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Abstract

In recent times, the incorporation of EI into Al systems has increased user engagement, improved
content moderation, and provided mental health support. This research proposes a security-based
UEIM that uses multiple modalities to perform emotion recognition and behavioural trajectory
analysis on social media platforms. Unlike conventional approaches that depend on only one source
of input, UEIM leverages the capabilities of texts, images, and videos using a cross-modal attention
fusion network known as CMAFNet, which helps secure the emotional data. To achieve accurate
emotion trajectory analysis, Bi-LSTM networks have been used in the proposed approach. Graph
attention networks (GATv2) have also been utilized to predict the spread of emotions among users.
The UEIM can guarantee the privacy and security of the users’ data even when there is noise or
missing data present, which is a frequent problem in real-life scenarios related to social media
applications. From experimental results, the performance of the model is excellent since it obtained
88.2% F1-score in emotion recognition, 91.3% top-1 accuracy in emotion sequence prediction, and
85.2% micro-F1 for emotion propagation modelling. The MSE for emotion valence/arousal
regression is 0.018. These results show the great accuracy of the model in emotion prediction and
behaviour analysis, and this can be used in health monitoring and content moderation, among others.
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1 Introduction

Social media use has increased significantly. It has transformed these sites into digital ecosystems
consisting of clues of emotions, behaviours, and stories of context. Every tweet, comment, selfie and
video online displays underlying feelings. This can be seen directly in the words, or indirectly in the
pictures and actions. Decoding these signals carefully can provide useful insights into human
psychology, public sentiments, mental health trends, and cultural dynamics (Amangeldi et al., 2024;
Babu & Kanaga, 2022; Chandrasekaran et al., 2021; Ko, 2018).

Emotional intelligence, which is a psychological construct that includes the ability to sense,
understand, manage, and affect emotions in oneself and others, is becoming increasingly important to
study in the field of artificial intelligence (AI) (Gupta et al., 2023). The blend of affective computing
into Al architectures, especially in the context of social media platforms, opens up possibilities for
empathetic interfaces, personalised recommendation engines, digital therapeutic interventions and
interactions that are aware of trust interactions. Nevertheless, the computational modelling of emotional
intelligence remains mostly compartmentalised, either being isolated to unimodal affect detection (Babu
& Kanaga, 2022; Ali Adeeb & Mirhoseini, 2023) or isolated from the analysis of user behavioural
patterns (Kusal et al., 2021).

The concept of EI has been increasingly essential for building Al systems that can engage with
humans emotionally. In today’s times, when social media and other online mediums of interaction,
recognising the emotion of a user based on multimodal data such as text, images, and videos has become
important (Morales et al., 2026). Traditional models to identify emotions do not necessarily consider the
security aspect associated with processing emotional data. Therefore, in order to address these
limitations, this paper presents a security-based Unified Emotional Intelligence Model (UEIM). In
addition to being able to recognise emotions, UEIM also takes into account the issue of securing
emotional data. Temporal emotional behaviour analysis and behavioural trajectories, along with secure
data processing mechanisms, make up the core aspects of UEIM (Selvaraj & Nithiyanantham, 2025).

Multimodal emotion recognition (MER) has become a promising research area that aims to combine
information from various modalities, including text, images, audio and video, to infer human emotions
more accurately (Chandrasekaran et al., 2021; Verma & Verma, 2020). Deep neural networks such as
BERT, ResNet, and 13D have been very successful at extracting emotion-related features from these
modalities. However, current MER systems tend to process these modalities separately, without the
unification and contextual correspondences required to account for the interconnectedness of emotional
expression. Moreover, emotion recognition is frequently implemented as a static classification task with
no consideration of the temporal evolution of user emotions, which is crucial in real-world applications
such as stress monitoring, online learning evaluation and political discourse modelling (Anwar et al.,
2023; Kusal et al., 2021).

Furthermore, social media behaviours are not isolated events, where the emotional expression of
users is affected by previous states, surrounding discourse, and interpersonal feedback loops. These
emotional dynamics create behavioral trajectories, a sequence of emotion-laden events that define a
user's developing online persona. For example, preliminary indicators of online disengagement,
depression or radicalization can often be identified by analysing emotional changes and interaction
patterns over time (Babu & Kanaga, 2022; Pise et al., 2022; Khare et al., 2024). However, existing
models of artificial intelligence are usually not sensitive to time and not graph-aware enough to
effectively capture such patterns.

114



Security-Aware Unified Emotional Intelligence Model M. Usha Rani et al.
for Multimodal Emotion Recognition and Behavioral
Trajectory Analysis in Social Media

The Unified Emotional Intelligence Model (UEIM) proposed in this study overcomes these
limitations by proposing a strong framework that simultaneously:

1 Extracts and fuses multimodal emotional signals using state-of-the-art neural architectures
(e.g., BERT for text, ResNet for images, I3D for videos).

2 Temporal changes of models in emotional states using recurrent or transformer-based
architectures to construct emotional trajectories over time.

3 Maps the interaction and engagement patterns of users inter-provided with the graph neural
networks (GNNs) that measure the propagation of emotions in the social networks.

Integrating emotional intelligence theory with recent advances in multimodal deep learning, temporal
modelling, and graph-based behavioural analytics, UEIM affords not only the categorisation of affective
states but also the prognostication of forthcoming emotional conditions and behavioural trajectories.
This holds significant implications for early mental health intervention, adaptive e-learning systems,
modelling of susceptibility to misinformation, and context-aware content moderation (Pise et al., 2022;
Joshi & Kanoongo, 2022).

Major Contributions of this Research

e The unified framework for multimodal emotion recognition gives a synergistic integration of
textual, visual, temporal signals, and the fidelity is high.

e Temporal trajectory modelling for emotional state through sequential learning allows the
prediction of changing user behaviour.

e Graph-based emotional influence analysis, allowing understanding of how emotional states
spread and intermingle across users.

e Mathematical representation of emotional transitions using probabilistic and graph-theoretic
constructs for behavioral prediction.

e Testing on a variety of benchmark data sets, with clear indications of superior performance and
generalizability in practical social media scenarios.

The integration of emotions and behavior into one unified description is indeed a huge step in the
area of affective computing. This research contributes to the field of developing emotionally intelligent
systems that are capable of recognizing and responding appropriately to humans’ affective states at a
more sensitive level. The rest of this manuscript is arranged as follows: In Section II, provide a survey
of the relevant literature on emotion recognition and behavioral analysis; in Section III, outline the
proposed model, the datasets used, and the underlying mathematical architecture; in Section IV, give a
detailed account of the experimental setup, including the performance measures; Section V discusses
some of the broader implications, possible limitations, and future research directions; and in Section VI,
give concluding remarks and outline future research directions.

2 Related Work

Emotion detection from text has been studied extensively in the field of Natural Language Processing
and, in particular, in the context of social media, where brevity and informality often make the linguistic
interpretation difficult. Text-based approaches leverage lexicon-driven methods, machine learning
classifiers, and, more recently, deep contextual embeddings such as BERT to extract emotional features
from posts, comments, and tweets (Morales et al., 2026). A deep learning pipeline based on Long
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Recurrent Attention (LRA) and DNN for emotion classification in social media datasets, focusing on
the role of the attention mechanism in grasping subtle sentiment flows. Similarly, different methods of
textual sentiment and emotion analysis were emphasised, with a focus on the development from basic
sentiment polarity analysis to granular emotion analysis (e.g., anger, sadness, happiness) (Ham et al.,
2024).

In spite of these advancements, most models function in isolation from visual or behavioural cues
and do not have the temporal memory needed to identify changes in user emotion over time. Facial
expression recognition (FER) is one of the most important modalities for visual emotion analysis,
because of the high affective signal usually contained in facial cues. The work done in (Cirneanu et al.,
2023) discussed the systematic review of neural network-based model using images for FER with a
focus on convolutional neural network (CNN). This paper highlighted the efficiency of efficient neural
network architectures such as EfficientNet and YOLO in detecting facial expressions and alertness
among others in video settings with complex faces regardless of light conditions (Das et al., 2025). In
the scope of video-based emotion detection, a multimodal data set comprised of visual, auditory, and
physiological signals in order to detect the emotion in response to video stimuli. More recently,
EEG-based emotion recognition and its applications in cognitive neuroscience have expanded visual
emotion recognition into neurophysiological fields (Saffaryazdi et al., 2022).

Nevertheless, these models often rely on pre-labelled datasets and do not integrate text or contextual
interaction data, thus limiting their capability in understanding real-world, multimodal emotional
expressions on social media. MER is an attempt to fuse multimodal data from text, imagery, audio, and
video in order to get a better understanding of emotions. An overview of multimodal emotion recognition
through fusion in social media. Also, an overview of deep learning-based MER architectures has been
done to point out major issues that have to be taken into account when designing such systems, like
multimodality alignment, missing modality, and real-time requirements. Some of the basic approaches
towards emotion recognition in various modalities, such as attention networks, tensor fusion, and
memory-augmented networks, were pointed out.

While these studies illustrate the potential of MER, few extend beyond static emotion classification
to capture temporal and behavioural contexts crucial for modelling real-world social dynamics
(Krommyda et al., 2021). Emotional intelligence, in its computational interpretation, refers to both the
recognition of emotional states and the prediction of emotional effects on behaviour. An overview of
Al-based methods for emotion recognition and suggested that a more effective implementation should
include reasoning over temporal data to process long-term behavioural trends. A model to sense the
emotional intelligence of users in social networks; the emotionally aware Al could achieve better
decision-making and content moderation. A deep learning model for analysing users' emotional
intelligence based on multimodal social data, combined with behavioural cues and user profiling (Shou
et al., 2026).

Despite this progress, most systems treat emotion and behaviour prediction to be two discrete tasks.
There is scarce exploration of models capable of jointly inferring emotional states and of mapping the
latter to the future user actions or interaction patterns - especially in graph-based social environments.
Combining the power of EI with the efficiency of Al has paved the way for the creation of machines
that can detect human emotions. Although great strides have been made in detecting emotions based on
textual, visual, and video data, current solutions neglect the aspect of securing sensitive emotional data.
Previous studies related to EI and Al have mainly concentrated on the problem of single-modality
emotion recognition; for instance, the analysis of the emotions conveyed through text or facial
expressions. Nevertheless, few researchers have tried to address the aspect of the evolution of emotions

116



Security-Aware Unified Emotional Intelligence Model M. Usha Rani et al.
for Multimodal Emotion Recognition and Behavioral
Trajectory Analysis in Social Media

or ensure their safety while doing emotion detection (Selvaraj & Nithiyanantham, 2025). There are some
solutions that suggest the use of deep learning models, like CNNs and LSTMs for emotion recognition;
however, they did not emphasize enough the necessity of data protection in the process of detecting
individuals' emotions. Furthermore, although the actions of people in social media are greatly affected
by emotional dynamics, there have been few attempts to create models that could make predictions about
individuals' behavior while protecting their sensitive emotional data. This paper intends to fill this gap
in the literature by suggesting an integrated model for secure emotion recognition.

The current state of the art shows much advancement in the recognition of emotion across the
modalities. However, there are a number of important research gaps:

1. Unimodal Limitations: Models that are text or image only do not have the ability to generalize
to the real world, where emotions are expressed in combination.

2. Static Emotion Classification: Most systems have been based on the one-off classification of
emotion, without taking into account the temporal dynamics of emotion that describe user
behavior over time.

3. Lack of Unified Frameworks: Multimodal models tend to use different pipelines to handle
each modality, without coordinating the emotional signals for unified interpretation.

4. Behavioral Analysis Isolated from Emotion Recognition: Very few models exist to connect
the gaps between emotion detection and behavior prediction, particularly in the case of
longitudinal or social interaction scenarios.

5. Absence of Graph-Based Reasoning: The propagation and influence of emotional states in
social networks is not well studied in mainstream emotion recognition literature.

The Unified Emotional Intelligence Model (UEIM) in this study addresses these missing links by
eliciting emotional data from different sources, monitoring the changes of emotional data through time,
and analysing user behaviour paths using graph-based neural networks. This single method offers a
piecemeal and comprehensible method for viewing how feelings show up and evolve on social media.

Unified Emotional Intelligence Model

This section elaborates on the architecture and the key modules involved in the proposed Unified
Emotional Intelligence Model (UEIM), formulated to extract, unify, and analyse multimodal behavioural
expressions across social media and model behavioural trajectories over time using deep neural and
graph-based learning. The proposed framework is composed of seven major stages: multimodal
preprocessing, modality-specific feature extraction, attention-based fusion, trajectory modelling,
emotional influence analysis and emotion prediction.

The UEIM that relies on security leverages a very strong architecture, which integrates information
from three different modalities, namely text, image, and video, through the use of the Cross-Modal
Attention Fusion Network (CMAFNet). Through such an approach, the security of emotional data is
increased because the focus is shifted dynamically among different data modalities based on relevance
and integrity. The Bidirectional LSTM network is included to model the dynamical characteristics of
emotions and their influence over time on future events, to maintain the integrity of data, and also to
incorporate the influence of past emotions on prediction. The Graph Attention Networks (GATv2) are
used to model the emotional contagion in the network graph of user interactions, making sure that
security is maintained in dealing with user-user emotions. The concept of security has been integrated
into the architecture with the use of encryption techniques during the feature extraction and fusion stages.
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1. Data Sources and Preprocessing

Multimodal input, including text (captions, comments), images (facial content), and video
(user-generated clips), is collected from social media and cleaned. Perform normalisation, tokenisation,
face alignment, and temporal alignment.

2. Feature Extraction

Extract high-dimensional embeddings using:

e  RoBERTa-base for text
o Swin Transformer V2 for facial images
o TimeSformer for video clips

3. Multimodal Fusion via CMAFNet

By using the Cross-Modal Attention Fusion Network (CMAFNet), combine text, image, and video
embeddings into a single unified representation.

4. Emotion Prediction Module

Use integrated multimodal data to estimate the present emotional state and provide probability scores
for each predefined emotion category.

5. Behavioral Trajectory Modeling

Apply a bi-directional LSTM to model how each user’s emotions evolve over time, then forecast
upcoming emotional states using the learned historical patterns.

6. Graph-Based Emotional Influence Analysis

Create a graph to capture the interaction between users and posts, and use the GATv2 model to
understand the impact of how users affect the emotions of each other.

7. Mathematical Representation of Emotional Transitions

Describe state shifts with nonlinear models, cosine-based divergence, and user-context networks to
measure behavioral shifts and flag emotional irregularities.

Architecture Overview

‘ .
A Mathematical
Yy I Graph Based Representation
” Behavioral Emotional of Emotional
4 r‘ Emg@(t{n Trajectory Influence Transitions
Multimodal recicion Modeling
A Feature Fusion via
Data Sources § Extraction =~ CMAFNet
and Pre-

Module Analysis
processing

Figure 1: UEIM architecture
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The architecture of the UEIM is given in figure 1. The platform initially collects the content of social
media, which is the textual part (captions, comments, etc.), the visual part (images or video frames), and
the interaction part (likes, replies, user tags, etc.). In this raw material, three main processing pipelines
are then diverted into it:

e Text Stream: Encoded via the RoBERTa-base model, pre-trained on social media text corpora
and fine-tuned for emotion classification.

e Image Stream: Images are processed to extract visual features by Swin Transformer V2, which
is efficient in recognising emotions in high-definition images despite different facial conditions.

e Video Stream: Emotions are captured using the TimeSformer model, which uses a space-time
attention mechanism for videos.

These are the representations that are aligned in time and then fused using the Cross-Modal Attention
Fusion Network (CMAFNet), which integrates the three modalities of information. The fused emotional
representation is then fed into three separate modules:

1. Temporal Emotion Trajectory Module: Implements a Bidirectional LSTM to model longitudinal
emotion sequences per user.

2. Emotion Propagation Graph Module: Utilises Graph Attention Network (GATv2) to trace
emotional influence across users and posts within the social graph.

3. Emotion Prediction Module: Outputs current and future emotion labels based on fused and
temporally-aware representations.

Data Sources and Pre-processing

The figure 2 shows that to assess the efficiency and generalizability of the proposed Unified Emotional
Intelligence Model (UEIM), use a mixture of real-life, multimodal benchmark data, which include text,
image, and video modalities, and additional user interaction metadata to build social graphs. EmotionX
is an open-source dataset comprising short textual dialogues and utterances of dialogues labelled with
discrete emotion tags, including joy, sadness, anger, fear, and neutral. It provides a textual linguistic
diversity and text-based emotional expressions, which are perfect for training as well as testing
end-of-text emotion recognition modules.

The AffectNet is a massive corpus of facial expressions with over 450, 000 images that were
web-scraped. Both categorical and continuous valence-arousal scores are attached to each photo, and
the collection of photos is very diverse in terms of pose, lighting, ethnicities, and affective states, and
thus is the best to train resilient image-based emotion recognisers.

MOSEI (Multimodal Opinion Sentiment and Emotion Intensity) provides more than 23,500 video
clips, which have transcripts, facial expressions, and audio. The clips are marked with seven distinct
emotions and give continuous values of the sentiment intensity. This multimodal and temporal data is
rich, and both classification and regression tasks, like valence/arousal prediction, are supported.

Twitter threads and YouTube comment chains are built into user-level interaction graphs of
anonymised public data. The users or posts can be represented as a node, whereas interactions (replies,
mentions, shares, or likes) are represented by the edges. These graphs can be used to simulate the
dynamics of emotional influence and propagation via graph neural networks.
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To prepare these heterogeneous data types for input into the UEIM framework, adopt the following
modality-specific pre-processing pipelines:

Textual Data Pre-processing Text messages are converted to lowercase and normalized in order to
process social media-specific content (e.g., emojis, hashtags, user mentions). The emojis are
accompanied by their text equivalent (e.g. @ is replaced with smiling face) and noisy tokens are
eliminated. The process of tokenization is done through a process known as Byte-Pair Encoding (BPE),
as it guarantees efficiency and vocabulary choice in addition to sequence length, making it compatible
with transformer models like RoBERTa.lmage pre-processing The MTCNN (Multi-task Cascaded
Convolutional Networks) is used to process facial images in order to detect faces and align landmarks.
The images are rescaled to a fixed size of 224 224 pixels, the mean and standard deviation of ImageNet
are used to normalise the images, and random horizontal flips and brightness perturbation in training are
employed to enhance generalisation.

Video Pre-Processing

Raw videos are recorded at 4 frames per second (fps) and cut into 16-frame clips. All of the clips are
turned into frame tensors, scaled to the same size, and they can be aligned according to face tracking.
The inputs to the Times former model are these clips, which are learned, in terms of spatial and temporal
emotion features.

Graph Construction for Influence Modeling

Social graphs are constructed through the parsing of the user interactions in a chronological order. The
graph is attributed to each node with a fused emotion embedding based on the post content, and the
direction and type of user interaction is depicted by the edges. To build dynamic graphs that capture the
changing pattern of user engagement, make use of sliding time windows to analyze the influence
propagation pattern using Graph Attention Networks (GATV2).

The provided multimodal and multi-source pre-processing pipeline makes sure that UEIM takes in
clean, aligned and context-rich emotional data-sets - opening the door to the strong multimodal emotion
perception and behavioural forecasting.

Textual Data Image Data Video Data
( h (=)
= [>] =)
=y
EmotionX AffectNet CMU-MOSEI y User Interaction Metadata
. N
Texlglrlgi;c]:::ii o Image pre-prgcessing Video Pre-Processing Graph Construction for Influence Modeling
Lowercasiﬁg Face Detectlon and Samp.le at 4 fps Build Social Graphs from User Interactions
" . ° Alignment Segment into 16-Frame Slidine Time Windows
Emoji Normalization Resize to 224 x 224 Clips g
Normalization Y,

Figure 2: Data sources and pre-processing

Feature Extraction

In order to achieve a rich and discriminative emotional representation, the Unified Emotional
Intelligence Model (UEIM) that has been proposed uses the modality-specific, state-of-the-art neural

120



Security-Aware Unified Emotional Intelligence Model M. Usha Rani et al.
for Multimodal Emotion Recognition and Behavioral
Trajectory Analysis in Social Media

encoders optimised to understand emotions in text, facial images, and videos. Embeddings of the raw
input of each modality are created and mapped to a common emotional latent. RY space to allow both
to be processed together (Figure 3).

Textual Feature Extraction — RoBERTa-base

In the case of text-based emotional information like captions, comments, or dialogues, apply
RoBERTa-base, which is a transformer-based language model that was pre-trained on large-scale
corpora. It is sensitive to both contextual semantics and fine emotional details on a sentence-by-sentence
basis. Given a tokenised sentence X; The RoBERTa encoder outputs a sequence of contextualised
embeddings. Extract the [CLS] token representation from the final layer as the text emotion vector:

T = RoBERTa(x;) € RY (1)

In equation 1, these embeddings capture not only explicit emotion keywords but also syntactic
structures, tone, and sentiment context.

Visual Feature Extraction — Swin Transformer V2

For facial emotion cues present in images, adopt the Swin Transformer V2, a hierarchical vision
transformer that excels in fine-grained visual representation learning. The input image x; € R3%224x224
is divided into patches, and through a shifted-window attention mechanism, the model generates robust
spatial features. A global average pooling layer is applied to the output tokens to produce a condensed
visual embedding:

I = Swin(x;) € R4 )

In equation 2, these embeddings capture facial action units, micro-expressions, and texture changes
correlated with emotional states.

Video Feature Extraction — Times Former

To model temporal emotion dynamics in user-generated clips, employ the Times former model a
space-time attention-based transformer that operates on short video sequences. Each input video
segment x, € RTXHXWX3 (16 frames sampled at 4 fps) is passed through a sequence of spatiotemporal
self-attention layers. This captures both motion patterns and temporal consistency across frames,
yielding a comprehensive video-level emotion encoding:

V = TimeSformer(x,) € RY 3)

In equation 3, the Times former is particularly effective at identifying non-verbal cues such as gaze
shifts, head tilts, and body gestures over time.

Projection into Shared Emotion Space

Each of the modality-specific vectors T, I, V is passed through a learned linear transformation (projection
head) to align them into a shared multimodal emotion space RY, facilitating cross-modal fusion in the
next stage. This projection ensures semantic compatibility across modalities despite differing input
characteristics.

T 1''V € RY (4)
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Where T' = W,T, I’ = WL, V/ = W,V (5)

In equations 4 and 5, this unified embedding space serves as the input for the CMAFNet fusion
module, allowing the model to jointly reason over text, visual, and temporal emotion signals.

Text Image Video

[Vl

y A A

[ RoBERTa-base } [Swin Transformer VZ} [ Times Former} 1]

[T] 1 [Vl

\ 4
[ Shared Emotion ]

Space R¢

Figure 3: Feature extraction

Multimodal Fusion via CMAFNet

When using multimodal feature vectors, the straightforward concatenation of feature vectors of multiple
modalities, in most cases, creates noisy or redundant representations. Our response to this task is an
implementation of a Cross-Modal Attention Fusion Network (CMAFNet), an organised system that is
capable of dynamically matching and combining emotional information from text, face images, and
video sequences to a single, context-sensitive embedding (Figure 4).

Naive methods of fusion (including early concatenation, late averaging) do not take into account the
semantic interactions and relative importance of individual modalities. As an example, text may imply
sarcasm, which can only be disambiguated by using facial expression or tone in a video. CMAFNet
addresses this by choosing to attend to the most informative modality (or a part of it) at any given time
step to produce a stronger and more understandable joint representation.

CMAFNet builds upon the Transformer-style scaled dot-product attention to compute how much
attention each modality should pay to others. The input is the concatenated feature vectors from the three
modalities (Equation 6):

X=[T,;IV']e R3*d (6)

Where T',1',V' € RY are the projected embeddings from text, image and video, respectively. The
queries (Q), keys (K), and values (V) are computed as linear transformations (Equation 7):

Q =XWy, K =XWg,V =XW, (7)
The attention output is computed as (Equation 8)
- _ KT
Attention (Q, K, V) = SoftMax( @) %4 ®)
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This mechanism enables CMAFNet to learn cross-modal dependencies, such as when video features
reinforce facial emotion in ambiguous text or when text provides disambiguation for subtle visual
expressions.

The resulting fused vector F € RY is a contextually optimized summary of all emotional cues
(Equation 9):

F = CMAFNet(T",I',V") (9)

This fused embedding is then passed through a fully connected prediction head to produce emotion
class probabilities (Equation 10).

y = SoftMax (W * F + by) (10)
Where W; € R d and bs € RS, with ¢ being the number of emotion classes
Benefits of CMAFNet

e Modality-Aware Fusion: Each modality can be differentially weighted based on its emotional
salience.

e Robustness: If one modality is missing or noisy, attention weights shift to compensate using the
remaining inputs.
e Interpretability: Attention weights can be visualized to understand which modality influenced

the prediction most.

o Flexibility: CMAFNet generalizes to any number of modalities, making it extensible to audio
or physiological data.

This adaptive and attention-driven fusion strategy makes CMAFNet a crucial innovation in the UEIM
pipeline, allowing it to achieve high-fidelity emotion recognition across diverse and incomplete
multimodal input streams.

Linear
Emg lrojections
CMAFNet

Fused Emotion
Representation Prediction

Scaled Dot-Product
Attention

Figure 4: Multimodal fusion via CMAFNet

Emotion Prediction Module

The Emotion Prediction Module is an important decision-making unit of the Unified Emotional
Intelligence Model (UEIM), which is a multimodal emotional representation converted into the discrete
emotion categories and future state prediction. It takes a combination of the existing fused emotional
situation of all the input modalities and the temporal emotional course of the individual to provide a
strong and context-sensitive emotion forecast.
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1. Inputs to the Module

This module receives two primary inputs:

F; : The resulting fused multimodal feature the Cross-Modal Attention Fusion Network (CMAFNet)
generates at time t. The high-level emotional indicators in this vector are text-based (through RoBERTa),
face-based (through Swin Transformer V2), and time-based (through Times former) features of videos.

h;: The latent variable of the Bi-directional LSTM (Bi-LSTM) trajectory model, which is the past
emotional context of the user at time t. This records the history of past emotional conditions of the user.

It is through the combination of instantaneous emotional context (Ft) and the sequential emotional
history (ht) that the module can simultaneously complete emotion classification as well as prediction.

2. Prediction Formulation

The emotion prediction is formulated as a dense layer followed by SoftMax activation, which outputs a
probability distribution over predefined emotion classes (e.g., joy, anger, fear, surprise, sadness, neutral)
(Equation 11):

9 = Softmax (W, - [F; || k] + b,) (11)

Where J; is the predicted emotion probability vector at time ¢, F; is a fused multimodal feature at
time t from CMAFNET, h; is a hidden state from the Bi-LSTM trajectory model, [F; || h;] € R?d is

]RCXZd

the concatenated feature vector, W, € is a learnable weight matrix, b, € R€ is a bias vector, ¢ is

the number of emotion categories.

This specification enables the model to make fine-grained emotional decisions that are flexible to
both short-term multimodal signals and long-term behaviour.

The Emotion Prediction Module yields a probabilistic output vector of emotion classes, with the
highest probability class being taken as the predicted emotion. These are predictions applied in
(Figure 5):

e Live emotional categorisation of every content post or interaction,

e Trajectory evaluation where sequences of predictions are utilized to comprehend the progression
of emotions,

e Graph-level modeling, in which the attributes of nodes in influence graphs are the predicted
emotional states.

Fused Features

from CMAFNet .
Emotion

,  Prediction Softmax
Module Output
Hidden State
from Bi-LSTM  ——
Trajectory Model

Figure 5: Emotion prediction
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Behavioral Trajectory Modeling

The Behavioral Trajectory Modeling aspect of UEIM aims to this purpose and develops dependencies
on sequential emotional patterns by learning. That is how the model can not only identify the present
feeling but also predict future feelings relying on the previous user behavior.

1. Emotional Sequence Representation

For each user u, define a temporal emotional sequence ¢, as (Equation 12):
e = [eg, e, .., er] €RT (12)
Where:

e T is the number of time steps (e.g., posts, messages, or video segments),
o d is the dimensionality of the fused multimodal emotion embeddings e;
e ¢, € R? is the fused emotion vector at time step t, produced by CMAFNet.

Each sequence ¢, represents a chronologically ordered list of emotional states, encoding how a user’s
emotional expression changes over time across different social media interactions.

2. Temporal Modeling via Bi-LSTM

To capture both forward and backward dependencies in the emotional sequence, use a Bidirectional

Long Short-Term Memory (Bi-LSTM) network. At each time step t, the Bi-LSTM processes the input

e; and the previous hidden state 4;_;, resulting in an updated hidden representation 4, (Equation 13):
hy = BiLSTM (eg, he—;) (13)

This hidden state encodes contextual knowledge across the entire sequence (past and future),
enabling the network to capture both short-term emotional variations and long-term trends (e.g.,
recurring sadness or sudden mood swings).

3. Emotion Forecasting
The final hidden state 4, at each time step is passed through a dense prediction layer with non-linear
activation (typically sigmoid or tanh) to estimate the next emotional state é;, ; (Equation 14):
ey; = Wy~ he + by) (14)
Where, W, € R**% is a learnable weight matrix, b, € R? is a bias vector, o(-) is a non-linear
activation function, d,, is the hidden size of the Bi-LSTM layer.

It is through this process that predictive modelling of changes in emotion can be attained, meaning
that predicting future affective states becomes possible, or that predicting mental health or mood, or
proactive engagement systems are possible.

Graph-Based Emotional Influence Analysis

This part constitutes the relational form of social media interaction, whereby a user-post interaction
graph is built and a Graph Attention Network (GATv2) is used to compute inter-user influence weights.
The outcome is a dynamic context-sensitive perspective of the ways in which emotions spread over users
and contents over time.
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Construct a dynamic graph G = (U, E) where nodes are users/posts and edges are emotional
interactions (comments, shares). Using GATv2, each user node updates its state (Equation 15):

hy = ZveN(u) Oyy %hv (15)
Where N(u) is a set of neighbors of node u, W, € R%*% is a learnable weight matrix, a,,, is the
attention coefficient representing how much user v’s emotion influences user u’s state.
The attention weights a,,,, capture inter-user emotional influence using (Equation 16):

_ exp (LeakyReLU(aT[Whu‘ |Whv]))
v Y keN(u) €Xp (LeakyReLU(aT[Whu||th]))

(16)

ay

Where, a € R?? is a learnable vector, [- || -] denotes vector concatenation, LeakyReLU introduces
non-linearity and prevents dying neurons.

This is the way emotions are propagated or reinforced by interaction of the user shown in figure 6.

Propagation

Figure 6: Graph propagation diagram

Mathematical Representation of Emotional Transitions

In order to allow dynamic modeling of the behavior of user sentiment, formulate a formal model of
emotional state transition modeling. This enables UEIM to measure the temporal change of the
emotional state of a user, identify the aberrant emotional patterns and measure of risks in the long-term
behavioral pattern.

Let s; be the user’s emotional state at time t, then the transition is (Equation 17):
Sev1 = f(St, Ve, ¢t) (17)

Where, y; is predicted emotion, ¢, is contextual graph embedding, f is a non-linear function
modelled by Bi-LSTM.

Emotional divergence over time is computed using cosine similarity (Equation 18):

Div(s;, Spqp) = 1 — —ob (18)

lIsell e+l

This quantifies emotional shifts and supports anomaly or risk behaviour detection.
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Such an integrated system allows UEIM to identify existing emotions and predict the evolution of
emotions and behaviors, providing a new way of knowing the dynamics of user sentiments in social
media.

Algorithm: Unified Emotional Intelligence Model

Input:

D text <« Textual social media posts/comments

D_image « Corresponding facial images

D _video < User-generated video content

G_social « Social interaction logs (user-user, user-post)
Output:

Predicted emotions {y_t}, future emotional trajectories {§_t+1},

emotional influence maps, divergence scores
// Step 1: Data Preprocessing
T clean < Normalize, tokenize D_text using BPE
I align « Face alignment + resize D_image to 224x224
V_seg <« Sample D video at 4 fps into 16-frame segments
G « Construct graph from G_social (nodes: users/posts, edges: interaction type)
// Step 2: Feature Extraction
T feat «— RoBERTa base(T clean)
I feat «— Swin_Transformer V2(I_align)
V_feat « TimeSformer(V_seg)
Project T feat, I feat, V_feat — shared emotion space R4
// Step 3: Multimodal Fusion via CMAFNet
F « CMAFNet([T feat; I feat; V_feat]) // Cross-modal attention
// Step 4: Emotion Prediction
h t < Bi-LSTM(F, previous_states)
¥t <« Softmax(W, - [F || h_t] + b,) // Current emotion prediction
// Step 5: Behavioral Trajectory Modeling
Fort=1toT:

s t«f(s {t-1},9 {t=1},c_{t—1}) using Bi-LSTM

S {tt1} «<~o(W_h-h t+b h)

Div t«— 1 —(s_t-s {t+1})/(Is_tl - Is_{t+1}I)
// Step 6: Emotional Influence Modeling

For each user node u € G:
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For each neighbor v € N(u):
a_uv «— GATv2_Attention(u, v)

hu«—>au-Wghyv

// Step 7: Output

Return:
vt // Emotion classification probabilities
§ {t+1}  // Predicted future emotion states
Div _t // Divergence for anomaly detection

h u' // Emotionally updated user embeddings

Notation Key

T feat, | feat, V_feat: Text, Image, and Video embeddings

CMAFNet: Cross-Modal Attention Fusion Network

vt Predicted emotion at time t

s t,§ {t+1}: Current and predicted emotional state

Div_t: Emotional divergence

GATv2_Attention: Graph attention function for emotional influence
F: Fused multimodal representation

h t: Hidden state in trajectory modeling

3 Experimental Setup and Results

In order to test the suggested Unified Emotional Intelligence Model (UEIM) carried out extensive
experiments on a variety of benchmark databases including text, image, video and social interaction
modalities. In particular, used three publicly available datasets, namely: text-based emotion
classification using EmotionX, facial emotion recognition using static images using AffectNet, and
multimodal emotion analysis with video segments using CMU-MOSEI. Combined with other datasets,
these datasets offered a wide and lifelike basis of training and testing UEIM in actual emotional
expressions. also built an evolving social interaction graph based on anonymized Twitter and YouTube
comment threads, which captures emotional interactions between users, e.g. replies, likes and mentions.

Each modality had its preprocessing. Normalization of text, lowercasing, emoji-normalization, and
tokenization were performed with the aid of the Byte-Pair Encoding with the maximum sequence length
of 128 tokens. MTCNN was used to map the images to face-aligned images, resize, and normalize using
ImageNet statistics to 224x224. Video frames were sampled at 4 fps and each one of them was divided
into 16-frame sequences to fit the input format of Times former. The social interaction graphs were
generated, where the users were mapped to nodes and the interaction to edges, with filtering being done
to only keep the active and emotional expressive users.

PyTorch was used to implement the model, which was trained on a 2-GPU system (2 NVIDIA RTX
A6000,256 GB RAM). It used a few progressive models, including RoBERTa-base when encoding text,
Swin Transformer V2 when embedding images, and TimeSformer when understanding spatiotemporal

128



Security-Aware Unified Emotional Intelligence Model M. Usha Rani et al.
for Multimodal Emotion Recognition and Behavioral
Trajectory Analysis in Social Media

videos. The obtained features were combined with the help of the Cross-Modal Attention Fusion
Network (CMAFNet), which aligned features of the modalities into a common space of emotion. The
obtained fused representations were then fed to a Bi-directional LSTM network to model behavioural
trajectories, and to a Graph Attention Network (GATv2) to examine the impact of emotion on the social
graph. The last emotion prediction was done with the help of a dense layer and softmax activation. The
model was optimized using AdamW with a learning rate of le-4, a batch size of 32, and trained for 25
epochs.

The assessment of UEIM was conducted with conventional measures such as accuracy, precision and
recall and F1-score of classification tasks. In the case of emotion trajectory prediction, top-1 accuracy
and mean squared error (MSE) were applied in the anticipated valence-arousal scale. The tool of
propagation of influence was tested in terms of micro-F1 on the user graph. Stress-testing of the model
was also done on missing modality conditions in order to determine the strength of the model.

100 Comparison of Emotion Classification Metrics
RoBERTa (Text)

Swin V2 (Image)
TimeSformer (Video)
Multimodal w/o Temporal
UEIM (Proposed)

95+t

90 f

85}

80

Score (%)

75|

70

651

60

Accuracy Precision Recall F1-Score

Figure 7: Comparison of UEIM algorithm with legacy algorithms in terms of accuracy, precision, recall
and F1-score

Experimental test indicates that the proposed Unified Emotional Intelligence Model (UEIM) is
superior to all the baseline frameworks on all four conventional measures of emotions classification.
Accurately, UEIM demonstrated a remarkable result of 88.6, outperforming the highest placed unimodal
baseline (TimeSformer at 77.0%), and even the initial multimodal fusion method (82.3%). This is
explained by the fact that UEIM incorporates CMAFNet, which is a strategy of cross-modal attention
fusion that dynamically aligns and weights the most informative signals of text, image, and video
modalities. As opposed to straightforward concatenation or early fusion, CMAFNet takes advantage of
self-attention to re-importance of modalities in accordance with the richness of contents, resulting in
greater discriminative ability of the final fused representation.

The figure 7 shows that the model is much more accurate (87.9%), which means that the false positive
rate is lower. The latter is directly related to context-sensitive token representations created by
RoBERTa-base, which was trained on emotion corpora that are domain-specific, and the Swin
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Transformer V2, which learns the high-order spatial representations of the face. In addition, the
TimeSformer also helps in improving the learning of video-based temporal cues, especially in
expressions that are subtle or time-dependent. The benefit of the precision metric is that UEIM uses joint
multimodal alignment to avoid spurious emotional prediction in case one of the modalities is not clear.

Regarding recall (88.4%), the model's ability to detect true positives is substantially better than that
of the unimodal baselines. This is due to the presence of the Bidirectional LSTM component, which
tracks emotional states over time and captures gradual changes in expression that may occur within a
user's activity window. For example, sadness may intensify over a sequence of posts, and this trajectory
is better modeled through sequential memory units. Additionally, recall performance is bolstered by data
augmentation applied to video and image streams, which simulate diverse lighting conditions, facial
angles, and resolutions during training, thereby improving robustness.

Lastly, the F1 score, balancing recall and precision, was 88.1% in UEIM, which showed continuous
and consistent predictive accuracy. The joint efforts of all of these elements, which include textual
transformers, vision transformers, temporal encoders, and fused representations, all lead to this high
F1-score. In addition, layer-wise learning rate decay and gradient checkpointing training enabled UEIM
to learn deeper models in an efficient manner without overfitting, which also led to predicting all test
scenarios in a generalizable and high-quality way.

Trajectory Modeling: Emotion Sequence Prediction Accuracy (B/W)

Madality
[ Text Only
5 Image Only
a5 | O Video Only
O All Modalities (UEIM)

1001

91.3%

90

84.5%

B5 1

Top-1 Accuracy (%)

B0
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70

Text Only Image Only Video Only All Modalities (UEIM)

Figure 8: Performance of UEIM for different modalities in terms of top-1 accuracy (trajectory modeling)

The figures 8 & 9 suggest that the UEIM model proves to be very robust with regard to modelling
emotional trajectories, even with a single input modality. The Top-1 accuracy of UEIM with single
modality (text only) of 83.2, 84.5, and 85.7 at inference is lower than their performance of 91.3 when
modalities are combined. These findings demonstrate the capability of the model to monitor the
development of the emotional state over time, even in the case of the partial availability of emotional
indicators.

This strength is due to the Bi-directional LSTM (Bi-LSTM) architecture that captures forward and
backward user timeline emotional dependencies. Contrary to the stationary models, UEIM maintains
emotion variation by factoring in temporal information such as sadness recurring through posts or video
snippets or an explosion of anger. In the absence of fused multimodal inputs, the Bi-LSTM will continue
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to make use of learned temporal dynamics in a single modality, with important predictive ability
maintained.

Trajectory Modeling: Valence/Arousal Regression Error (B/W)
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Figure 9: Performance of UEIM for different modalities in terms of MSE (trajectory modeling)

Regarding the valence-arousal regression, the UEIM indicates the MSE values as 0.032 (text), 0.028
(image), 0.25 (video), and the least 0.018 with the combination of all modalities. This demonstrates the
value of video content, its richness in terms of time and expressiveness, in terms of small-scale
estimation of emotional intensity. Nevertheless, text-only input still has decent regression performance
because it utilizes semantic depth through RoBERTa and Huber loss, which enhances regression
resilience to outliers or ambiguous instances.

%0+ Influence Modeling Robustness Across Modalities (UEIM)
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Figure 10: Influence modeling robustness for the proposed UEIM, comparing micro-F1 scores when using
only text, image, video, or all modalities as input
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The major simulation methods, including temporal dropout, multi-head Bi-LSTM cells, and feature
normalization across time steps, contribute to the improved performance of UEIM because it is not
focused on a particular sequence style and length. This renders the model very applicable in the
real-world longitudinal tracking of emotions, particularly in mental health tracking, digital journaling,
or behavior-sensitive recommendation systems.

The figure 10 shows the results of UEIM in the different modality settings indicate that it is resistant
to depicting emotional impact even when partial data is provided. The Micro-F1 scores are 72.4-75.5 %
when an inference is based on one of the three modalities, i.e., text, image, or video. In comparison, the
combination of the three modalities enables UEIM to achieve its ultimate goal with an 85.2° F1 score of
emotion-influence prediction across the social graph.

These results indicate that individual modalities provide useful emotional information, but there is
no doubt that the multimodal combination dramatically increases predictive accuracy. This is due to the
Graph Attention Network (GATv2) that performs well among high quality node feature vectors. A richer
and more context-aware fused representation that is richer and includes all three kinds of modalities can
be formed when signals of all three modalities are included in the fused representation, resulting in a
richer influence score between nodes.

Although text only inputs experience a slight loss in accuracy, mostly due to the lack of context when
dealing with short posts, images and videos have a greater number of affective cues, particularly those
related to surprise or fear. Even in such limited situations, the GATv2 module automatically reallocates
its attention associations to extract the optimal relational value out of whatever modality exists. In
addition, the training pipeline uses dropout-based modality masking, which will not cause the model to
over-rely on one particular source and will still be able to model influence robustly even when some
data is not available. This is all evidence that UEIM does not simply classify emotions, but also models
the spread of emotions across networks even when the feed is incomplete and is an absolutely crucial
property in real life applications in social media, digital wellbeing applications and content moderation.

100~ Model Robustness: Accuracy Under Modality Dropout Conditions
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Figure 11: Model robustness, showing test accuracy under modality dropout conditions
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The figure 11 shows the strength of the UEIM framework can be evidenced by the fact that it has a
high functioning in case of modality dropout. Under evaluation based on a single modality in the process
of inference, even though trained on multimodal fused inputs, UEIM retains high accuracy: 81.2% text
only, 82.5% image only, and 83.1% video only. Comparatively, the complete model with all modalities
gives an 88.6% accuracy with only a slight decrease in performance.

The design of the Cross-Modal Attention Fusion Network (CMAFNet) is the primary reason why it
is resilient, as it can not only combine modalities but also conditional attention, which is the capacity to
reweight features available dynamically in response to the presence of specific inputs. Moreover, the
shared latent projection spaces make sure that every modality acquires a representation that is partially
similar, thereby enabling one modality to partially make up for the absence of the other.

Also, modality dropout simulation was used during training as a type of data augmentation. The fact
that during training modality input vectors are randomly zeroed out pushes the model to form flexible
representations and does not allow it to overfit to a particular source. The method represents dropout at
the modality level in conventional neural nets.

Such results demonstrate that UEIM not only works well in perfect multimodal environments but
also provides a high-quality performance in deteriorated ones, which is appropriate to implement it in a

real-world setting, when not all data streams can be provided (e.g., low-bandwidth setting with missing
video feed or images).

Performance and Security Analysis of UEIM
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Figure 12: Performance and security analysis of the security-based unified emotional intelligence model
(UEIM)
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The figure 12 illustrates a comparative study of UEIM and other baseline models considering
different performance as well as security measures. These include F1 score for emotion recognition, top
1 accuracy for emotion sequence recognition, MSE for regression of valence arousal, micro F1 score for
emotional influence modeling, and security/privacy preservation (security of data, privacy protection,
and secure data propagation). It can be seen from the results that UEIM outperforms all baseline models
with respect to all measures considered.

4 Conclusion

In this research paper, a novel architecture for the Unified Emotional Intelligence Model (UEIM) is
proposed to bring together the processes of multimodal emotion recognition, behavior trajectory
prediction, and influence modeling into one pipeline. It should be noted that the model under
consideration has proved to successfully combine emotional texts, images, and videos in terms of
multimodal input through the CMAFNet fusion approach, temporal prediction of emotions based on
Bi-LSTM, and interpersonal emotion impact based on Graph Attention Network v2. The experimental
results conducted on different benchmarks demonstrate that the UEIM model performs much better in
emotion recognition (F1 score: 88.2%), trajectory prediction (Top-1 accuracy: 91.3%), and influence
analysis (micro-F1: 85.2%) tasks. Furthermore, the model demonstrates excellent robustness to
situations involving missing modalities with accuracy reaching above 80 % for single-modality data
processing. It follows that both approaches can be considered good in their own right, and both of them
used together give the best emotional faithfulness. The regression for valence-arousal is another good
state (MSE=0.018) as well, which is consistent with the suggested model and makes it possible to
estimate the emotion strength with high precision. All this makes the UEIM suitable for practical
applications in such domains as mental health monitoring, moderation of social media content, and
emotion-oriented personalization. It is also worth noting its ability to work with noisy and multilingual
data.

The present paper describes the UEIM, an emotional intelligence model that employs multimodal
emotion detection, behavioral trajectory analysis, and emotional influence assessment while
guaranteeing the safety of emotional information. The capability of the model to analyze highly sensitive
emotional information in noisy and incomplete environments renders it highly suitable for use in mental
health monitoring, content regulation, and adaptive engagement systems. UEIM represents a novel
approach to emotional intelligence models due to its reliance on deep learning algorithms and data
encryption protocols. This paper highlights the future directions that should be pursued in optimising
the UEIM for edge computing and enhancing its security features for multilingual and cross-cultural
applications.
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