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Text emotion recognition (TER) represents one of the crucial tasks in natural
language processing (NLP), and it is highly important for many applications.
To improve the performance of TER, advanced deep learning (DL) model
GRU-BiGRU-CNN-ALtt is presented in this research. It is a combination of
gated recurrent units (GRU), bidirectional gated recurrent units (BiGRU)
with a convolutional neural network (CNN), and an attention mechanism.
Using a GRU, BiGRU, and CNN as part of a deep feature extraction model,
combined with an attention mechanism that gives important information
different weights, the method that is proposed in the present work enhances
the quality of the word vectors and leads to increasing sentiment analysis
judgment accuracy. The whale optimization algorithm (WOA), which
selects the most informative features for further enhancing the model, is
used lastly for the optimization of the feature selection process. After such
optimization, those chosen features are trained on a multi-layer perceptron
(MLP), successfully combining machine learning (ML) and DL approaches
for improving TER. A varied corpus of tweets, sentences, and dialogues had
been used in the present work for the assessment of the performance of the
suggested model. The proposed method achieves 83.76% accuracy in
emotion recognition.
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1. INTRODUCTION

Text emotion recognition (TER) is an essential and rapidly developing activity in the sphere of
natural language processing (NLP). Its significance can be seen in its wide range of applications in different
applications, like social network analysis, where it can be used to gauge public sentiment from extensive
online discourse; mental health assessment, delivering insights into emotional states based on textual
analysis; and public opinion monitoring, where policymakers and businesses can be given the necessary
feedback [1]-[3]. Regardless of its importance, the interpretation of emotions in a text is one of the
challenging tasks, because of the challenging nature of the framework behind human language and
expression. The recent fast and unceasing development of digital communication technology has led to the
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rise in interest in the TER subject. The TER will be able to analyze the emotional content of the document,
giving it an advanced insight into its sentiment, intent, and expressive subtleties. The technology has been
applied in many sectors such as education, communications, and business, among others [4].

Human emotions can be categorized [5] the emotions of humans into six namely joy, surprise,
sadness, disgust, fear, and anger. There are many complicated forms of emotions such as optimism and love.
The dimensional approach was inspired by the theory described in [6], where feelings (not to be confused
with emotions) could be described in three dimensions: excitement-inhibition, tension-relaxation, and
pleasantness-unpleasantness. A prominent example is Plutchik’s wheel of emotions [7]. Plutchik believed
that eight fundamental emotions are present in everyone and modeled them in pairs and placed them on a
wheel, each opposite to the other: anticipation and surprise, anger and fear, sadness and joy, and disgust and
trust. The eight emotions are methodically organized depending on their physiological functions. An example
of a conceptual analogy of the wheel of emotions by Plutchik is a cone that unfolds to create a 2D wheel.
According to Plutchik's theory, those basic emotions may become stronger, weaker, or combined to form a
broad spectrum of emotions. The separation between emotions, specifically the secondary, primary, and
tertiary dyads indicated on the wheel of emotions, is relative to each other.

—  Primary dyads: combine adjacent emotions (e.g., joy and trust).

—  Secondary dyads: combine emotions with one intervening emotion (e.g. joy and fear, with trust
in between).

—  Tertiary dyads: combine emotions separated by two other emotions (e.g., joy and surprise, with trust
and fear in between).

Such dyads explain the complex interrelations between emotions, and this gives an organized
approach to learning the systematic interconnections between them on the wheel. This model provides a
subtle explanation of the interaction and transformation of emotions in the human emotional spectrum.
Although emotions are usually conveyed through facial expression, gestures, speech, and text, the latter does
not possess the expressive elements inherent in spoken language and non-verbal communication [8]. This
fact complicates text-based emotion recognition and makes it especially difficult. Text, by definition, does
not have any facial or tonal indicators (tasteless), which makes the situation of identifying the emotional
states more difficult. Besides that, the complexity and ambiguity of the inherent textual communication
contribute to the augmentation of these issues, because the words might have a wide variety of meanings and
morphological forms, which will lead to complicating the process of recognizing emotions in written text.
The TER relies on the use of NLP. NLP is a dynamic field of study that is urged by the increasing amount of
online textual materials. The preparation of the text is the first stage of the TER, it involves word breaking,
part of speech tagging, meaning as well as the structure of the sentences. The preprocessing will be followed
by the feature extraction stage, whereby the word vectors are quantified, formatted for computational
processing, and fed into the classification systems aiming at identifying the emotional states [4], [9]. In the
case of feature extraction, some common algorithms are applied, such as one-hot encoding where a binary
representation of the types of texts is obtained [4], [9], and the approach of term frequency-inverse document
frequency (TF-IDF), where the word relevance is established based on its frequency to end of having a
convenient and simplistic textual representation [10].

Designing reliable classification algorithms and efficiently selecting and weighting textual data
present challenges that extend beyond just the textual feature extraction. The previous models in the area of
TER had faced a wide range of limitations. Usually, they lacked a comprehensive taxonomy of emotions and
have been built on lexicons with insufficient kinds of vocabulary. Many disregarded semantic contexts, failed
to extract contextual information effectively from sentences, and performed poorly in detecting specific
emotions. Additionally, these models had trouble pulling out important meaning from the text, were slow to
process information, missed connections between different features, had too little data, and often made
mistakes in classifying emotions. Handling of commonly appearing emojis, poor extraction of semantic
information, and failure to adapt to different sentence structures were also other major concerns. Although
some of these gaps have been addressed in previous studies, current methodologies often face challenges in
collecting complex emotional patterns as well as improving feature representation effectively and limit
performance. In this paper, a more advanced deep learning (DL) architecture, GRU-BiGRU-CNN-Att is
proposed to have a significant effect on the accuracy and stability of TER. The combination of gated
recurrent units (GRU), bidirectional gated recurrent units (BiGRU), a convolutional neural network (CNN),
and an attention mechanism (AM).

This research offers several key contributions. First, propose a hybrid DL architecture,
GRU-BiGRU-CNN-Att, which integrates GRU and BiGRU with a CNN to extract deep features from text
effectively. An attention mechanism is incorporated, allowing the model to assign varying weights to crucial
textual information, thereby enhancing word vector quality and sentiment analysis accuracy. Second, the use
of whale optimization algorithm (WOA) for feature optimization marks a first in this context, identifying key
features to improve model predictions. Third, the strengths of the conventional machine learning (ML) and
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DL methods are then merged through training optimized features with (MLP) to achieve better results in
terms of emotional recognition in text. Fourth, the suggested model works well when it is applied to
text-based emotion recognition, though there is no vocal tone and face expressions. The model is applicable
to use on different platforms because three different datasets (simple sentences, dialogues, and Tweets)
enhance robustness and generalizability over other previous research studies that used a single dataset only.
This adaptability is useful in implementation like the analysis of customer reviews and enhancing social
media user security.

The rest of this research paper is structured as follows: section 2 is the review of the related
literature about emotion detection. Section 3 describes the proposed method and the computational methods
to overcome the previous limitations. Section 4 discusses and presents the results of the experiment in all
of the datasets. Lastly, section 5 also provides the conclusion of the research and recommends future
research directions.

2. LITERATURE REVIEW

TER has utilized different methods with the aim of improving the emotion recognition process of
textual information [4]. One of the key goals of such studies is to find models that best identify emotions. A
keyword-based approach was explored in [11] using the ISEAR dataset [12] and focused on the phrasal
verbs. They created a specific database following preprocessing the data and finding many phrasal verbs
linked to emotions that had not been previously indexed. They achieved a noteworthy 65% accuracy rate by
using this method to classify phrasal verbs and synonymous terms by emotion. Nevertheless, their
approach was constrained by a dearth of emotion-specific keywords and a disregard for the semantic depth of
word meanings. A learning-based method was developed in [13] using the ISEAR dataset [12] to create a
learning-based method. After comparing several classifiers, they concluded that logistic regression performed
better than extreme gradient boosting (XGBoost), k-nearest neighbor (KNN), and support vector machines
(SVMs). The study also suggested that DL methods may be used to achieve further refinements.

The Emo2Vec approach, which encodes emotional meanings into vector forms, was first presented
in [14]. They used both larger and smaller datasets, such as WASSA and ISEAR, for training Emo2Vec
inside a multitask learning framework. Their results outperformed more conventional models such as CNN as
well as deep moji embeddings, and their applications ranged from stress detection to sarcasm classification.
Emo2Vec produced competitive results when paired with GloVe and logistic regression.

Emotion detection from textual conversations was investigated on emotion detection from textual
conversations using an attention-based learning model [15]. Their architecture used tokenization,
bidirectional long short-term memory (Bi-LSTM) units, self-attention, and dense classification layers,
achieving a micro-F1 score of 75.82%. A two-step approach was proposed a two-step approach for emotion
detection in Twitter data by combining a rule-based method with a supervised naive Bayes classifier. The
rule-based and machine-learning approaches achieved accuracies of approximately 85% and 88%,
respectively [16]. A supervised learning framework was developed a supervised learning framework for
automatic emotion classification in textual streams. The approach combines an offline training stage with an
online classification stage for tracking emotions in real-time Twitter data [17]. Emotion analysis techniques
have also been applied emotion analysis techniques with the aim of identifying hate speech on social media,
with a focus on the analysis of unstructured data of posts that were intended to spread hatred [18].

Machine-learning and deep-learning approaches were reviewed machine-learning and deep learning
approaches for emotion analysis in textual data and discussed the main challenges associated with text-based
emotion detection [19]. Text-based emotion detection approaches were surveyed text-based emotion
detection and highlighted main approaches adopted in design of text-based emotion-detection systems [20].
A process for creating an emotion lexicon was described a process for creating an emotion lexicon enriched
with word-level emotional intensity to improve emotion analysis in texts [21]. Twitter data were used Twitter
data to identify emotions and sentiments and employed the resulting emotion and sentiment information to
generate generalized and personalized recommendations based on users’ Twitter activity [22].

3. METHOD

This section describes a hybrid architecture for improving TER, illustrated in Figure 1, which
combines DL and ML to leverage the strengths of both. The pipeline starts with data collection and
pre-processing to clean and prepare raw text data for training. Then several DL models will be trained and
tested, and the three best models are chosen according to the performance metrics, including accuracy and
Fl1-score. These best DL models are then combined (summed) to create a single latent feature vector, which
captures rich, multidimensional emotional information from text. This deep latent vector is then passed over
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to the most performing ML classifier, pairing strong DL feature extraction with the stability and
interpretability of conventional classification methods. Lastly, the performance of the hybrid system is
compared to the performance of individual DL and ML models for the purpose of determining which
configuration achieves the highest overall accuracy, addressing the weaknesses of the standalone methods as
well as delivering a more robust TER system.
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Figure 1. Suggested model for detecting emotions from text

3.1. Dataset description

The dataset to be utilized in the present study was compiled on three sources WASSA [23],
ISEAR [12], and Emotion-stimulus [24], where each one offered text and emotion labels in different formats
(dialogues, tweets, and sentences). ISEAR database was developed following a global effort of psychologists
in the 1990s and contains reports of approximately 3000 participants in 37 nations with seven fundamental
emotions (anger, joy, sadness, guilt, fear, disgust, and shame) [12]. The data was originally categorized into
173 emotions and later consolidated into seven main types: sadness, fear, joy, anger, surprise, disgust, and
shame. In addition, the dataset includes Emotion-stimulus statements, where the “cause” subset contains
820 sentences annotated with both an emotion label as well as its triggering cause, while the “no cause”
subset includes 1594 sentences labeled only with emotions [24], as summarized in Table 1. This study
combined three datasets (text sentences, dialogues, and tweets) into a single corpus of over 14,500 English
text samples. Each sample was labeled with one of six emotions—disgust, joy, fear, sadness, surprise, and
anger—based on syntactic and semantic polarity [5], [23]. As shown in Figure 2, these emotions are formally
defined, and the text may include extra punctuation and emoticons. The combined corpus exhibits an uneven
distribution across the emotion classes, which should be considered because class imbalance can influence
classification performance [25]. The final dataset contains only the sentences and their emotion labels, and it
has been split to training and testing sets using a ratio of 80:20.

sadness,
3109.22%

anger, 3112.22%

joy, 1190.80%

surprise, 212.10%
disgust,
3195.22%

fear, 3659.25%

manger mdisgust mfear Msurprise Mjoy Msadness

Figure 2. Six types of emotions in this work
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Table 1. Description of each dataset individually

Dataset Granularity  No. of emotions  Size  Description

ISEAR Sentences 7 emotions 7666  Studied in 37 countries
WASSA Tweets 4 emotions 4334 Tweets
Emotion-stimulus Dialogs 7 emotions 2500 —

3.2. Data pre-processing

One of the essential processes in data mining is preprocessing, which is used to eliminate
unnecessary texts and symbols in raw data to make them cleaner, easier to interpret, and more efficient for
analysis. Due to the fact that the data is collected in various sources, it is to be integrated and formatted prior
to further processing to achieve accurate findings. In this study, preprocessing was tailored to the dataset and
included stop-word removal, tokenization, stemming, emoji-to-text conversion, and lemmatization using
NLTK tools. As part of preprocessing, data cleaning was applied to eliminate noisy text (e.g., superfluous
symbols and words) that does not contribute to model learning [9]. After cleaning, the resulting sentences
were tokenized and used as model inputs, then split to training and testing sets and evaluated with multiple
ML and DL algorithms to improve performance, especially since the datasets were drawn from three
repositories (WASSA, ISEAR, and Emotion-stimulus).

3.3. Feature extraction

In order to speed up processing, feature extraction reduces dimensionality by dividing large amounts
of raw data into smaller categories [10]. This process converts the preprocessed textual data into numerical
representations that can be efficiently processed by the machine learning and deep learning models. In this
study, TF-IDF and Word2vec are used to represent term importance and semantic relationships, respectively,
as explained in the following subsections.

3.3.1. Term frequency-inverse document frequency

By combining term frequency with inverse document frequency, the TF-IDF method finds the
terms that are utilized most often in a document as well as those that are utilized infrequently throughout
the corpus. This method facilitates the process of choosing a unique term vector to act as a feature set for
the training of the model. In this work, text is converted to feature vectors with the use of TF-IDF
vectorizer, which allows them to be used as input for model estimators. A dictionary-like vocabulary is
created, with each token (word) being mapped to a feature index according to how frequently it appears in
the matrix. As a result, a feature index is given to every distinct token. The TF-IDF weight calculation is
expressed in (1).

W(d, t) = TF(d, t) * log (%m) (1)

In which d denotes documents, t denotes terms in the document, and N represents the total number of
documents.

3.3.2. Word embeddings

Various methods of word embedding have become common; they are GloVe, Word2vec, fastText,
and ELMo, although this study is based on Word2vec. Word2vec is trained on a large text corpus to learn
word associations via a neural network and presents words (and sentences) as numerical vectors, which can
be used to capture semantic relationships [26]. Due to the variation in sentence length, padding is used for
standardizing input size, allowing the model to process text uniformly, where a common length of sequence
is 50 tokens. The study creates an embedding matrix of the vocabulary terms (size-18210, 300) into a
300-dimensional continuous vector space with a pre-trained embedding to enhance semantic representation
and overall model performance.

3.4. Deep learning models

Artificial intelligence (AI) systems that enable ML as well as evolution without the need for explicit
programming are known as DL models [27]. For training the model as well as predicting emotions on the test
dataset, the preprocessed training dataset is fed into a number of components in this research, such as TF-IDF
transformer, CountVectorizer, and MLClassifier. The study makes use of pre-built DL and ML models. An
MLP is used in ML for predicting emotions. On the other hand, DL uses architectures like BiIGRU, CNN, and
GRU for emotion prediction tasks [27], [28]. The three DL components used in the proposed framework are
described in the following subsections.
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3.4.1. Gated recurrent unit

The vanishing gradient problem that traditional recurrent neural networks (RNNs) face is resolved
by the GRU [29]. Since they function similarly in various situations and share structural similarities with
long short-term memory (LSTM) networks, GRUs are frequently regarded as LSTM variants. GRU is
implemented as a single layer in the suggested model. The embedding layer of dimensions (18210, 300) is
used as input for GRU model after feature extraction. The GRU model then uses the training vector as input
for the prediction of emotions throughout the dataset.

3.4.2. Bidirectional gated recurrent unit

A sequence processing paradigm known as BiGRU [30] consists of two GRUs running
simultaneously, one backward and one forward. The output and input gates are the only ones utilized in such
a bidirectional RNN. BiGRU is implemented as a single layer in our suggested model. The embedding layer
of dimensions (18210, 300) is used as input for BiGRU model after feature extraction. BiIGRU model then
uses the training vector as input for predicting emotions throughout the dataset.

3.4.3. Convolutional neural network

In the context of DL, the CNN is a deep neural network (DNN) architecture that can also be applied
to text classification [31]. The CNN will form one layer in the proposed model. The CNN model consumes
an embedding layer of parameters (18210, 300) once the features are extracted, and then it takes the training
vector to predict the emotions horizontally in a dataset.

3.5. Multi-head attention

Multi-head attention represents a core component of modern DL—especially transformer-based
NLP models—because it can focus on different parts of an input sequence in parallel and integrate
information across representation layers. This makes it extremely efficient in the capture of the complex
dependencies and long-range relationships in tasks like text classification and machine translation [32].
Multi-head attention is applied in this work to combine the deep features extracted from three neural
architectures, namely GRU, CNN, and BiGRUs, that captures the various elements of sequential text,
including local patterns, temporal dependencies, and bidirectional context. Both of these complementary
representations give the model a deeper understanding of the input and enhance its capacity to identify both
global and local contextual cues, resulting in improved NLP performance. The other benefit is its
computational efficiency: multi-head attention is capable of modeling complex patterns and processing
multiple input components at once, helping to address long-range dependency and decreasing issues such as
vanishing gradients associated with deep networks. Given that attention is computed in parallel with several
heads, training and inference are more scalable and faster, hence multi-head attention is central at the core of
state-of-the-art NLP systems [32].

3.6. Feature selection with whale optimization algorithm

The WOA is a metaheuristic optimization method, which has been based on the cooperative hunting
behavior of the humpback whales. It searches for optimal solutions through iteratively updating a population
of candidate solutions, balancing exploration and exploitation with encircling prey and bubble-net feeding
techniques where promising regions of the search space [33]. Optimization-based feature-selection methods
have been applied to textual and sentiment-analysis tasks to retain informative features and reduce redundant
attributes [34], [35]. The WOA model is used in this study to find the most useful deep features proposed by
multi-head attention with the purpose of preserving informative features and losing redundant or irrelevant
features [34], [35]. This reduces the feature-space size and improves the efficiency, interpretability, and
performance of later learning tasks. Through the combination of WOA with multi-head attention, the method
enables a thorough search of high-dimensional feature spaces—common in DL—while remaining scalable
and adaptable, helping produce more robust and generalizable feature representations [33].

3.7. Hybrid model

As seen in Figure 3, the suggested hybrid model combines DL algorithms for predicting emotions.
BiGRU and CNN are examples of DL components, whereas an MLP classifier is used in ML [28]. Word2vec
is used to transmit the input datasets via the word embedding layer at the beginning of the procedure. The
resultant embedding vector is then sent into CNN and BiGRU, two DL algorithms. The BiGRU and CNN
models only serve as encoders because the last layer was eliminated [28]. Furthermore, for the provided input
embedding vector, both of such encoders produce a latent vector. These latent vectors are then sent into the
MLP classifier after being concatenated. The emotion regarding the input words is after that predicted by the
MLP classifier. Because classification models from both the DL and ML domains were carefully chosen, the
suggested hybrid model shows better results in terms of F1-score and accuracy. BIGRU and CNN, two DL
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model results, performed well individually. In the same way, MLP stood out as a strong performer among
ML algorithms [36]. To improve overall performance, the hybrid model integrates the top classifiers from the
two categories. The best DL models are combined to create the hybrid model, which produced the highest
accuracy as well as F1-score. The top-performing ML models, which are renowned for their high accuracy in
emotion prediction tasks, were then fed the latent vector that was extracted from such models [37]. Figure 3
shows how the DL and ML models are combined to produce better results by utilizing the advantages of the
two fields.

Features Concatenation
With Attention

Deep Features Extraction

e
Features
i : MLP
Embeddlng Sele.cuon
with
Layer
WOA
Algorithm
= et h A

COODOD

- - = seprised  amgry

Figure 3. CNN model for detecting emotions from text

4. RESULTS AND DISCUSSION

To understand the best performance of the suggested hybrid model, a thorough sequence of
experiments with the highest number of DL models and testing approaches was performed. The analysis was
based on commonly used binary measures in classification: precision, recall, F1-score, and accuracy built on
the confusion matrix [38]. The metrics were calculated by evaluating each of the classes of emotion
separately and then getting the macro-averaged accuracy of overall model performance across all classes. To
this end, the true positive (TP), true negative (TN), false positive (FP), and false negative (FN) were
harvested by matching model-generated predictions against the expert-annotated ground truth on each of six
distinct emotion categories. The calculation of the items of performance was made by (2) to (5).

.. truely positive classifications TP

Precision = TP - .f - = 2
all positive classifications TP+FP
truely positive classifications TP
Recall = Zuety posity ! = 3)
all positive examples TP+FN

PrecisionxRecall 2XTP

F1 — score =2 X = 4)

Precision+Recall 2 X(TP+FP+FN)

true classifications _ TP+TN (5)
all classifications  TP+TN+FP+FN

Accuracy =

The testing was done on a multi-domain textual dataset that consists of a mixture of tweets, formal
sentences, and dialogues. This dataset includes ISEAR, WASSA, and Emotion-Stimulus, with all of them
covering a broad area of linguistic expressions and emotional stimuli. The pre-trained word embeddings have
been used for initializing input features. In particular, it referred to the embedding layer that took in a
padded version of the input vector (18210, 300) to allow consistent representation of data on text of a
different length. As can be observed in Table 2, the proposed hybrid model, based on GRU, BiGRU, CNN,
WOA, and MLP, performs better than the baseline models in all of the evaluation metrics. The hybrid model
has a precision of 85.34%, a recall of 83.98%, and an F1-score of 84.34% that culminate in overall accuracy
of 83.76%. The base model (CNN+BiGRU+SVM) achieved a precision of 82.39%, recall of 80.40%,
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F1-score of 81.27%, and accuracy of 80.11% [28]. These incremental improvement evidence indicates how
well the hybrid framework can be used in the description of emotive details in a superior way as compared
with individual or simpler composite modeling. Previous studies have also investigated deep-learning and
hybrid architectures for text-based emotion recognition, including several deep-learning and hybrid
approaches reported in [28], [36], [37], [39]. Additional related work has examined emotion recognition
through facial images, EEG signals, rule-based implicit-text analysis, conversational transfer learning,
multimodal audio-text modeling, graph-based conversation modeling, and broad reviews of text-based
emotion detection [40]-[46].

Table 2. Evaluation results of different models

Model Precision  Recall Fl-score  Accuracy
GRU 78.37 78.94 78.65 78.02
BiGRU 80.62 79.64 80.09 79.46
CNN 82.12 79.92 80.76 79.32
CNN+BiGRU+SVM (Base article [28]) 82.39 80.40 81.27 80.11
GRU+BiGRU+CNN+WOA+MLP (Proposed method) 85.23 83.98 84.34 83.76

The proposed model works well as it is a combination of complementary elements of DL, GRU, and
BiGRU help to capture the sequential and contextual dependencies in a text, and CNN layers extract local
semantic patterns. The attention mechanism emphasizes highlights emotion-relevant tokens, and WOA is
used for feature selection that are most informative and decrease redundancy. The selected features are then
classified through an MLP to give stable emotion predictions. The comparative bar charts (Figure 4) prove its
superiority because the improvement is always observed in the evaluation metrics. The findings show
excellent empirical functionality, as well as the prospects of multi-component designs to advance TER,
especially in real-world applications that would benefit from subtle knowledge of affective language,
including sentiment-sensitive chatbots, mental health analysis, and opinion-finding systems.

o
(o)}

B Precision M Recall ®F1-score ¥ Accuracy

77 III III

7
7

CNN+BiGRU+SVM (Base article [46]) GRU+BiGRU+CNN+WOA-+MLP
(Proposed method)

Percentage
xR o0 0 0 O ©
O O =~ N W A~ W

o]

Model

Figure 4. Evaluation results of different models

5.  CONCLUSION

This paper is a hybrid framework that uses ML and DL to develop a text-based emotion recognition
model. The three datasets, which are included in the proposed model, are Emotion-stimulus dataset, WASSA,
and ISEAR. Its adaptability ensures that the model is effective in processing a wide range of text inputs (tweets,
dialogues, keywords, sentences, and lexicon words) that are associated with emotions. Comparison of findings
in the proposed method and baseline model, as shown in the given table, indicates significant differences in the
performance measures. In particular, the given model has better accuracy, recall, and precision as well as
F-measure compared to the baseline base article model. This significant advancement highlights the suitability
of the developed method in text-based emotion recognition. The amalgamation of several neural network
architectures and machine learning methods in the suggested model seems to provide synergistic advantages, as
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one might gain a more in-depth insight and classification of emotional content within textual data. Moving
forward, we will consider the use of other classifiers or ensemble approaches for improving performance even
further. In the area of DL, the combination of the BiGRU, CNN, and LSTM architectures will be explored.
Moreover, the differences in the structure of the sentence will be explored, and the analysis of the regional
languages will be included. Given the prevalent use of text-based communication channels such as text
messaging, social media, and online reviews, there exists an opportunity to develop a real-time emotion
recognition model capable of discerning people's emotions and moods from vast data streams.
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