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ABSTRACT

Multimodal emotion recognition Multimodal physiological and behavioral emotion recognition is of critical
importance in affective computing, human-computer interaction (HCI), and mental-health analytics.
However, current deep learning models generally do not take modalities into account (disregarding their
causal and temporal inter-dependencies) and ignore personality-based variability that is essential to realistic
affect modelling. To address these shortcomings, the given paper proposes CausalGraph-EmotionNet, a
personality-conscious causal graph transformer, which combines Neural-ODE-based temporal evolution
with causal attention-assisted multimodal fusion. The AFFECT data of each modality (EEG, electrodermal
activity, facial activity, eye gaze, pupil dilation, and cursor movement) is modeled as a dynamic causal
graph the time-varying connectivity of which reflects time-varying functional and directional interactions.
The merged embeddings are optimized by personality-conditioned causal attention systems, which allows
making individualized and interpretable inferences about emotions. Large-scale experiments on the AFFET
dataset indicate that CausalGraph-EmotionNet has 84.6% accuracy and 80.8% macro-F1, outperforming
CNN, RNN, GCN, Transformer and PhysioGraph-Transformer. The model significantly enhances the
identification of more complex affective conditions like fear and disgust, it is resilient to a 40% loss in
modality and has interpretable causal maps that bridge personality dimensions and modality salience. The
findings make CausalGraph-EmotionNet a state-of-the-art, explainable and causally motivated architecture
of multimodal emotion recognition - a unification of data-driven learning with psychologically relevant
causal inferences.

Keywords: Affective Computing, High-Level Resources, Emotion Recognition, Causal Graph Transformer,
Neural ODE, Personality-Sensitive Fusion, Multimodal Learning, Explainable Al
Physiological Signals AFFEC Dataset.

1. INTRODUCTION action units provide strong cues to indicate

underlying autonomic and neural processes [2].

The key factor to affective computing is emotion
recognition, which allows intelligent systems that
understand and react to human affective states in
real time. It has been used in fields of personalized,
mental health monitoring, human-computer
interaction (HCI), and personalized learning
environments, in which physiological and
behavioral cues can give objective data on
emotional condition [1]. Unlike facial/vocal
expression which can be voluntarily controlled,
multimodal  physiological signals such as
electroencephalography  (EEG), electrodermal
activity (EDA), eye gaze, pupil dilation, and facial

In spite of this promise, there exist three endemic
challenges that limit the existing approaches based
on deep-learning [3]. First, current architectures
tend to make architectural models that are
individualistic to each modality without considering
cross-modal causal dependencies which found
coherent affective states [4]. Second, emotional
responses evolve in a continuous manner with time;
therefore, architectures that do not predict via
dynamic time windows (e.g., CNNs or RNNs) are
not able to predict non-linear time evolution and
feedback across modalities [5]. Third, emotion
perception and expression are dependent on the
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personality traits of an individual, but most of
multimodal pipelines make subjects homogeneous
[6]. By definition, therefore, models often overfit
dominating modalities and do not perform well
when it comes to capturing minor or complex
emotions like fear or disgust [7].

Latest developments in  graph-based and
transformer-based designs have enhanced spatial
and relational modelling [8]. Graph neural networks
(GNNs) are sensor topology, but they usually use
adjacency matrices that are not dynamic, which
does not consider directional causal effects [9].
Transformers are capable of capturing long-range
time-dependencies well, but do not have causal
reasoning or continuous time transitions [10].
Simultaneously, causal graph learning [11] or
Neural Ordinary Differential Equations (Neural-
ODEs) and multimodal contrastive learning [12]
have also offered plausible ways forward in
explainable and temporally consistent affect
modelling. However, there is no previous paradigm
that combines these paradigms in a causally based,
personality-conscious temporal graph transformer
[13].

The paper concentrates on multimodal emotion
recognition basing on simultaneous physiological
and behavioral markers that have been measured
under controlled experimental settings. The
causalgraph-emotionNet  suggested is strictly
intended to capture continuous-time dynamics in
emotion, causal interactions between modalities in
a directed way, and personality-related
inconsistency in emotional expression. The study is
confined to six prevalently investigated discrete
categories of emotions, which include the
following: happiness, sadness, anger, fear, disgust,
and surprise, through the application of EEG,
electrodermal activity, facial activity, eye gaze, and
pupil dilation as well as the cursor movement that
are accessible in the AFFECT dataset.

The proposed solution is based on a number of
established assumptions in affective neuroscience
and multimodal learning [14]. It is based on the
assumption that the interaction between the neural,
autonomic, and behavioral systems is coordinated
but asymmetric and can be approximated by a
directed causal graph estimated with the help of the
data. Second, Neural-ODE formulation presupposes
that emotion dynamics can be smoothly continuous
with time, and interpolate the discrete observation
windows. Third, the personality-conscious fusion
module supposes that personality traits that are
stable trigger the relative significance of various
modalities, which causes emotional expression and

perception. These are assumptions that are in
agreement with previous psychological and other
physiological studies and are empirically confirmed
in this paper by ablation and interpretability
degrees.

This work has a number of limitations, in spite of
its good performance. First, the model is tested on
the AFFECT dataset which, even though being
multimodal and well-annotated, is also obtained in
a laboratory environment; thus, the generalization
to real-life and unconstrained conditions is yet to be
explored. Second, the causal laws acquired by the
model are statistical and data-based and not
experimentally tested causal laws but must be
understood as causal hypotheses and not as
physiological causation. Third, the framework is
based on the synchronized multimodal input; the
robustness to the missing modalities is shown, but
the performance might be impacted by the strong
noise of the sensors or the absence of any modality.
Lastly, the discrete emotion classification that is the
subject of the current study does not model
continuous affect dimension like valence and
arousal, which may be part of future extensions.

CausalGraph-EmotionNet is a narrow contribution
within  these established assumptions and
constraints by combining causal graph reasoning,
continuous time, Neural-ODE dynamics with
personality-aware attention into one explainable
framework. This positioning explains the desired
level of applicability and a strong basis to consider
in future efforts on actual application, longitudinal
tracking of emotions and clinically oriented
affective modeling. The main contributions can be
summed up in the following fashion:

Nevertheless, the theory of causal graphs via
dynamic causal encoding (DCE):

Active influence between channels is dynamically
recorded with each modality of the AFFECT
dataset (EEG, EDA, facial landmarks, eye gaze,
pupil, and cursor) in a time-varying causal graph,
with directed edges.

Neural-ODE Temporal Modelling:

A Neural-ODE mechanism evolves causal node
embeddings, which consider the changes in
emotions over continuous time.
Personality-Conscious Inter-Modal Fusion:
Causal attention weights are modulated with
personality embeddings to allow personalized and
adaptable inference of emotions as is appropriate
with individual characteristics [15].

Multimodal predictions that are explainable:
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The architecture is able to predict perceived and
observed emotions jointly, obtaining causal
attention map which gives the relationship of
modality relevance and personality [16].

The applicability of the proposed framework is
justified by numerous experiments on the AFFECT
dataset, which present 84.6% accuracy and 80.8%
macro-F1, which is better than the state-of-the-art
CNN, RNN, GCN, Transformer, and PhysioGraph-
Transformer models [17]. In addition to
quantitative performance, the model is resilient to
loss of partial modality as well as has causal
interpretability, a milestone towards human-
centred, explainable, and causally based affective
computing [18].

The main objective of this research is to devise an
interpretable, causally based and personality
consciousness multifaceted emotion recognition
framework that can appropriately describe how
emotions continuously change over time and
directed interdependence of  heterogeneous
physiological and behavioral clues. Through this,
the study aims at enhancing recognition accuracy of
both dominating and subtle emotional states in
addition to giving interpretable results on the
mechanisms of how emotions are manifested across
modalities and personality characteristics [19].

In a bid to be objective in evaluating the efficacy of
the proposed framework, this research uses various
quantitative and qualitative outcome measures. The
major outcome measures will be the classification
accuracy and the macro-F1 score in the perceived
and observed emotion recognition tasks, where the
balance in the evaluation of emotion classes is
achieved. The performance loss due to ablation is
employed as an outcome measure to measure the
contribution of each architectural component, and
causal attention visualizations, Neural-ODE
temporal trajectories, are also outcomes measures
used to measure interpretability and physiological
plausibility.

This study is novel, as it is the first time to involve
the dynamic causal graph learning, Neural-ODE-
based continuous-time modelling, and personality-
conditioned multimodal fusion to identify
emotions. In contrast to the earlier graph-based or
transformer-based algorithms that are based on the
undirected or fixed connectivity, the suggested
model learns the time-varying directed causal
relationship within and between modalities
explicitly. Integration of personality traits in causal
attention processes also makes this work unique as
it allows individual and explainable inference of

emotions, which is mostly lacking in current
multimodal affective computing models.

By using well-specified outcome measures and
specific experimental validation, this paper shows
that the proposed framework does not only bring
about the state-of-the-art performance
improvements, but also offers mechanistic
interpretability in line with the principles of
affective neuroscience [20]. The work enhances
emotion recognition by promoting prediction
accuracy to scientifically interpretable and human-
friendly affect modeling by establishing causal
pathways (i.e., autonomic-to-cortical-to-behavioral
flows) and personality-based modality salience.
This location makes a clear distinction between the
present multimodal learning strategies and the
previous ones and presents the study as a
methodological and empirical contribution.

Research Hypothesis

Based on the identified research gaps, theoretical
foundations in affective neuroscience, and recent
advances in multimodal deep learning, this study
formulates the following research hypotheses to
guide model design and empirical validation.

H1: [Incorporating dynamic, directed causal
relationships among multimodal physiological and
behavioral signals significantly improves emotion
recognition performance compared to correlation-
based and static graph-based models.

H2: Modeling emotional dynamics using Neural-
ODE-based continuous-time representations yields
superior temporal coherence and classification
performance compared to discrete-time CNN-,
RNN-, and transformer-based architectures.

H3: Personality-conditioned attention mechanisms
significantly ~ enhance  multimodal  emotion
recognition by adaptively re-weighting modality
importance across individuals.

H4: Causal redundancy introduced through
directed  inter-modal  relationships  improves
robustness and resilience of emotion recognition
systems under partial modality loss.

HS: The learned causal attention patterns and
temporal trajectories produced by the proposed
framework are consistent with known affective
neuroscience principles and provide meaningful
interpretability beyond predictive accuracy.

360



Journal of Theoretical and Applied Information Technology ~
31 January 2026. Vol.104. No.2 ~

© Little Lion Scientific a ———

SMminl

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

2. RELATED WORK

2.1 Multi-modal Recognition of Emotions based
on Physiological and Behavioral Cues.

Classification tasks that try to assign a specific
emotion category to a mixture of various
heterogeneous input data, such as multimedia
signals and physiological signals, are the primary
focus of most existing multi-modal emotion
recognition investigations. The development of
mixed-emotion recognition to recognize a mixture
of fundamental emotions is being driven by a
growing body of psychological evidence that
demonstrates various discrete emotions can coexist
at the same time. F. Liu et al. [1] presented
EmotionDict, a multi-modal mixed emotion
recognition framework, with a focus on the difficult
case of concurrently given positive and negative
feelings. To detangle the mixed emotion
representations, an emotion dictionary was created.
It takes a shared latent space, a set of basic emotion
elements, and their corresponding weights to create
a weighted sum.

Because it draws on both behavioral and
physiological data, multi-modal emotion detection
is becoming more popular in the field of human-
computer interaction. Uncertainty in emotion
recognition, including heterogeneity and
inconsistent predictions across distinct modalities,
is more likely to affect multi-modal fusion methods
than single-modal approaches. Traditional multi-
modal methods fail to account for the reveal of
dynamic variances in the emotional process and the
systematic modeling of uncertainty in fusion. Q.
Zhu et al. [2] presented a novel approach to
emotion detection using a dynamic confidence-
aware fusion network. This network can effectively
recognize a wide range of heterogeneous
information, such as EEG and facial expressions.
As a first step in aligning the diverse emotion traits,
the author created a self-attention based multi-
channel LSTM network.

One important aspect of automated instantaneous
assessment of positive and negative affects (PA and
NA), the fundamental emotions is its ability to
detect the early indicators of mood disorders. Such
continuous and automatic measurements may soon
be possible with the help of machine learning and
physiological wearable sensors. Nevertheless, it is
possible that the characteristics of the physiological
signals linked to the PA or NA reported by the
subjects are unknown. Here, M. D. Hssayeni et al.
[3] explored the potential of raw physiological
signals for PA and NA estimation using data-driven

feature extraction based on deep learning. Two
deep Convolutional Neural Network—based multi-
modal data fusion algorithms are specifically
proposed here. Estimating PA and NA and
classifying baseline, tension, and amused emotions
are all accomplished through the use of the
suggested architecture.

2.2 Structured Physiological Signals with Graph
Neural Networks.

When building brain networks, it's important to use
proper thresholds to avoid topological deterioration
or noisy connections. Unfortunately, there is
currently no gold standard for threshold selection.
Consequently, when it comes to detecting brain
networks, graph neural networks (GNNs) have
issues with overfitting and poor robustness. In
addition, most of the previous research has
concentrated on connections that are very tightly
linked, ignoring the wealth of data from other
complex systems that shows how valuable weakly
coupled connections may be. This means that
loosely linked brain networks have unrealized
potential. W. Xue et al. [4] build weakly linked
brain networks for the first time and test their
usefulness in emotion recognition experiments.
Afterwards, we provide a sparse adaptive gated
GNN (SAGN) that can understand the useful
architecture of dual-view brain networks (i.e., those
with strong and weak coupling). In the SAGN there
is an adaptive global receptive field that is sparse.
Also, SAGN uses a gated method that can
adaptively suppress noise and improve features. To
compensate for SAGN's huge capacity and absence
of inductive bias, we add a graph regularization
term based on the previous topology of dual-view
brain networks to improve generalization. In order
to confirm the SAGN's performance and assess the
value of weakly coupled brain networks, we
constructed a bespoke dataset (MuSer) with 60
participants in addition to the publicly available
SEED dataset.

Research into how people's emotions and
physiological signals change in response to
multimedia stimulation is a relatively new but
rapidly developing area of study. Nevertheless, a
few obstacles remain: 1) The best way to make use
of the compatibility between data in the spatial,
spectral, and temporal domains. 2) The best way to
make use of the correlation and heterogeneity
among multiple physiological signals at once. 3)
Methods to strengthen the model's ability to handle
missing channels. 4) A procedure for simulating the
interdependence of many emotions. A new
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Problem Statement
Recent advances in multimodal emotion

recognition have demonstrated that combining
physiological and behavioral signals such as EEG,
electrodermal activity, facial expressions, and eye
movements can significantly improve affective
state inference compared to unimodal approaches.
State-of-the-art methods based on deep learning,
including CNNs, RNNs, graph neural networks,
and multimodal transformers, have achieved
notable performance gains by learning complex

cross-modal  representations. However, most
existing frameworks fundamentally rely on
correlation-based fusion mechanisms, which

capture statistical associations but fail to model
directed cause—effect relationships  between
modalities, limiting their interpretability and
robustness in real-world affective scenarios (Liu et
al., 2024; Zhu et al., 2024; Jiang et al., 2020).

A critical limitation of current approaches is their
inability to explicitly represent the dynamic and
asymmetric interactions between neural,
autonomic, and behavioral systems that underlie
emotional processes. While graph-based models
attempt to encode structural relationships, they
often use static or weakly dynamic adjacency
matrices, which do not reflect the evolving nature
of emotional responses over time (Xue et al., 2025;
Wang et al., 2025). Similarly, transformer-based
models excel at capturing long-range dependencies
but operate in discrete-time settings and lack
mechanisms for continuous emotional evolution,

leading to fragmented temporal representations
(Tsai et al., 2019; Song et al., 2020).

Another major gap in the literature is the systematic

neglect of individual personality traits in
multimodal emotion modeling. Psychological
studies  consistently show that personality
influences how emotions are experienced,
expressed, and perceived; however, most
computational models treat all subjects as
homogeneous, resulting in biased modality

dominance and reduced generalization across
individuals (Diaz-Garcia et al., 2020; Fang et al.,
2023). As a result, existing systems struggle
particularly with subtle or physiologically driven
emotions such as fear and disgust and exhibit
performance degradation under missing or noisy
modalities.

Based on the above problem formulation and gaps
identified in recent literature, the objectives of this
study are defined as follows:

» To model directed and time-varying causal
relationships within and across multimodal
physiological and behavioral signals for
emotion recognition.

» To capture continuous-time emotional
dynamics  using  Neural-ODE-based
temporal evolution, overcoming
limitations of discrete-time deep learning
models.

» To incorporate personality traits into
multimodal fusion, enabling individualized
and adaptive emotion inference.

» To improve recognition performance for
complex and subtle emotions, particularly
those dominated by physiological
responses.

» To enhance model interpretability and
robustness, especially under partial
modality loss, through causal attention and
structured learning.

Research Questions

To achieve these objectives, the study is guided by
the following research questions:

1. RQI: Can dynamic causal graph modeling
improve multimodal emotion recognition

363



Journal of Theoretical and Applied Information Technology ~
31% January 2026. Vol.104. No.2 N

© Little Lion Scientific a ———

SMminl

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

performance compared to correlation-
based fusion and static graph approaches?

2. RQ2: Does continuous-time modeling
using  Neural-ODEs  better  capture
emotional evolution than discrete temporal
architectures such as CNNs, RNNs, and
transformers?

3. RQ3: How does personality-aware
attention influence modality importance
and emotion recognition accuracy across
different individuals?

4. RQ4: To what extent does causal modeling
enhance robustness and resilience under
missing or degraded modalities?

5. RQS5: Can the learned causal attention
patterns provide physiologically and
psychologically meaningful explanations
aligned with affective neuroscience?

3. METHODOLOGY

3.1 Architectural Overview

The paper is conducted in an identical procedure
based on the AFFECT data of synchronized EEGs,
EDAs, facial movement, eye gazes, pupil dilation,
cursor movement, and Big-Five personality profiles
on 120 participants in six emotion categories. All
signals were denoised, z-score normalized, time-
warped, and partitioned into five-second windowed
stips  (overlapping), train/validation/test splits
(80/10/10) were done subject-independently. A
sparse directed dynamic causal graph was estimated
(using functional similarity and asymmetric
attention) to encode directional influence between
each of the modalities and time windows. Graph
transformer encoders were used to create modality
embeddings, and these were developed in
continuous time with a Neural-ODE (Dopri5
solver) to make smooth time dynamics. The
representations of modality were temporally
concatenated through personality-conditioned cause
attention and transmitted to dual softmax heads to
predict perceived and observed emotions. The end-
to-end model was trained using a multi-task cross-
entropy loss with causal sparsity and temporal
smoothness regularization and trained using
AdamW (learning rate 3x10** batch size 64) and
early stopping on validation macro-F1. It was
evaluated based on accuracy, macro-F1, per-class
analysis, ablation studies, modality loss robustness,
the test of statistical significance over CNN, LSTM,

GCN, Transformer, and PhysioGraph-Transformer
baselines.

Fig. 1 depicts CausalGraph-EmotionNet. Six
synchronized input streams from AFFEC, EEG,
EDA, Facial AUs/Landmarks, Eye-gaze, Pupil, and
Cursor, are fed into modality-specific causal graph
encoders. Each encoder (i) constructs a time-
varying directed graph whose edges reflect
functional influence within the modality, and (ii)
applies a graph transformer to obtain node
embeddings. These embeddings are then evolved in
continuous time by a Neural-ODE temporal module
to capture smooth emotional trajectories and handle
irregular  sampling. The resulting modality
embeddings are fused via personality-aware causal
attention, producing a shared fused representation
used by two parallel heads to predict perceived and
observed emotions. The model is trained end-to-end
with a multi-task objective plus causal and
stabilityregularises.

OE]

Personality
Traits

Dual Emotion |

oL

.
Causal Graph
Encoders

FACal

v \<\‘ Outputs
ctivity |
3

Eye Gaze @_ “‘ |
. Causal FasiorL ‘ Perceived

Pupil _/\/L .
Dynamics

Neural-ODE
N Temporal
Cursor [£ ) | 4
Motion L “% y Moceling Observed

Multimodal Inputs

Fig 1: CausalGraph-EmotionNet Architecture

3.2 Data and Preprocessing
Sample index i=1,...,N time index t=1,...,

T. We denote:

. XFEC e BT, C_= 63

. XEPA € RS *T (40 features incl.
temperature/accel)

. xFe== ¢ REF*T (AUs/2D-3D
landmarks)

o X;E}'E € RS*T, XE_PHPH e RS T

. X!:ursu:-r € ]El‘_'c.xl"

Multi-, sub-, and interchannel, Band-pass/denoising
(e.g. EEG: 0.5-45 Hz), Z-score normalization,
artifact rejection (optional) and segmentation
(length Twith overlap).Min-max normalized
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personality vector (as Big-Five)p; € Rris
embedded.

3.3 Dynamic Causal Graph Construction:

For each modality m € { EEG, EDA, Face, Eye,

Pupil, Cursor }, define a time-varying directed
graph

Gl = (VLEM) IV = G

Given windowed features X € R“m *L (local
window of length ), we compute a causal affinity
matrix

A7 = adgn. (X7) + (1 — @)Dy, (X7),
where @ is functional similarity (e.g.,
Pearson/cosine/coherence) and

((xrwg )X we )

Oy 07 = stins | )

. v dg
is a learnable attention-based dependency. To
induce directionality, we apply an asymmetric
Granger-style filter or attention skew:

A7 = TopK(ReL[ 17" —A77)) + 1,

producing a sparse directed adjacency having self-
loops. TopK node k best out-going edges.

3.4 Causal Graph-Transformer Encoding:

The d-dim node states are supposed to have channel
features:
H;”s'x'}:' — X;.ﬂ H’EH + 11}51_ £ [REm>d

With directedA}", a graph-based multi-head
attention layer calculates

. i
m, i)
. . =

windows among the fz models are intuitively the
latent emotional flow. We then We set
U:n = Fm fﬂ
as the continuous time refined representation of
modality.
3.6 Causal Cross-Modal Fusion Personality
Conscious
We embed personality:
z, =W,p; +b, € R*
Stack all M=6 modality
vectors
[EEEG . EEDA . ﬂrF&{:e . ﬂrE}'e . ﬂrPupil . ﬂrCursu:-r:I
We calculate personality-conditioned causal fusion:
(OW, + 1z W) (OW )T -
i p_c K
uw;,

—
V dy

and row-wise (e.g. attention pooling) combine to
€ R®. The additive
term 12; W. changes query biases due to
personality re-weighting modality influence.

A‘tm[ﬂ’;zp) = soﬁmmx(

obtain a fused vector IJ;

s

3.7 Dual Emotion Prediction (Perceived and
observed)
is-

f1== are two parallel heads which are mapped to 6-
class distributions:

_-!f;p L= Sof-mmx[ﬂgm Ugeo T bpm )-'-!}Dhs = Softmax (W, L

a1

3.8 Objective and Regularization of training.

TOME O OMLTOMN ( : i- - :
exp ({rl:: )w;,”‘ ))-(h’."' )w;" )J Ad, + B I[Am(, j) Miylji-task cross-entropy We use:

e }:k et PED Q]
where 2V; is the set of nodes connected to node i.
Node updates:

mJh) _ mik) f,m (k) om(R) m(1) _ ~mh)
ﬁ’:‘,r = Z @ . {JL}.I W, }, H, = Concat,, (fgauml}ld_!g”

jeat
H[™ = the combination of S piled with
residual+FFN.

3.5 Neural-ODE Continuous-Time Temporal
Evolution:

To train the modality embeddinglJ[™ (which is
attentive pooling of nodes in H™ ) we use a
Neural-ODE:
™

dzrf-r(rj — fg (zm [rj’ Ij’Zm (tl}j — U;:

integrated with an integrator of ODEs (e.g.
RK4/Dopri5) on [[£5, t4] ] to produce Z™ (t,).
The latent emotional flow through successive

Iuis =4 i”- (}Fp;re !ﬁp;re ) + AZCE(}Fnhs !.{Fnhs )
We also penalize a causal sparsity, as well as
temporal smoothness to promote stable directed
structure:

(AT, + yllAT — A7 L)

m.E
A contrastive stabilization may also be used,

identifying modalities at the same time

period:
2 l"l:Um Un:l."lf:'
r _ _EI, IDg exp WHy Uy -
comt (mn) En' exp [l:Ugn_.U;]-' | .-"1"}
Final loss:

L= L{ls + ﬁ"“:causal + ﬂ"“:c ont

3.9 Algorithm 1 - CausalGraph-EmotionNet
(Training)
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labels ¥

Input: minibatch {X - } ¥pare +Yobs>

personality p..

k>

Output: trained parameters .

1. Filter, normalize, window the
modality. X" in real-time m in the order:
preprocess.

2. Causal Graphs:

computeA™;compute A directed
sparsely,using asymmetry + TopK.

3. Graph-Transformer: retrieve node
statesH " and shared modality vectors U™

4. Neural-ODE: integrate
2zm
— = fa(Z™,t)betweent — 1 — tan
d toobtainlJ™.
5. Personality Fusion: injectZ; calculate

Attn [f_}, z, )and fuse to U, .. .

-

6. Heads: compute ¥p.00 » 3 ghs -

7. Loss:
L= "ccls + J‘g"!:{:ausal + ?F*Ec ont *

8. Update: @ « @ — pV gl
(AdamW).
9. Repeat until all minibatches/epochs

are sampled with masked attention in case
of missing modalities as well as modality
dropout in case of strength.

4. EXPERIMENTAL ARRANGEMENT AND
FINDINGS

4.1 Dataset and Preprocessing

The AFFECT dataset which had synchronized
multimodal recordings of six categories of emotion
happiness, sad, anger, fear, disgust, and surprise of
120 participants was experimented with.

EEG (63 channels, 256 Hz), EDA (40 features),
facial landmarks (2D/3D AUs), eye tracking (16
gaze features), pupil dynamics (21 features), and
cursor movement (4 features) are also included in
every session together with Big-Five personality
profiles [19]. The signals were denoised,
normalized, and divided into 5-second long
windows, 80 percent of the samples were used to
train the model, 10 percent to validate, and 10
percent to test, making sure that there were subject-
independent folds [20].

4.2 Training Configuration

Each of the models was trained using PyTorch and
AdamW(learning rate = 3 x 107, batch size =
64).Graph and Transformer models were trained
with hidden size = 128, 4 heads, 3 layers.

The Neural-ODE solver was based on Adaptive

Dopri5 integration.
Regularization: § = 0.1 (causal sparsity), n = 0.05
(contrastive  stability),  dropout = 0.3.

This was trained in 120 epochs and with early-
stopping based on validation macro-F1.

4.3 Evaluation Metrics

We also report Accuracy (Acc), Macro-Fl,
Precision, Recall, and Area Under Curve (AUC) of
both perceived and observed emotion tasks. Paired
t-tests were used to test significance ( p<0.01).

4.4 Overall Performance

Obser
ved
(Acc)

Obser
ved
FD

Percei | Percei
ved ved
(Acc) (F1)

Model

CNN
(Early
Fusion)

68.9 64.7 67.5 63.4

LSTM
(Tempora

D

70.2 66.1 68.7 65.3

GCN
(Static
Graph)

72.4 68.3 70.1 66.9

Transfor
mer (No
Graph)

74.1 70.5 71.8 68.2

PhysioGr
aph-
Transfor
mer [Prev
Work]

79.8 76.2 78.4 74.9

CausalGr
aph-
Emotion
Net
(Ours)

84.6 80.8 83.1 79.2

Observation:

CausalGraph-EmotionNet performs better than all
the baselines by= 4 — 6 % FI1, confirming the
interaction between causal-graph encoding and
Neural-ODE temporal evolution.
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4.7 Impregnability to Missing Modalities.
Missi PhysioGra CausalGra
n Transfor h-Trans ph-
g mer F1 P * | EmotionNe
Rate F1
tF1
0% 70.5 76.2 80.8
20% 65.8 73.4 78.1
40% 58.7 68.9 74.2

Fi F1
.| F1 F1 . (CausalG
Emoti (CN | (Transfo (PhysioG raph-
on raph- .
N) rmer) Trans.) Emotion
) Net)
Happi
78.5 83.4 87.2 89.1
ness
Sasdsne 652 715 76.8 81.3
Anger | 63.4 69 73.2 78.7
Fear | 59.1 65.9 71.4 77.6
Pietl 578 633 70.5 76.2
S“Sré’“ 746 | 795 84.7 88.9

Hidden Pattern 3 — Causal Resilience:

The directed edge framework facilitates cross-
modal redundancy; in case of gaze breakdown,
chances propagation-in propagation of cause
aspects, and EEG channels of pupil and EEG
channels of eye maintain work performance.

Hidden Pattern 1 — Cross-Modal Synergy:

Fear and Disgust record the greatest improvements
( +6-7 percent) as their neural and autonomic
responses (EDA + EEG frontal asymmetry) are
causally related to facial expressions.

Dominant
Personality Modalities Macro-F1
Type (Attention (%)
Weights)
Extrovert Face, Eye, Pupil 83.2
Introvert EEG, EDA 82.7
Conscientious EEG + Facial 84.1
Neurotic EDA + Pupil 81.5

4.6 Ablation Study

Configuration | Acc (%) 11\?/11:1::/:))- AF1
Fu(lg lfrg;iel 84.6 80.8 -
w/oONDeEral- 81.2 77.5 -33
w/oEggeg;sal 80.6 76.8 -4.0

w/o Persj,onality 8.1 782 -26

Fusion
Static Graph 793 75.9 —-49
only

Hidden Pattern 2 — Temporal Smoothness:

Eradication of Neural-ODE leads to irregular
emotion dynamics and swings in correlation of

EDA-EEG, which proves
continuous-time learning.

the necessity

of
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4.8 Causal Interpretability

The visualization of the causal attention (Fig. 5)
indicates that directed edges betweenEDA —
EEG(Frontal) and Pupil — Faceare dominant in
fear and surprise episodes, which is the bottom-up
arousal propagation in the literature of affective
neuroscience.

Hidden Substance S - Causal Direction
Authorization:

The directionality of the model learnt is consistent
with physiological causation autonomic arousal —
cortical processing — facial response which
makes it biologically plausible.
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: : . 000 Fig 5: Contribution Of Each Module (Ablation Study)
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Fig 2: Causal Attention Heatmap Among Modalities "
80
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I} 2
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=
E\ 0.2
% Disgust - 11
-g 0.0 -20
&
é Surprise - 11
5 02
' -0
—— tappiness —— Fear ]
25 —— sadness  —— Disgust s
—— Anger —— Surprise 2
Predicted Emotion
2 4 6 8 10
Time (5) Fig 6: Normalized Confusion Matrix-Perceived Emotion
Fig 3: Neural ODE Temporal Evolution Across Emotions Classification
Face

Pupil

Fig 7: Directed Causal Attention Flow between
Modalities

—— Extrovert
Introvert
—— Conscientious

Neurotic Cursor Figure 2 Causal Attention Heatmap
e  Preferred modalities depend on each other

Fig 4: Personality Conditioned Modality (EEG, EDA, Face, Eye, etc.)

Importance (Radar Plot)

e Clue: Greater causal effect as seen byEDA
— EEG and Pupil — Face, and
physiological flow of emotion.

Figure 3 Temporal Evolution of Neural-ODE.
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e Shows continuous smooth trajectories of
latent emotions in time.

o Insight: Fear and Sadness develop
gradually, Happiness and  Surprise
fluctuate fast - as expected of temporal
emotional regulation processes.

Figure 4 Conditioned Importance of Modality of
Personality (Radar Plot)

e Demonstrates the change in the
importance of modality depending on
personality type. Wisdom: Face-Eye
works better with Extroverts and EEG-
EDA internal states with Introverts.

Figure 5 Ablation Study (A Macro-F1)
e  Measures the contribution of the modules.

e Intelligence: The removal of causal edges
leads to a 4.0, 3.3, and personality fusion
correspondingly reduce F1, Neural-ODE,
and personality fusion, respectively, which
supports the presence of synergy between
modules.

Figure 6 Confusion Matrix
e Normalized
performance.

emotional-specific

Insight: Good performance of 84-87 happiness and
surprise with high diagonal, confusion between fear
and disgust vs. previous baselines.
Figure 7 Causal Attention Flow Graph

e Attention propagation directed graph.

e  Alcoholfacts: Insight: There is an evident
causal chain EDA — EEG — Eye —
Face — Cursor, which is a neuro-
autonomic-to-behavioural information
flow.

In order to critically analyze the suggested
CausalGraph-EmotionNet comparison with existing
multimodal emotion recognition systems, this
section will employ a PMI (Plus-Minus-Interesting)
analysis, allowing to make a systematic comparison
of strengths, weaknesses, and other interesting
notes concerning the recent state-of-the-art
approaches of CNN/LSTM-based fusion networks,
graph neural networks, transformer-based models,
and PhysioGraph-Transformer models.

One of the strengths of the suggested framework is
the fact that it explicitly models directed and time-
varying causal relationships between multimodal
physiological and behavioral signals. CausalGraph-
EmotionNet is better at modeling neuro-autonomic

dependencies by the macro-F1 scores ([?]4-6%),
especially in the presence of intricate affective
responses like fear and disgust, when it includes
dynamic causal graph and Neural-ODE temporal
evolution. In spite of these benefits, the complexity
of computation increases with the proposed model
compared to simpler fusion structures because of
causal graph building, Neural-ODE fusion and

personality-conditioned attention models. Even
though  PhysioGraph-Transformer and other
comparable models can achieve comparable

performance with reduced architecture complexity,
the synchronization of multiple modalities and
personality annotations of the proposed framework
can constrain its potential short-term use in data
sets that do not have this information.

One of the interesting discoveries made as a result
of the comparative analysis is that subtle and
physiologically motivated emotions including fear
and disgust are more easily supported by causal
modeling in comparison with expressive ones,
including happiness or surprise. Although some of
the past studies record a marginal increase in
classes, CausalGraph-EmotionNet demonstrates the
greatest advancements in the areas where
correlation-based ~ models  have  weakened.
Moreover, the personality-conditioned fusion
reveals systematic modality significance between
personality types, which is an area that is mostly
neglected in the literature. The other interesting
observation is the model being resilient to modality
loss where directed causal redundancy allows
performance to be maintained even at 40% of the
missing data, which is much better than transformer
and graph baselines that deteriorate rapidly. These
findings indicate that causal modeling and
personality-conscious modeling has advantages in
addition to accuracy, and adds to robustness,
personalization, and explainability.

5. DISCUSSIONS
5.1 Total Profits of the Causal-Graph Design
As it can be seen in Tables I-1I and Figures 4-5,
CausalGraph-EmotionNet shows a steady and
substantial improvement in performance compared
to CNN, RNN, GCN, Transformer, and
PhysioGraph-Transformer baselines.
Such a supremacy is due to three synergetic
processes:
e To support realistic neuro-autonomic
interactions, Directed Causal Encodings
(Fig. 4) are employed to allow the model
to be used to infer asymmetric information
flow across modalities (e.g., electrodermal

e ——
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activity has an impact on EEG activation
patterns) and neuro-autonomic
interactions.

e Continuous Neural-ODE Evolution (Fig.
5) guarantees smoothness along time and
the latent emotional trajectories avoiding
the fracturing nature of discrete step
recurrent networks.

e  Personality-Aware Attention Fusion The
modalities can be dynamically re-weighted
(Personality-Aware Attention Fusion, Fig.
6), to suit user-specific expressive
behaviors.

Combined, these innovations build up to the 5-7
percent absolute core-M1 advancement and
enhanced consistency of convergence processes
during instruction.

5.2 Emotion-Specific Dynamics

In the per-class analysis (Table II, Fig. 8), fear (7
percent-largest growth), and disgust (6 percent-
largest growth) performance increase is the most, as
these are less dependent on facial information than
on physiological information. Neural-ODE
trajectories have longer, low-frequency oscillations
with respect to fear and sadness and are associated
with prolonged sympathetic stimulation, whereas
happiness and surprise have high-frequency bursts
of oscillatory behaviour associated with brief
rebounds in parasympathetic activity. These results
are consistent with existing affective-neuroscience
data which shows that discrete affects reside in
different dynamical manifolds in physiological
space.

5.3 Conditioned Shifts in modality due to
personality.

The patterns of interpretable modality depend on

personality: radar-chart analysis (Fig. 6) reveals

these patterns.

e  Extroverts have higher weights of
causes to both facial and ocular
cues, such as  expressive
communication style.

e Introverts give more significance
to the internal modalities (EEG,
EDA), to which autonomic
expression is more important than
behavioral one.

e In neurotic persons, there is a
heightened influence of pupil-
dilation, which is an indication of
hyper-arousal sensitivity.

These developing causal-attention signals suggest
that emotional expression and perception is not
only stimuli-mediated, but trait-regulated, a fact
that was rarely measured in computational affect
modelling.

5.4 Ablation, Component Contribution

The ablation study (Fig. 7) is a measure of the
marginal utility of every architectural element. The
removability of causal edges lowers macro-F1 by
4.0 percentage, which supports the need of directed
structural learning. Auto-temporal Coherence and
Accuracy: The repression of Neural-ODE dynamics
decreases temporal coherence and accuracy by 3.3
and personality fusion decreases personalization
and generalization by 2.6. These scalabilities are
consistent decreases that confirm that the
performance  improvements are based on
architectural synergy, and not parameter scaling.

5.5 Causal Robustness and Temporal
Robustness:

Figure 9 represents the causal flow graph, which is
inferred. The standard route, which is EDA — EEG
— Eye — Face — Cursor, is a biologically
plausible progression in autonomic arousal to
cortical activity and ending to behavioural output.
CausalGraph-EmotionNet keeps its accuracy of
over 80 per cent, but Transformer baselines decline
to less than 68 per cent. under simulated modality
dropout (up to 40 per cent). This resistance is
created through masked-attention fusion and
implicit causal regularization which unify cross-
modal consistency despite a partiality of
information.

5.6 Explainability and Neuroscientific
Implications

Our framework generates intrinsic interpretability
as it does not happen with the black-box deep
models. The causal attention weightings are linked
to a considerable sychophysiological process, and
Neural-ODE are provided as continuous-time latent
dynamics but can be interpreted as derivatives of
affective states. Based on such mechanisms, latent
emotion-transition laws, such as arousal-decay
curves and valence drift rates, might be discovered
that might be useful in cognitive-behavioural
monitoring and adaptive feedback in a healthcare or
education scenario. By connecting the causal
representation learning with the physiological affect
modelling, CausalGraph-EmotionNet will approach
the plausible and empathetic Al in the realm of
affective computing.
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6. CONCLUSION

The proposed new model in this paper is
CausalGraph-EmotionNet that integrates causal
graph reason, Neural-ODE temporal evolution and
personality-based multimodal fusion to achieve
explainable emotion recognition through
physiological and behavioural cues. This paper
presents  CausalGraph-EmotionNet, a new
multimodal emotion recognition system, which is
the first to combine dynamic causal graph learning,
Neural-ODE-based continuous-time modeling, and
personality-aware attention fusion in one end-to-
end system. The offered model is contrasted with
current correlation-based or time-independent graph
models by the fact that time-varying directed causal
interactions between neural, autonomic, and
behavioral modalities are explicitly learned and
could be used to infer emotions in a way that is
interpretable and with physiological meaning. The
integration of personality conditioning also serves
to differentiate this work by enabling the model to
adjust the modality relevance to personal
characteristics, which develops individual-specific
affective computing to the next level of population-
level modeling. This work demonstrates the state-
of-the-art performance gains based on a large-scale
experimentation with the AFFECT dataset,
reaching 84.6% accuracy and 80.8% macro-F1
without failing to surpass CNN, RNN, GCN,
Transformer and PhysioGraph-Transformer
baselines. In addition to the numerical
enhancements, the ablation and robustness studies
prove that every architectural element, causal
edges, Neural-ODE dynamics, and personality-
aware fusion, has a significant positive impact on
performance, stability, and generalization. The
work takes the multimodal emotion recognition
beyond the stage of mere predictive modeling to
one of causally interpretable, temporally consistent,
and subject-specific affect analysis. The presented
framework creates a platform to continue the future
studies on the real-life emotion tracking,
longitudinal affect modeling, and the -clinically
focused decision support systems. CausalGraph-
EmotionNet provides a valuable step toward
believable, accountable, and socially responsible
affective Al by integrating causal reasoning with
deep representation learning, which is important to
solve essential issues of modern emotion
recognition systems.
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