the strong inter-subject vari-
ability and non-stationary characteristics of physiological
responses. Unlike conventional vision or language tasks,
physiological reactions to the same mental state may vary
substantially across individuals because of intrinsic biologi-
cal differences, emotional sensitivity, and environmental
influences. Moreover, mental states such as stress, anxiety,
and depression often exhibit overlapping and ambiguous
physiological patterns, further increasing the difficulty of
learning robust cross-domain representations. These factors
lead to considerable distribution discrepancies across sub-
jects and datasets, resulting in reduced accuracy and reli-
ability on unseen data.

This issue is generally categorized into two scenarios:
cross-subject (Li et al. 2024; Guo et al. 2023; Liu et al. 2024,
Gu et al. 2023; Pan et al. 2024; She et al. 2023) and cross-
dataset (Liao et al. 2024; Zhou et al. 2023; Jiang et al. 2023;
Yuan et al. 2023). Cross-subject testing involves training on
data from one group (e.g., Subject Group A) and testing on
another group (e.g., Subject Group B) within the same data-
set. In contrast, cross-dataset testing involves training on
one dataset (e.g., Source Dataset) and evaluating on another
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(e.g., Target Dataset). Most existing studies focus primarily
on cross-subject scenarios, since real-world mental health
applications commonly encounter unseen users with diverse
physiological characteristics.

The domain shift problem mainly arises from two
aspects: individual differences and testing differences (Hong
et al. 2024). Individual differences originate from subject-
specific physiological characteristics, leading to substantial
variations in signal patterns even among individuals with
the same mental condition. Testing differences refer to sig-
nal variability caused by differences in acquisition devices,
sampling rates, noise levels, and preprocessing strategies,
which are particularly prominent in cross-dataset settings.

To tackle these challenges, domain adaptation (DA) and
domain generalization (DG) are promising approaches.

Domain Adaptation: focuses on adapting a model
trained on a labeled source domain to perform well on a
target domain with limited or no labeled data. Formally, this
involves labeled source domain Dy = {x§, y§ }[*, and target
domain with either limited labeled data D, = {x},y} };1;1

or unlabeled data D, = {x}}7.,, both with identical fea-

j=1
ture and label spaces but differing marginal distribu-
tions (p(x®) # p(x")). The goal of DA is to minimize the
domain discrepancy, enabling reliable performance in target
domains with scarce labeled data.

Domain Generalization: Distinct with DA, DG focuses
on learning a model from multiple source domains that gen-
eralizes well to unseen target domains without accessing any
target domain data during training. Formally, given multiple

labeled source domains D = {x}, y} };lil drawn from differ-

ent distributions (p(x,) # p(x") for s & 5), the objective is
to learn domain-invariant representations that perform well
on an unseen domain D,. DG aims to address the general-
ization challenge caused by the inter-subject variability and
heterogeneity in affective signals, enabling robust model
performance in real-world mental health assessment scenar-
ios where the target environment or user is unknown during
training.

In the remainder of this section, considering the versatil-
ity of various techniques in addressing both DA and DG,
the following discussion provides a detailed introduction

organized from the perspectives of Feature-level align-
ment methods and Strategy-level learning schemes,
followed by an analysis of their specific implementations
within these two cross-domain scenarios. An overview of
the domain shift methods is presented in Fig. 6.

6.1.1 Feature-level alignment methods

The primary objective of feature-level alignment methods
is to map features from diverse domains into a shared latent
space to eliminate distribution discrepancies. This goal is
realized through adversarial-based feature alignment and
metric-based feature alignment, which synchronize data
distributions via implicit adversarial competition or explicit
statistical distance minimization.

Adversarial-based feature alignment: This method
leverages the principles of generative adversarial networks
to match feature distributions without explicitly defining a
distance metric. GAN provides a foundational adversarial
framework. Building upon this idea, the Domain Adversar-
ial Neural Network (DANN) is designed to learn domain-
invariant features through a min-max optimization game.
DANN consists of feature extractor G(+;6), label predic-
tor G, (+;6,), and domain classifier Gy4(+;64), where 6;, 6,
, and 0, are trainable parameters. The training objective is
formulated as:

ns

min max [ ni > £ep(GyGr )y - 2 ( £ep(Ga(Gy(x5)), 0)
S i=1 1

1
676y 64 ns 4=

. (1)
o Z Lcp(Ga(Gr(x))), 1)) ]
Jj=1

where £ g denotes the cross-entropy loss and A is a balanc-
ing hyperparameter. The objective encourages the extrac-
tion of features that are predictive for the main task while
being indistinguishable across domains.

Unlike the shared encoder architecture in DANN, ADDA
employs separate feature extractors to implement asymmet-
ric mappings, allowing for more flexible, tailored represen-
tations for each domain. The training objective also follows
min-max game, formulated as:

Adversarial-based feature alignment

Feature-level
Alignment methods

Domain Shift

Strategy-level
learning schemes

Fig.6 The overview of domain shift

Metric-based feature alignment

Moment-based feature alignment
Contrastive-based feature alignment

Kernel-based feature alignment

Disentangled representation learning

Ensemble learning
Meta-learning

Self-supervised learning
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minmax £y [l0g D) + By, llogl = DEG]  (2)

where F; and F; denote the feature extractors for the source
and target domain. By employing separate feature extractors
for each domain, ADDA introduces asymmetric mappings
that allow each domain to learn tailored representations. For
instance, He et al. (2022a, 2022b) further explore Adver-
sarial Discriminative Domain Adaptation (ADDA) in cross-
subject emotion recognition. Whether for DANN, ADDA, or
other variants, the core of adversarial alignment remains the
deployment of the Gradient Reversal Layer (GRL), which
reverses gradients from the domain classifier to encourage
domain confusion in the feature space.

Depending on the availability of domain labels, adver-
sarial-based alignment methods pursues different learning
objectives. The most representative application occurs in
DA, where domain labels are often defined based on subject
identities. Neural network simultaneously processes labeled
source data and unlabeled target data during the training
phase. The adversarial struggle between the discrimina-
tor and the feature extractor enables the model to discard
domain-specific variances, effectively mapping physiologi-
cal features into a unified manifold space to extract robust,
domain-invariant representations (Li et al. 2024). Moreover,
the definition of domain labels is not restricted to subject
identities. It can be extended to broader dimensions, such as
dataset and center domain (Wang et al. 2024). Beyond tra-
ditional global alignment methods, An et al. (2025) designs
dual alignment of local feature patterns, specifically spa-
tial-temporal and spatial-spectral modes, and global fused
features through the deployment of multiple GRLs. This
hierarchical adversarial strategy facilitates the learning of
more discriminative and complementary information.

Metric-based feature alignment: This approach offers
an alternative paradigm for distribution matching through
the minimization of explicit statistical distances between
domains. This category of approach focuses on the direct
quantification of domain discrepancy, which enables the
alignment of multiple domain distributions through math-
ematical measures. Specific implementations of these
mathematical measures encompass moment-based, contras-
tive-based, and kernel-based alignment approaches.

(1) Moment-based feature alignment: Moment-based
feature alignment methods reduce distribution discrepan-
cies by matching statistical moments across domains. The
general objective can be formulated as:

ns

K n
1 s 1
Lmoment = k§=1 n_s E (Gf(xi ))k - I’l_[ jgzl(Gf(x]t'))k 3)

i=1
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here G¢(-) denotes the feature extractor, k represents the
order of the statistical moment, K is the highest order con-
sidered for alignment, and ng and n; denote the numbers of
samples in the source and target domains, respectively.

In the work of Gao et al. (2025), a covariance-based align-
ment method is proposed to minimizes the Frobenius norm
between covariance matrices. By enforcing this constraint,
the feature extractor is encouraged to learn subject-invariant
representations, which effectively reduce the statistical dis-
crepancy between the source domain and the target subject.
Beyond second-order statistics, some studies further align
higher-order moments to capture more complex distribution
characteristics. For example, Central Moment Discrepancy
(CMD) (Jia et al. 2024) aligns multiple orders of central
moments between domains, enabling more comprehensive
distribution alignment. However, such methods often intro-
duce additional computational complexity and may become
unstable when the feature dimensionality is high.

(2) Contrastive-based feature alignment: The core
mechanism of contrastive learning centers on pulling simi-
lar samples together while pushing dissimilar ones apart in
the representation space. This paradigm has found exten-
sive application in general representation learning and has
recently emerged as a significant strategy for the extraction
of domain-invariant features.

For instance, Shen et al. (2022) present a DG-based
method called CLISA. The method includes a contrastive
learning phase followed by a prediction phase. Specifically,
a CNN encoder learns invariant representations by compar-
ing positive pairs, which are EEG signals from different sub-
jects exposed to the same stimulus, with negative pairs that
originate from different stimuli. Furthermore, Cai and Pan
(2023) design a DG approach for EEG-based emotion rec-
ognition across subjects. They introduce a two-phase frame-
work centered on prototypical contrastive learning. Initially,
the model learns a matching function through contrastive
loss. This function is refined using an iterative process that
updates matches based on the closest same-class prototypes.
This strategy aims to learn domain-invariant features by
minimizing the distance between inputs and prototypes of
the same class, in contrast to those from different classes.

(3) Kernel-based feature alignment: This method mea-
sures domain discrepancies by embedding feature distribu-
tions into a reproducing kernel Hilbert space (RKHS) and
computing distances between the embedded distributions.
A representative approach is Maximum Mean Discrepancy
(MMD), whose empirical formulation can be written as:

2

Lymmp = Hnl > #(Gr(x)) - nit > #(Gr(xh) 4)
S =1 j=1

H
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where G(-) denotes the feature extractor, ¢(-) represents
the implicit feature mapping induced by the kernel function,
and || - || denotes the norm in the RKHS K. ng and n, are
the numbers of samples in the source and target domains,
respectively.

To further enhance its effectiveness, several variants have
been proposed, such as multi-kernel MMD (Liu et al. 2025),
joint MMD (Tang et al. 2025), class-wise MMD (Xu et al.
2025), and dynamic MMD (Shi et al. 2023), which aim to
capture more complex distribution discrepancies across
domains. However, their performance is sensitive to kernel
selection and may incur higher computational costs when
applied to high-dimensional data.

Overall, feature alignment methods possess broad appli-
cability, yet most of them require domain labels that are
not always available. Furthermore, to achieve effective
alignment between different domain distributions, certain
methods require substantial data to accurately estimate the
underlying distributions.

6.1.2 Strategy-level learning schemes

This category provides a holistic framework to coordi-
nate training protocols and facilitate cross-domain knowl-
edge transfer. It encompasses disentangled representation,
ensemble, and meta-learning, all of which leverage high-
level paradigms to extract domain-invariant information.

Disentangled representation learning: This approach
aims to explicitly decompose learned representations into
domain-shared and domain-specific components, enabling
the model to isolate invariant information from domain-
dependent variations (Kuang et al. 2025). By separating
transferable knowledge from domain-specific factors, this
paradigm effectively mitigates negative transfer caused by
distribution discrepancies across domains, thereby improv-
ing the robustness of learned representations.

Chen et al. (2024) propose the Graph Domain Disen-
tangled Network (GDDN), which addresses the significant
challenge of inter-subject variability in EEG-based emo-
tion recognition by decomposing graph connectivity pat-
terns and corresponding representations into common and
subject-specific attributes. Moreover, Jia et al. (2024) intro-
duce the multi-level disentangling network called MDNet
for multi-modal emotion recognition. MDNet employs a
hierarchical feature disentanglement mechanism to simul-
taneously model modality-specific and subject-specific
characteristics, wherein shared encoders are utilized to
extract invariant representations that capture cross-modal
and cross-subject coherence, while private encoders are
designed to learn modality-dependent and subject-depen-
dent features. This disentanglement process is implemented
at both the modality level and the subject level, aiming to

improve corss-modal feature interaction and cross-subject
recognition capabilities.

Although feature disentanglement methods possess
inherent advantages in addressing domain shift, the design
process requires careful consideration to ensure the model
captures pure disentangled features. This objective often
necessitates the integration of the aforementioned adversar-
ial-based or metric-based methods to further constrain the
disentangled features, so that the resulting representations
achieve enhanced cross-domain robustness.

Ensemble learning: Ensemble strategies enhance a
model’s generalization by aggregating outputs from a
diverse set of networks. By employing a consensus-based
voting mechanism, this approach effectively elevates pre-
dictive precision and overall system robustness.

For example, Pan et al. (2023) propose RAVE framework
integrates an internal AdaBoost ensemble to strengthen
individual Riemannian-based classifiers against non-linear
session shifts. It then executes a majority voting protocol
across 441 unique time-frequency windows to stabilize per-
formance and enable cross-session transfer with minimal
additional training. Li et al. (2023) expand their research
into multi-source domain adaptation by treating each subject
as an independent source domain within a parallel ensem-
ble framework. During training, the framework employs a
Random Matching Operation (RMO) to dynamically shuffle
the pairings between domain-specific feature extractors and
classifiers, which prevents over-reliance on individual data
sources and minimizes overall classification variance. In
the inference stage, a Top-h selection module is utilized to
aggregate only the highest-ranked classifiers, achieving an
optimal bias-variance trade-off and significantly enhancing
the model’s generalization across diverse subjects. In DG
setting, Zhang et al. (2024) propose the EPNNE framework,
which leverages evolutionary programming to automati-
cally evolve a population of neural networks with diverse
topologies to capture complex individual variability in
cross-subject EEG signals. The method employs an associa-
tive reinforcement loss to collaboratively align the domain
distributions of ensemble members and integrates their pre-
dictions through a collective voting mechanism, ensuring
robust generalization of emotion recognition under hetero-
geneous data.

Meta-learning: The essence of meta-learning lies in its
“ learning to learn” capability, where a model distills fun-
damental learning strategies by observing the metadata and
behavioral patterns of various ML techniques. Kuang et al.
(2024) propose the EmoTracer system, which adopts a few-
shot meta-learning strategy based on prototype networks,
utilizing a task generation mechanism to partition multi-
source physiological signals into support and query sets to
simulate and learn emotional embedding representations
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for new subjects. By establishing prototype centers for
each emotion category within the feature space of a multi-
source fusion network and employing Euclidean distance
with Inverse Multiquadric weighting to measure sample-to-
prototype similarity, the model achieves rapid cross-subject
adaptation with minimal samples and no retraining. Simi-
larity, Zhang et al. (2026) propose the FSL-DEM module,
which utilizes a subject-based task generator to transform
individuals from diverse source domains into independent
meta-tasks for training, thereby acquiring well-initialized
parameters for rapid adaptation to new subjects. The sys-
tem further integrates a feature-based knowledge distillation
strategy to compress the representational capacity derived
from meta-learning into a lightweight student model.
Through two-stage fine-tuning on limited target samples,
the system achieves personalized, real-time monitoring of
depressive episodes for new users.

Meta-learning significantly enhance model adaptability
while ensuring computational economy by minimizing the
reliance on extensive training data. Despite these advan-
tages, the framework can suffer from heuristic gaps in its
rule sets. Furthermore, certain implementations face rep-
resentational bottlenecks, where the meta-features lack the
capacity to encapsulate comprehensive informational depth.

Self-supervised learning: Self-supervised learning
(SSL) leverages unlabeled data to capture intrinsic spatio-
temporal dynamics by designing pretext tasks, which is
particularly effective for enhancing cross-domain general-
ization in physiological sensing where high-quality labels
are scarce (Duan et al. 2023). Based on the nature of pretext
tasks, SSL strategies in this field can be categorized into
predictive-based, generative-based, and contrastive-based
methods.

Predictive-based SSL methods learn robust representa-
tions by predicting discrete pseudo-labels derived from sig-
nal transformations. For instance, Sarkar and Etemad (2022)
apply six distinct transformations to ECG signals and train
a network to recognize these modifications, enabling the
extraction of spatiotemporal features that generalize well
across different emotion categories and datasets. Similarly,
Wu et al. (2023) propose a Transformer-based framework
for wearable emotion recognition, utilizing signal transfor-
mation recognition as a pretext task to learn generalized
multimodal representations from extensive unlabeled physi-
ological data.

Generative-based SSL focuses on capturing contextual
correlations through reconstruction tasks. Wang et al. (2022)
introduce the Multi-modal Domain Adaptive Variational
Autoencoder (MMDA-VAE), which employs a multi-modal
VAE to project EEG and eye-movement data into a common
latent space, learning shared cross-domain representations
through reconstruction and cycle-consistency. Furthermore,
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Zhang et al. (2025) propose the MV-SSTMA-DA model,
which utilizes a masked autoencoder architecture. By
masking portions of the input EEG and reconstructing the
masked segments, the model effectively extracts structured,
topologically informed features suitable for cross-subject
adaptation.

Contrastive-based SSL encourages similar data points
to cluster together while pushing dissimilar ones apart in
the representation space. Can et al. (2025) adapt contrastive
architectures like TS-TCC for daily life affect recognition,
leveraging unlabeled multimodal signals to learn meaning-
ful representations that mitigate the noise and subjectivity
of real-world labels. In the context of clinical diagnosis, Cai
et al. (2025) propose a self-supervised contrastive domain
generalization framework (SS-CDG). By contrasting EEG
responses induced by different stimuli in healthy subjects,
the model acquires unsupervised representations that can be
successfully transferred to decode the musical neural activ-
ity of patients with disorders of consciousness.

By capturing the underlying distribution of physiologi-
cal signals through these varied pretext tasks, SSL effec-
tively bridges the gap between different domains, providing
a powerful initialized state for downstream mental health
assessment tasks even with limited labeled samples.

6.2 Model interpretability

The rapid advancement of deep learning has significantly
improved the performance of intelligent mental health
assessment systems. However, the black-box nature of
many DL models, caused by their high dimensionality and
non-linearity, limits the transparency of the decision-mak-
ing process and has consequently driven increasing interest
in eXplainable Al (XAI) research.

In physiological signal-based mental health assessment,
interpretability is particularly critical due to the clinical and
subjective nature of mental state analysis. Unlike conven-
tional vision- or language-based Al tasks, where decision
evidence can often be intuitively verified through percep-
tible visual or textual patterns, physiological signals are
inherently abstract and non-intuitive. Variations in heart rate,
skin conductance, or brainwave activity cannot be directly
understood without specialized physiological knowledge,
making it difficult for clinicians and users to interpret the
rationale behind model predictions. Moreover, mental states
such as stress, anxiety, and depression often exhibit subtle
and overlapping physiological responses, while physiologi-
cal signals themselves are highly dynamic and continuously
changing over time. These characteristics substantially
increase the difficulty of establishing transparent and trust-
worthy decision mechanisms for real-world mental health
applications.
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Inspired by the previous work of Cortifias-Lorenzo and
Lacey (2024), we categorize explainability techniques in
mental health assessment into three stages: pre-model, in-
model, and post-model, and summarize recent advances for
each, as illustrated in Fig. 7.

6.2.1 Pre-model phase

Inthe pre-model phase, exploratory data analysis is employed
to reveal the intrinsic properties of raw signals before model
training. Some specialized physiological signals such as
EEG and ECQG, characterized by high temporal resolution
and complex dynamics, result in high-dimensional datas-
ets. Consequently, dimensionality reduction techniques are
applied to project the data into lower-dimensional spaces.
These techniques not only enable intuitive visualization of
data distribution, but also uncover underlying structure of
emotional states.

Dimensionality Reduction Techniques: Common
dimensionality reduction methods, including Principal
Component Analysis (PCA), Independent Component
Analysis (ICA), Isometric Mapping (Isomap), t-Distrib-
uted Stochastic Neighbor Embedding (t-SNE), and Linear
Discriminant Analysis (LDA), have been widely adopted
in mental health assessment to enhance data visualization

and interpretability. Specifically, PCA (Zhang et al. 2018)
transforms correlated features into orthogonal components,
facilitating variance-focused analysis; ICA (Valenza et al.
2011) separates independent sources within mixed signals,
mitigating the interference from multiple sources; Isomap
and t-SNE (Bodaghi et al. 2024) preserve global and local
structures based on similarity, capturing the intrinsic geom-
etry of the original signal space; and LDA (Kim and André
2008) maximizes class separability, crucial for distinguish-
ing closely related affective states. These methods are suited
to physiological signals due to their ability to uncover key
latent patterns obscured by noise and redundancy, enable
more transparent understanding. In addition, visual rep-
resentations derived from these methods offer intuitive
insights for evaluating model performance before and after
training. For instance, Li et al. (2024) employ t-SNE to visu-
alize feature space from both both original brain network
and proposed MESNP model on the MAHNOB-HCI dataset
and DEAP dataset. As shown in Fig. 8, the improved cluster-
ing of emotional states after feature extraction demonstrates
the model’s ability to learn discriminative representations,
reinforcing its interpretability.
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Fig. 9 Model and feature analysis with Heat Map (Zhang et al. 2026)

6.2.2 In-model phase

In-model interpretability is achieved by embedding inter-
pretive mechanisms directly into the model architecture,
enabling the model to produce inherently explainable out-
puts throughout training and inference. These techniques
participate actively in the learning process, allowing the
model to not only make predictions but also reveal the
underlying relationships between input features and outputs.

ML-based Method: Previous studies primarily rely on
fundamental machine learning methods, such as DT, RF,
SVM and logistic regression (Lin et al. 2019; Marey et al.
2024; Giannakakis et al. 2019), reveal the relationships
between physiological signals and mental health diagnoses
through explicit feature weights or rule-based structures.
For example, Lin et al. (2019) apply RF to assess the con-
tribution of each physiological channel in emotion recogni-
tion, enabling intuitive interpretability at the sensor level.

Knowledge Graph: Knowledge graphs encode struc-
tured domain knowledge through entities and relations,
enabling semantic reasoning that links low-level features
to high-level emotional or clinical concepts. EmotionO+
(Su et al. 2014) constructs an ontology-based graph from
EEG, fNIRS, and contextual data, supporting concept-level
reasoning and transparent decision tracing. Knowledge-
Embedded Temporal Convolutional Transformer model
(KETCT) (Zheng et al. 2023) embed medical and affective
knowledge into the model’s latent space, aligning signal
representations with psychological constructs for domain-
informed outputs. Obviously, integrating structured knowl-
edge into the model facilitates semantically grounded and
explainable inference.

Attention Mechanism: The attention mechanism
enables the model to focus on the most significant parts
of the input data, allowing it to identify which features of
physiological signals are crucial for mental health diagnosis
(Yang et al. 2021; Guo et al. 2023; Li et al. 2024). Specifi-
cally, Guo et al. (2023) compare model performance before
and after introducing multi-head attention module, showing
that attention significantly increases the spatial separability
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Fig. 10 Feature analysis with GNNExplainer (Shen et al. 2023)

between emotional categories in the embedding space by
adaptively weighting informative features across modali-
ties. Moreover, Li et al. (2024) analyze temporal frame
attention and observe consistent activation patterns across
trials for the same time intervals, while highlighting varia-
tion across different time intervals, demonstrating the mod-
ule’s ability to localize task-relevant temporal segments.
Although attention-based outputs may not always fully
align with established physiological interpretations due to
the data-driven nature of model learning, they nonetheless
offer insights into which implicit patterns and modality pref-
erences that the model prioritizes during prediction. Visu-
alization results are typically represented as Heat Map or
Grad-CAM, as shown in Fig. 9 and Fig. 14.

Graph Neural Network: GNN enable interpretable
learning by leveraging their internal message-passing mech-
anisms to capture both node-level features and topological
structures within the graph (Ye et al. 2025; Shen et al. 2023).
Ye et al. (2025) employ degree centrality metrics on the
dynamic adjacency matrix learned by the HD-GCN model,
demonstrating that connection strength between EEG chan-
nels increases with frequency, highlighting the model’s
capacity to localize spatially relevant brain regions. Shen
et al. (2023) employ the biased weighting parameter within
the GCN to assess the associations among brain channel
features under depressive stimuli. Similarly, Yu et al. (2023)
analysis the most discriminate brain region and functional
sub-networks based on attention coefficient maps by utiliz-
ing standard t-test, while Song et al. (2020) apply node-level
centrality measures to interpret each channel’s contribution
to emotion classification. Collectively, these methods under-
score the capacity of GNNs to deliver built-in spatial inter-
pretability by structurally capturing interdependency and
characteristic among physiological signal channels during
model learning. Visualization results are typically generated
using GNN interpretability toolkits, as shown in Fig. 10.

6.2.3 Post-model phase

The goal of post-model XAI techniques is to understand
how model outputs relate to inputs after model training.
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Fig. 11 Feature importance analysis with
SHAP (Qiu et al. 2022)
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This subsection introduces commonly used auxiliary inter-
pretation tools that analyze the correlation between model
predictions and inputs at either the model or instance level.
It is important to note that some of the post-model meth-
ods are also applicable to the pre-model phase, such as the
t-SNE method described earlier.

SHAP: It (Lundberg and Lee 2017) is a model-agnostic
interpretability method based on Shapley values from coop-
erative game theory. It enables instance-level explanations
by quantifying how each physiological feature contributes
to emotional predictions across all possible feature subsets.
Specifically, it identifies key features driving predictions,
reveals features with positive or negative contributions
for class separation, and uncovers consistently important
features across different model architectures, as illustrated
in Fig. 11. This is particularly valuable for interpreting
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complex multi-modal models, highlighting dominant sig-
nals, and assessing model robustness across individuals.
LIME: It (Ribeiro et al. 2016) is a local interpretability
method that explains individual predictions by approximat-
ing the complex model with a simple surrogate model in
the neighborhood of a given instance. As shown in Fig. 12,
LIME is used to interpret predictions from classifier. For a
severe stress case, features like HR, EDA, and TEMP posi-
tively influenced the prediction. In a moderate stress case,
a different feature set including TEMP, EDA, and Z-axis
movement exhibit positive connections. These examples
demonstrate LIME’s ability to reveal localized feature
importance patterns across emotional states, which is cru-
cial for understanding individual-specific model behavior.
Saliency Map: This method (Simonyan et al. 2014) esti-
mates feature region importance by perturbing inputs and
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Fig. 13 Region importance analysis with Saliency Map (Ding et al.
2022)

Fig. 14 Channel importance analysis with Grad-CAM (Xu et al. 2023)

observing the resulting changes in prediction probability. It
offers coarse-grained visualization of which neural signal
regions drive emotion-related decisions. For example, as
shown in Fig. 13, Ding et al. (2022) apply Saliency Maps on
the DEAP dataset to identify that arousal-related responses
are predominantly linked to the frontal, temporal, and pari-
etal lobes.

Grad-CAM: This method (Selvaraju et al. 2016) gen-
erates visual explanations by computing the gradients of
target outputs with respect to the final convolutional layer,
producing spatial activation maps that highlight regions
most influential to the model’s decision. Grad-CAM serves
as an effective tool for intuitively localizing critical neural
signal channels in mental health assessment. For instance,
Grad-CAM has been used to rank 62 EEG channels on the
SEED dataset, identifying top contributors such as P6, C5,
TP8, and F6, as shown in Fig. 14, which are critical for emo-
tion arousal.

Heat Map: This method (Gu 2022) visualizes high-
dimensional features or model outputs as color gradients in
a two-dimensional space, highlighting the model attention,
such as feature importance, activation levels, or classifica-
tion weights. As shown in Fig. 9, the Heat Map illustrates the
performance of various physiological channel combinations
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in detecting depressive disorders across users. The PPG +
SKT combination demonstrates the strongest complemen-
tarity, and supports the effectiveness of multi-channel fusion
strategy. The heatmap also highlights inter-individual vari-
ability in model responses, which is an important consid-
eration in depression recognition. Additionally, Zhu et al.
(2022) utilize Heat Map to visualize the performance of
EEG frequency bands to depression diagnosis models, not
only clarifying the contribution of specific bands but also
showcasing the superiority of proposed models over tradi-
tional baselines.

GNNExplainer: As a graph-wise method, GNNEx-
plainer (Ying et al. 2019) can interpret the predictions of
GNN by identifying crucial subgraph structures and node
features, without requiring architectural changes or retrain-
ing. It formulates explanation as an optimization problem
that maximizes the mutual information between a model’s
prediction and the distribution of potential explanatory
subgraphs. For instance, Shen et al. (2023) apply GNNEx-
plainer to EEG-based depression detection, as shown in
Fig. 10, assigning importance scores to nodes to reveal key
channels and spatial relevance.

6.3 Multi-modal fusion

The ambiguous and overlapping nature of mental states
makes it difficult for a single modality to capture subtle
affective variations, particularly under noisy or incomplete
conditions. This limitation highlights the importance of
multi-modal fusion in physiological signal-based mental
health assessment.

However, multi-modal fusion in physiological comput-
ing presents challenges that differ substantially from those in
conventional vision-language or audio-visual tasks. Unlike
visual or textual modalities with relatively explicit semantic
structures, physiological signals are generated from hetero-
geneous biological systems and exhibit distinct temporal
dynamics, response delays, and physiological meanings. For
example, EEG reflects neural activity, ECG captures cardiac
dynamics, while GSR represents autonomic nervous system
responses. These modalities are often asynchronous, subject
to sensor-specific acquisition conditions, and characterized
by varying sampling frequencies and signal distributions,
which significantly complicate cross-modal representation
learning and alignment.

Moreover, physiological signals collected in real-world
wearable scenarios are highly susceptible to motion arti-
facts, sensor failures, and environmental noise, making
incomplete or corrupted modalities a common practical
issue. Against this backdrop, existing multi-modal fusion
strategies can generally be categorized into data-level,
feature-level, decision-level, and hybrid approaches, as
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illustrated in Fig. 15. In the following sections, we sys-
tematically analyze these fusion paradigms and their cor-
responding techniques for addressing the aforementioned
challenges, as shown in Fig. 16.

6.3.1 Data-level fusion

Data-level fusion operates at the earliest stage of multi-
modal fusion by directly concatenating raw data streams
without feature transformation. It aims to preserve the full
fidelity of each modality, but must address challenges such
as temporal misalignment and data incompleteness. For
instance, Kanjo et al. (2018) fuse physiological, environ-
mental, and self-reported data through timestamp alignment
and interpolation, to construct a unified dataset for emotion
prediction. While this method maintains data integrity, it
often results in data redundancy, high computational cost,
and overlooks complex cross-modal dependencies. Conse-
quently, data-level fusion is less prevalent in recent physi-
ological signal-based mental health assessment studies,
which increasingly favor more flexible fusion strategies.

6.3.2 Feature-level fusion

Feature-level fusion is performed after data preprocess-
ing and feature extraction, aiming to integrate feature rep-
resentations from heterogeneous modalities into a unified
embedding space. The most straightforward strategy is

n
l Classification n
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Multi-level fusion

hybrid fusion

Multi-method fusion

concatenation (Zhu et al. 2022; Cheng et al. 2023), which
joins aligned features along a specific dimension. Suppose
EEG and GSR modalities produce feature representations
of shapes (T,d;) and (T,d,), where T denotes the shared
temporal dimension and d,, d, represent the modality-spe-
cific feature dimensions. Concatenate fusion makes them
into a unified representation of shape (T, d; + d,), avoiding
explicit time or space alignment at the data level but failing
to account for inter-modal relevance or intra-modal impor-
tance. To address this, recent works introduce adaptive
weighting mechanisms to dynamically modulate modality
contributions. For instance, Fu et al. (2024) and Liu et al.
(2023) reshape concatenated EEG features into serval par-
titions and apply Transformer to re-weight each partition.
This design allows the fusion process to reflect tempo-
ral or spatial shifts in affective salience across modalities,
effectively capturing the fluctuating importance of physi-
ological signals under varying emotional contexts. Such
adaptive mechanisms are particularly valuable for mental
health assessment, where the contribution of each modality
often varies with emotional intensity, stress level, or mental
disorder-specific traits (Guo et al. 2023; Wu et al. 2023; Ye
et al. 2025).

Beyond weighted fusion, DL-based fusion provide a more
expressive framework for capturing the nonlinear, hierar-
chical relationships between modalities. CNN-based fusion
effectively captures local and global spatial dependencies
in physiological signals. The spatial pattern is particularly
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advantageous for multi-electrode signals like EEG (Li et al.
2023; Zhang et al. 2022), where emotion-related activations
often exhibit regional specificity. For example, TSception
(Ding et al. 2022) employs parallel multi-scale 1D convolu-
tions to extract global EEG patterns and hemisphere-specific
features, facilitating emotional representation related to dif-
ferent brain spatial regions. LSTM-based fusion incorpo-
rates temporal memory to capture long-range dependencies
and intra-modal dynamics. Kuang et al. (2024) introduce
an LSTM Multi-source Fusion Network (LMFN) that
integrates peripheral physiological signals by selectively
retaining historical patterns through gating mechanisms.
This design is well-suited to modeling affective transitions
reflected in gradual physiological responses, such as GSR
and HRV activities. GNN-based fusion introduces struc-
tural priors by modeling inter-channel relationships through
graph topologies. In EEG-based affective tasks, each elec-
trode is treated as a graph node, with edges reflecting spa-
tial or functional connectivity. Studies such as Chen et al.
(2022); Pan et al. (2024) leverage such topologies to learn
emotional patterns embedded in the spatial organization of
neural signals, enabling more structure-aware fusion. Fea-
ture-level fusion can streamline data through feature selec-
tion, which not only retains essential information but also
significantly reduces computational complexity. Obviously,
careful design of the feature selection strategy is critical to
prevent the loss of crucial information and to ensure effec-
tive feature fusion from different modalities.

6.3.3 Decision-level fusion

Decision-level fusion emphasizes the independent classifi-
cation of different modalities, followed by the combination
of these classifications to derive a final decision. The typical
approach is statistical-based fusion, such as majority voting
mechanism (Hu et al. 2024), which mitigates the impact of
noisy or less reliable modalities by relying on consensus.
This is especially effective in depression recognition where
individual signals may respond differently to affective stim-
uli. Beyond simple voting, Zhao et al. (2021) apply Bayesian
optimal cue integration to weigh classification results based
on class separability and probability confidence. This proba-
bilistic modeling allows the system to dynamically select
the most reliable modalities under emotional ambiguity. In
addition, Liu et al. (2017) propose a Weighted Fuzzy Demp-
ster-Shafer fusion, applying intuitionistic belief assignment
to address ambiguous affective information across modali-
ties. Stacking-based fusion (Rahman et al. 2022) further
advances decision-level strategies by training a meta-learner
to combine outputs from heterogeneous base models. In
affective tasks, this allows leveraging complementary tem-
poral or spectral insights captured by different classifiers,
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thereby improving generalization across emotional states.
Weighted decision fusion adds granularity by assigning
adaptive weights to each prediction based on modality-spe-
cific confidence. Guo et al. (2022) train separate models on
time-domain and frequency-domain features, while Li et al.
(2020) predict final emotion with variable weight based on
the probability of emotional output of modalities. Overall,
decision-level fusion emphasizes synergy among classifiers,
effectively mitigating modality inconsistencies and enhanc-
ing system performance.

6.3.4 Hybrid fusion

Hybrid fusion integrates multiple fusion strategies across
levels or methods, to exploit their complementary strengths.
For example, Zheng et al. (2023) address the temporal and
semantic complexity of emotion-related signals by jointly
employing TCN and knowledge graph networks on a uni-
fied multi-modal input. A task-driven attention mechanism
and gating module are introduced to adaptively fuse fea-
tures, effectively capturing both local temporal patterns and
global contextual relationships. Zhu et al. (2022) tackle the
subtlety of mild depressive states by combining EEG and
Eye Movement features through a Deep Belief Network,
followed by a meta-classifier. This layered architecture
enables hierarchical learning of discriminative emotional
cues while mitigating overfitting. Fu et al. (2024) enhance
fine-grained affective discrimination by segmenting and
reweighting eye movement features via concatenate-and-
weighted fusion, improving sensitivity to subtle emotional
fluctuations. Hybrid fusion provides a flexible solution for
integrating complex and heterogeneous modalities, out-
performing single-level or single-method approaches. By
combining diverse fusion strategies, it enhances model
robustness and accuracy, making it more suitable for differ-
ent affective applications.

7 Discussion and future direction
7.1 Domain shift: overcoming domain boundaries

Cross-domain issues in mental health diagnostics pose sub-
stantial challenges due to distribution shifts across datasets,
subjects, and physiological modalities, which impair model
generalization to unseen domains. To mitigate this, numer-
ous approaches address try to address the challenge. A deeper
analysis indicates that the core objective of these approaches
remains the capture or isolation of domain-invariant fea-
tures. These frameworks essentially treat domain-specific
traits as negative transfer factors that hinder generaliza-
tion. Some research in computer vision explores how these
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heterogeneous features contribute to target domain predic-
tion (Yao and Doretto 2010). In the context of mental health
assessment, we hypothesize that domain-specific features
contain rich physiological dynamics rather than mere noise,
yet this perspective remains largely under-explored in the
field of mental health assessment. Current research typically
focuses on isolating domain-invariant traits while overlook-
ing the potential utility of domain-specific information.
Consequently, the development of advanced frameworks
such as disentangled representation models to leverage
these specific features for cross-domain tasks represents a
highly promising but untapped research opportunity.

7.2 XAl interpreting modals for trust and
transparency

Current research in mental health assessment rarely incorpo-
rates interpretability at the model design stage. Instead, most
studies rely on external tools either before or after model
training, including visualizing data distributions to understand
emotional signal properties or analyzing correlations between
predictions and inputs to align results with known psycho-
logical theories, respectively. These methods remain coarse
and offer limited insight, as they typically provide only fea-
ture importance without revealing underlying decision logic.
Emerging post-hoc techniques for GNNs can provide richer
interpretability and can be applied to intricate sentiment analy-
sis. For instance, SubgraphX (Yuan et al. 2021) identifies high-
order predictive subgraphs via Shapley values, GraphLIME
(Huang et al. 2022) offers sparse feature-level explanations,
and XGNN (Yuan et al. 2020) synthesizes prototypical graphs
to reveal global decision logic. These tools capture structural
interactions, nonlinear dependencies, and model-wide pat-
terns, offering deeper insights for complex affective data.
However, such methods still operate externally. Some inter-
pretable architectures in vision, such as NBDT and CLIP (Wan
et al. 2020; Radford et al. 2021), integrate symbolic reason-
ing and semantic alignment directly into the model, offering
a promising design paradigm for mental health assessment.
Meanwhile, Large Language Models (LLMs) show potential
in generating semantically meaningful explanations and have
been applied to mental state inference from media platform
(Xu et al. 2024; Hu et al. 2026). Extending their reasoning to
physiological signals may offer transparent multi-modal inter-
pretations for users and clinicians.

7.3 Multi-modal fusion: fusing diverse modalities
for robustness

Multi-modal fusion has become a cornerstone in physiologi-
cal signal-based mental health monitoring, enabling the inte-
gration of heterogeneous physiological modalities to derive

complementary feature representations. While substantial
advancements have been made, some obstacles remain. For
instance, missing data and incomplete modalities constitute
a pervasive and critical challenge, particularly in the field of
ubiquitous computing. Real-world applications frequently
encounter issues such as sensor detachment, hardware mal-
functions, and transmission losses. These unpredictable fac-
tors severely degrade the performance of traditional fusion
models that rigidly rely on complete multi-modal inputs.
Therefore, shifting the research focus toward robust multi-
modal fusion under severe modality-missing scenarios holds
paramount importance for practical deployment. To address
this problem, future research can explore cross-modal gen-
erative frameworks to dynamically reconstruct missing
physiological signals by integrating the latent correlations
among available modalities or by leveraging advanced data
generation methods such as GAN and Diffusion (Yi et al.
2024). Additionally, developing modality-agnostic network
architectures through techniques like knowledge distilla-
tion enables models to maintain resilient affective repre-
sentations (Pan et al. 2024). These strategies ensure reliable
mental health monitoring even when systems operate under
dynamic and unpredictable sensor configurations.

Recently, the emergence of LLMs and foundation models
has introduced a promising new direction for multimodal
physiological computing. Unlike conventional fusion
frameworks that mainly rely on feature concatenation or
attention-based alignment, LLM-driven architectures enable
semantic-level integration across heterogeneous physiologi-
cal modalities and language representations. Recent studies
have explored the use of multimodal LLMs for EEG-based
mental health assessment and physiological signal under-
standing, demonstrating the potential of foundation mod-
els in cross-modal reasoning, signal reconstruction, and
multimodal affective analysis (Hu et al. 2024; Thapa et al.
2025; Shen et al. 2026). In particular, LLM-based genera-
tive frameworks may provide a unified solution for missing
modality reconstruction, semantic alignment, and dynamic
multimodal interaction by leveraging large-scale prior
knowledge and contextual modeling capabilities (Hu et al.
2025). Therefore, integrating foundation models with physi-
ological signal fusion is expected to become an important
future research direction for robust and intelligent mental
health assessment systems.

8 Conclusion

Al holds transformative potential in physiological signal-
based mental health assessment, but its interdisciplinary
nature presents both theoretical and practical challenges.
In this review, we provide an extensive review of the
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application framework for physiological computing and Al
in mental health assessment, focusing on three core affec-
tive contexts: emotion recognition, stress response, and
mental disorder diagnosis. We discuss the representation
of related features for multi-modal physiological signals,
incorporating both specialized and portable signals, and
introduce key public datasets relevant to these contexts.
Meanwhile, we also examine the application of fundamental
Al models, encompassing ML and DL techniques. Build-
ing on this foundation, the paper addresses current chal-
lenges, such as domain shift, model interpretability, and
multi-modal fusion, offering corresponding solutions. It is
worth noting that the broader field also faces other critical
challenges, such as Al ethics and data privacy and security.
Although these issues are equally significant for clinical
translation and real-world deployment, a detailed discus-
sion of them falls outside the scope of this review. Moving
forward, future research should prioritize overcoming the
generalization bottleneck caused by domain dependency,
advancing interpretable decision-making systems, and
exploring dynamic and effective mechanisms for coupling
multi-modal data. Ultimately, this review provides valuable
theoretical insights and methodological guidance, laying
the groundwork for the development of reliable, robust, and
deployable Al-driven systems for mental health assessment.
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