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ABSTRACT 

This study addresses a specific difficulty in automated emotion recognition from social media text: 
informal spelling, slang, elongated words, emojis, and hashtags routinely degrade classifier accuracy. A 
Multi-Model Deep Learning Architecture for Social Media Emotion Detection (MMDLA-SMED) is 
proposed, combining a dedicated normalization pipeline with a soft-voting ensemble classifier. Raw posts 
are processed through cleaning, hashtag segmentation, slang expansion, emoji-to-text conversion, word-
elongation normalization, and lightweight spelling correction. The normalized text is encoded using 
FastText, whose sub-word character n-gram representation embeds out-of-vocabulary and misspelled terms 
common in social media posts. Classification combines three heterogeneous deep learning architectures, an 
improved temporal convolutional network (TCN), a residual gated recurrent unit (ResGRU), and a 
hierarchical attention network (HAN), trained independently and merged through soft voting so 
convolutional, recurrent, and attention-based decision patterns jointly determine the predicted emotion. 
MMDLA-SMED is evaluated on two benchmark tweet-emotion datasets, one with 12 classes and 39,173 
samples and another with 6 classes and 16,000 samples, under a 70:30 train-test split. On the 12-class 
dataset, the model attains a testing accuracy of 98.72%, precision of 87.95%, recall of 73.15%, and F1-
score of 74.82%; on the 6-class dataset it attains a training-phase accuracy of 98.38%, precision of 94.28%, 
recall of 91.56%, and F1-score of 92.81%, outperforming Random Forest, Decision Tree, LightGBM, 
GCN, GraphSAGE+Pooling, GoLA, DIMINANT, GAAN, 1D-CNN, LSTM, Bi-LSTM, CNN-LSTM, 
CNN-BiLSTM, MAPLE, and DSGN on every measure. Class-wise results show minority categories such 
as boredom and anger are recognized with markedly lower recall than dominant categories, reflecting class 
imbalance in both datasets rather than an architectural limitation. These findings indicate that pairing 
subword-aware embeddings and informal-text normalization with a soft-voting ensemble of 
complementary deep learning models is effective for emotion classification in noisy, user-generated social 
media text, while pointing to class imbalance as the main remaining bottleneck for rare-emotion detection. 

Keywords: Emotion Identification, Social Media Data, Word Embeddings, Deep Learning, Ensemble 
Classifier 

1. INTRODUCTION 

The rapid growth of social networking 
platforms such as Instagram, Twitter (X), Reddit, 
and Facebook has changed the way people 
communicate and has reshaped public discourse 
[1]. These platforms function as open spaces where 
users share opinions, personal experiences, and 
social or political viewpoints in real time [2]. As a 
result, everyday activity on these platforms 
generates large volumes of unstructured text that 
form a valuable resource for studying individual 
and collective opinion. Because such posts are 
informal and spontaneous, they are also particularly 

useful for capturing sentiment across diverse 
contexts, communities, and time periods [3]. This 
growth of user-generated text has made social 
media a central focus of computational linguistics 
and data-driven decision-making. Sentiment 
Analysis (SA), also referred to as opinion mining, 
is the sub-field of computational linguistics 
concerned with automatically identifying and 
categorizing the opinions, evaluations, and 
emotional orientation expressed in text [4], [29]. 
Conventionally, SA assigns text to positive, 
negative, or neutral polarity classes, whereas 
Emotion Detection, the specific problem addressed 
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in this paper, extends this idea by assigning text to a 
finer set of discrete affective categories such as joy, 
sadness, anger, fear, and surprise, grounded in 
established psychological models of emotion [30]. 

Natural Language Processing (NLP), the 
sub-field of Artificial Intelligence (AI) concerned 
with enabling machines to parse, interpret, and 
generate human language, provides the core tool-set 
for extracting insight from the ever-growing 
volume of social media data [5]. When applied to 
social media text, NLP methods can uncover 
linguistic patterns that reflect the emotional state of 
users [6]. Emotion analysis, a major application 
area of NLP, evaluates such patterns to obtain a 
better understanding of the psychological well-
being of users at scale [7]. Classical approaches to 
sentiment and emotion classification relied on 
shallow supervised classifiers such as Support 
Vector Machines (SVMs) and Naive Bayes (NB), 
which depend on hand-crafted linguistic features 
[8]. Deep Learning (DL), a family of neural 
network methods that automatically learns 
hierarchical feature representations directly from 
raw data without manual feature engineering, has 
since become the dominant paradigm for this task 
because it captures the complex, non-linear 
semantic structure of text more effectively than 
shallow models. SA is generally studied at three 
levels of granularity: document-level SA (DLSA), 
which assigns a single sentiment label to an entire 
document; sentence-level SA (SLSA), which 
separately classifies each sentence and additionally 
distinguishes subjective from objective content; and 
aspect-based SA (ABSA), which identifies 
sentiment toward specific entities or attributes 
mentioned in the text and is generally regarded as 
more fine-grained than both DLSA and SLSA, 
since it must resolve the relationship between an 
opinion phrase and its target [9], [10]. Every 
minute, an enormous number of comments, blog 
posts, and micro-blog updates are added to social 
platforms, and SA techniques are used to make 
sense of this continuous stream of public opinion 
[11]. A further motivation for automated emotion 
recognition is emotional contagion, the 
phenomenon whereby exposure to emotionally 
expressive content can shape the mood and 
behavior of other users, often without their 
conscious awareness. 

To enhance the reliability of emotion 
recognition from social media content, this paper 
presents a Multi-Model Deep Learning Architecture 
for Social Media Emotion Detection (MMDLA-
SMED). The proposed MMDLA-SMED model 

encompasses a comprehensive step for better 
classification of emotions, which consists of 
preprocessing of input text, a FastText-based word 
embedding approach, and an ensemble deep 
learning-driven emotion classification approach. 
The effectiveness of the MMDLA-SMED model is 
inspected using benchmark datasets across diverse 
measures. The core contribution of this manuscript 
is as follows:  

 Employ the FastText model as a robust word 
embedding strategy, which converts social 
platform data into meaningful vector 
representations. 

 Design a soft-voting deep learning-based 
ensemble classifier, combining an improved 
temporal convolutional network (TCN), 
residual gated recurrent unit (ResGRU), and 
hierarchical attention network (HAN), 
achieving robust and precise emotion 
detection. 

 Conduct extensive simulation and 
comparative analyses using benchmark 
datasets to evaluate the MMDLA-SMED 
model, demonstrating superior performance 
over other techniques and models across 
different evaluation measures. 

2. REVIEW OF RELATED LITERATURE  

This section briefly reviews prior related 
works regarding emotion detection from social 
median content. Kusal et al. [12] intended to 
examine the extent to which the utilization of 
emojis is involved in the automatic identification of 
emotions in text data, with a focus on online social 
communications. This emoji-aware hybrid DL 
method is used for multimodal emotion 
identification. In [13], an application of a multi-
class SA technique for the Amharic language was 
presented. This system uses a method called 
integrated DL. Integration of the layers of a CNN 
with BiLSTM leads to the expansion of this multi-
class SA architecture, which is considered the 
bidirectional convolutional ENN (BCRNN). The 
abilities of the BiLSTM to collect the sequential 
dependency could be integrated with the robustness 
of the CNN for gaining the local attributes. 
According to these dual variables, the method has a 
superior ability to gain fine-grained data and 
contextual data that can be essential to perform an 
SA on Amharic inscribed texts. Zhou and Mohd 
[14] developed an innovative architecture for 
depression identification that combines cutting-
edge text preprocessing with a DL method. The 
preprocessing pipeline comprises dual main 
modules, where the emojis have been transformed 
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into texts through emoji normalization, and after 
slang expressions can be substituted by a 
customized dictionary. Emotion scores assist as 
supplementary elements for identifying the 
depression-based emotional indications in the texts. 
This system integrates BERT's contextual 
embeddings [35] with the sequential processing 
ability of BiLSTM for efficiently representing the 
emotional contents in social networking site 
updates.  

Khemani et al. [15] implemented an 
improved graph convolutional network (IGCN), 
which uses the network architecture of social media 
texts for improving emotion recognition. Moreover, 
an attention mechanism (AM) optionally 
highlighted the contextually important words, thus 
boosting the classification correctness and 
interpretability. In [16], the DL-based sentiment and 
emotion classification (SENTI-EMO) was 
inspected for providing the correct outcomes. 
Primarily, the pre-processing of twitter messages, 
like normalization, correction, tokenization and 
noise removal, is accomplished to increase the 
classification accuracy. In the noise removal stage, 
the stop word method has been utilized for learning 
about the context of tweets for enhancing the 
classification outcomes. Later, the pre-processing 
method, SA classification is completed by utilizing 
the attention-based GRU that comprises various 
layers for extracting the higher-level features. In the 
attention layer, only crucial features have been 
measured to decrease the redundancy, which 
improves the precision of SA classification. The 
extracted features are classified into sentiments like 
strongly positive, positive, neutral, and negative. 
These categorized sentiments have been integrated 
by employing the spatiotemporal optics (STO) 
model that creates cluster-based time stamp Twitter 
ID, and geographical position.  

Shwetha and Pushpalatha [17] considered 
the multi-MentalBERT, a hybrid DL architecture 
for performing the two-stage multi-class 
classification by using the monolingual and code-
mixed datasets. This model incorporates the 
multilingual contextual attributes originated from 
MuRIL with psychological health-related 
embeddings of MentalBERT by employing the 
cross-attention fusion, maintained by hierarchical 
attention and deep joint autoencoder (AE) for 
making a combined learning representation. Lee et 
al. [18] presented an innovative technique for 
improving emotion detection through changing 
SNS informal texts into normal language via 
ChatGPT, which provides a generative large 

language model (LLM). The 4-transformer 
architecture, XLM-RoBERTa, BERT, DistilBERT, 
and RoBERTa are trained with the integrated 
dataset that exceeded such trained texts and denoted 
that converting the SNS vernacular texts into a 
common language increases the emotion 
identification.  

3. PROPOSED MODEL ARCHITECTURE 

This study proposes the MMDLA-SMED 
model for improving the accuracy of emotion 
recognition from social media texts. Fig. 1 
showcases the end-to-end architecture of the 
MMDLA-SMED model. As exhibited in Fig. 1, the 
process begins with text preprocessing, where 
cleaning, hashtag segmentation, slang expansion, 
emoji conversion, word elongation normalization, 
and lightweight spelling correction techniques are 
applied to prepare the input for analysis. 
Subsequently, the FastText architecture is deployed 
for converting the text into meaningful numerical 
vectors, capturing semantic information. Besides, 
the classification process is executed using a soft-
voting ensemble approach that combines improved 
TCN, ResGRU, and HAN techniques. Each model 
predicts class probabilities independently, and the 
final emotion label is determined by averaging 
these probabilities. This strategy improves overall 
classification stability and performance compared 
to a single model. 

 

Figure 1: End-to-end workflow of the MMDLA-SMED 
architecture 

3.1. Text Pre processing Pipeline 

Text preprocessing ensures the dataset is 
reliable, proper, and accurate, resulting in higher 
performance of the model. In this study, a vital 
normalization pipeline is utilized for cleaning and 
standardizing the textual data whereas maintaining 
the emotional semantics [19]. Primarily, the basic 
cleaning process is executed, such as redundant 
whitespace, elimination of URLs, lowercasing, and 
user mentions (@user). Hashtags have been 
processed by removing the hash symbol (#) and 
executing the hashtag segmentation in the 
representation of meaningful essential words. This 
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stage allows the model to gain latent semantic data 
embedded in the multiple hashtags. 

In order to overcome the informal 
language utilization, the slang terms and 
abbreviations must be extended by applying the 
predetermined lexical dictionary (for example, 
“omg” → “oh my god”, “tbh” → “to be honest”). 
Emojis are transformed into their respective textual 
descriptions to maintain the emotional signs 
exhibited using pictographic symbols. Also, 
extended words are utilized for emotional 
highlights (like “soooo happy”) that can be 
normalized by decreasing the recurrent characters 
to their normal formations of words. In conclusion, 
the lightweight spelling correction depends on the 
edit-distance has been used for correcting small 
typographical errors. This important preprocessing 
model decreases the noise while preserving 
emotional integrity and context of the texts, thus 
enhancing the efficacy of consequent embedding 
and classification phases. 

3.2. Semantic Feature Representation using 
FastText 

FastText is employed to transform social 
media text into meaningful sematic vector 
representations for effective feature learning. The 
FastText is a subclass of Word2Vec designed by 
Facebook’s AI Research (FAIR) lab, increases word 
embedding by taking into account of sub-word 
character n-gram details [33], as demonstrated in 
related word-embedding-based classification 
studies [20]. As an alternative to learning word 
vectors, FastText directly indicates every individual 
word as a bag of character 𝑛‐grams. This 
methodology enables FastText to produce 
embeddings for out-of-vocabulary terms while 
identifying internal word structures. The loss 
function can be utilized for FastText in which same 
as the Word2Vec but integrates the subword 
information. 

𝐽ி௔௦௧்௘௫௧ = − ෍ log

௪೔∈௖௢௡௧௘௫௧

𝜎൫𝑣௪೔
் 𝑣௪೟

൯                 (1) 

Here the parameter 𝑣௪೔
 denotes context 

word’s embedding vector and 𝑣௪೟
 refers to target 

word’s embedding vector. With the usage of 
subword details, FastText has achieved increased 
efficiency on tasks that involve unique and complex 
morphological languages. This embedding method 
are chosen due to provide a balance among 
simplicity, performance and interpretability that can 
be more crucial for tasks.  

3.3. Multi-Model Emotion Classification 
Framework 

The classification process is carried out 
through using a soft-voting ensemble mechanism 
that integrates three DL architectures, such as 
improved TCN, ResGRU, and HAN. 

3.3.1. Soft-Voting Ensemble 

In order to increase the strength of 
emotion classification, a soft voting ensemble 
approach is used for integrating the classification of 
Improved TCN, Residual GRU, and Hierarchical 
Attention Network (HAN). Every base model 
generates a probability distribution using the 
emotion classes. Rather than choosing the majority 
class (hard voting), soft voting averages the 
projective possibilities from whole models and 
preserves the confidence data. The last class label 
could be evaluated by selecting the class with the 
maximum combined probability. In the 
mathematical manner, the final classification can be 
measured by, 

𝑦ො = arg max 
௞

൭
1

𝑀
෍ 𝑝௠,௞

ெ

௠ୀଵ

൱                                 (2) 

Here the parameter 𝑀 refers to the number 
of models and 𝑝௠,௞ indicates the probability 
projected at the 𝑚௧௛model for classification. 

3.3.2. Improved TCN 

The TCN is dependent upon the 
conventional one‐dimensional fully convolutional 
neural network (1DFCNN) method, and integrates 
the residual block architecture, dilated convolution 
and causal convolution [21], [34]. Accordingly, the 
model has the capability for feature representation 
and the achievement of classification. Then, 
efficiently overcome the performance degradation 
issue of deep networks in the network training 
process. The dilated causal convolution has been 
utilized for feature representation, the weight norm 
controlled hidden layer’s (HL) inputs to address the 
gradient explosion complexity in the network 
architecture, the ReLU provides non-linear 
mapping, and Dropout implements regularization 
through randomly dropping neurons, thus it is 
prevented the overfitting complexity and boosted 
the training speed of model. Given input 𝑥, the 
residual block produces, 

𝑜 = 𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛൫𝑥 + 𝐹(𝑥)൯                                     (3) 

Whereas the mathematical term activation 
refers to the activation function and 𝐹(𝑥) remains 
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the residual. AS the residual 𝐹(𝑥) cannot be 0 in 
real-time, the stacked layers in the DL architecture 
is learned new features, thus the learning outcome 
of the deep network cannot be decreased. Casual 
Convolutions are initially presented within the 
WaveNets architecture. The receptive field 
expansion of NN neurons in conventional causal 
convolution requires several network layers, as 
stacked or larger convolution kernels are utilized. 
Moreover, TCN integrates the dilated convolution 
with causal convolution, and utilizes the dilated 
causal convolution (DCC) for improving the 
receptive field of neurons with no major rise in 
computational expenses. The 1D DCC model can 
be represented by, 

𝐹(𝑠) = ෍ 𝑓

௞ିଵ

௜ୀ଴

(𝑖)𝑥௦ିௗ௜                                                 (4) 

Here, the parameter𝑓(𝑖) represents the 
filter, otherwise called as convolution kernels,  𝑥 
refers to the input sequence,  𝑘 denotes the 
dimension of convolution kernels, 𝑑 indicates the 
dilation parameter,  𝑠 − 𝑑𝑖 is confirmed that only 
previous inputs must be measured.  

Modeling human cognitive focus, the 
attention mechanism (AM) assigns distinct weights 
to features within the HL, thus highlighting the 
effect of significant features. The self‐attention 
mechanism (SAM) is an enhancement of the AM 
that intentions to gain the internal relationship of 
the data and increase the capability classification 
model. The SAM comprises the V (Value), K 
(Key), and Q (Query) vectors, and these have been 
acquired through the multiplication of the input text 
data using 3 parameters 𝑊௩ , 𝑊௞, and 𝑊௤. The 
mathematical terms 𝑊௤ , 𝑊௞, and 𝑊௩ can be the 
conversions of text data, and the attention matrix 
has been applied for determining the feature 
attention. 

𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ቆ
𝑄𝐾்

ඥ𝑑௄

ቇ,           (5) 

Now, the parameter 𝑑௄  represents the 
dimension of 𝐾 and𝑇 means the matrix transpose.  

The addition of self-attention earlier as 
every convolutional module in the TCN residual 
block architecture, and the improved TCN residual 
block model is adopted, where the deep TCN 
architecture contains an input layer for text data, 
dual stacked enhanced residual blocks for 
increasing model depth, and an output fully 
connected layer to compute the classified values. 

According to the improved residual block model, 
the architecture enhances training suitability and 
effectively generates the output vector from the 
TCN framework for classification. Fig. 2 
demonstrates the architecture of the improved TCN. 

 

Figure 2: Architecture of the improved TCN 

 

3.3.3. ResGRU 

ResGRU is established by implementing 
the residual block in the GRU architecture for 
feature representation with the specified text data. 
The GRU method has been utilized for managing 
the extended memory and the sequential 
complexity in the network architecture [22], [31]. 
The HL in the network can be exchanged by 
utilizing the gate model for evaluating the 
important text data and preventing redundant data. 
The input representations must be identified by 
employing the reset gate 𝑠௧, with the help of the 
update gate 𝑦௧  and preceding memory. The text data 
is obtained on the basis of the maximal value of 𝑦௧ . 
The quantity of data is evaluated by applying the 
reset gate in the node 𝑔௧. Also, the HL should be 
measured in the existing movements through the 
update gate. The mathematical form is calculated 
by, 

𝑦௧ = 𝜎൫𝑋௬𝑧௧ + 𝑉௬𝑔௧ିଵ + 𝑐௭൯                                  (6) 

𝑠௧ = 𝜎(𝑋௦𝑧௧ + 𝑉௦𝑔௧ିଵ + 𝑐௦)(7) 

𝑔௧ = tanh൫𝑋௚𝑧௧ + 𝑉௚(𝑠௧ ⊗ 𝑔௧ିଵ) + 𝑐௚൯              (8) 

𝑔௧ = (1 − 𝑦௧) ⊗ 𝑔௧ିଵ + 𝑦௧ ⊗ 𝑔௧                          (9) 

From this expression, the symbol ⊗ refers 
to the Hadamard product. The bias value is 
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represented by the terms 𝑐௬ , 𝑐௦, 𝑐௚. The existing 
movement HL output is denoted as 𝑔௧, and the 
weight matrices must be specified as 
𝑋௬ , 𝑋௦, 𝑋௚, 𝑉௬ , 𝑉௦, 𝑉௚. 

The degradation outcome is addressed by 
employing the residual network. The identity 
mapping has been used through the accumulation 
layer after the residual will be represented as 0. 
Totaling the final GRU outputs mirrors residual 
mapping. The residual block can be indicated in 
this mathematical form, 

𝑧ோ = 𝑟𝑒𝑙𝑢 ቀ𝐵𝑛ఊ,ఉ(𝑧) + ℎ(𝑦௧)ቁ                           (10) 

Where the batch normalization (BN) and 
ReLU activation operations have been denoted by 
𝐵𝑁(∙)and𝑟𝑒𝑙𝑢(∙). The learnable variables can be 
represented as 𝛾and 𝛽. The relationship among the 
text data and the semantic information is 
recollected by utilizing the ResGRU. It helps to 
increase the identification efficiency. 

3.3.4. HAN 

A multi-level attention framework is 
combined with two path encoders and a multi-head 
attention (MHA) fusion mechanism for social 
media emotion classification [23], building on the 
original hierarchical attention formulation [32]. 

The two-path encoder comprises a detailed 
encoder path and a fast-encoding path. The fast 
path utilizes a lightweight multi-layer perceptron 
(MLP) for processing the textual feature 
representation𝑠௙௘௔௧௨௥௘:  

ℎ௙௔௦௧ = 𝑅𝑒𝐿𝑈൫𝑊ଶ ⋅ 𝑅𝑒𝐿𝑈൫𝑊ଵ ⋅ 𝑠௙௘௔௧௨௥௘ + 𝑏ଵ൯  + 𝑏ଶ൯, (11) 

Here, the mathematical form 𝑊ଵ ∈ ℝ଺ସ×ௗ, 
𝑊ଶ ∈ ℝଷଶ×଺ସ, and 𝑏ଵ, b2 describe biases. This path 
quickly extracts the main emotional features from 
the input representation. 

ℎௗ௘௧௔௜௟௘ௗ = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑐𝑜𝑛𝑐𝑎𝑡(𝑠௥௔௪ , 𝑠௦௘௠௔௡௧௜௖ , 𝑠௖௢௡௧௘௫௧)).  (12) 

The MHA fusion model balances the 
involvement of the dual encoder paths through 
effectively changing their weights with respect to 
textual feature complexity. The mathematical form 
is derived by, 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ቆ
𝑄𝐾்

ඥ𝑑௞

ቇ  𝑉     (13) 

ℎ௙௨௦௘ௗ = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑൫ℎ௙௔௦௧ , ℎௗ௘௧௔௜௟௘ௗ൯               (14) 

𝛼 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 ൫𝑊௙ ⋅ 𝑠௙௘௔௧௨௥௘ + 𝑊௖ ⋅ 𝑠௖௢௠௣௟௘௫௜௧௬ + 𝑏൯(15) 

ℎ௙௜௡௔௟ = 𝛼 ⋅ ℎ௙௔௦௧ + (1 − 𝛼) ⋅ ℎௗ௘௧௔௜௟௘ௗ .             (16) 

The gating coefficient 𝛼 is learned 
dynamically instead of fixed. This can be actively 
shifted attention among the fast path ( ≈ 1 for 
higher noise) and the detailed path (𝛼 ≈ 0 for 
intricate semantics), thus accelerating the 
classification effectiveness. 

In order to provide multi‐scale feature 
extraction, a symmetric dual‐path encoder model is 
developed, and a balance is accomplished between 
computation effectiveness and semantic depth. 
Particularly, the fast path employs a lightweight 
MLP for quickly extracting the significant data 
from features 𝑠௙௘௔௧௨௥௘, 

ℎ௙௔௦௧ = 𝑅𝑒𝐿𝑈൫𝑊ଶ ⋅ 𝑅𝑒𝐿𝑈൫𝑊ଵ ⋅ 𝑠௙௘௔௧௨௥௘ + 𝑏ଵ൯ + 𝑏ଶ൯, (17) 

Here the parameters 𝑊ଵ and 𝑊ଶ describes 
weight matrices. On the other hand, the detailed 
path utilizes a stacked hierarchical attention layer to 
gain the intricate dependencies in the combined the 
semantic contexts [𝑠௥௔ ᇲ 𝑠௦௘௠௔௡௧௜௖ , 𝑠௖௢௡௧௘௫௧], 

ℎௗ௘௧௔௜௟௘ௗ = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑐𝑜𝑛𝑐𝑎𝑡(𝑠௥௔௪ , 𝑠௦௘௠௔௡௧௜௖ , 𝑠௖௢௡௧௘௫௧)). (18) 

The fusion model accomplishes fast path 
balancing through swift data component as the 
query for a thorough context dataset (𝐾 = 𝑉). A 
variable weighting value 𝜎, calculated from the 
data’s complexity and the merging of features, then 
regulates this process. 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ቆ
𝑄𝐾்

ඥ𝑑௞

ቇ 𝑉,    (19) 

𝑎𝑙𝑝ℎ𝑎 = 𝛼 ⋅ ℎ௙௔௦௧ + (1 − 𝛼) ⋅ ℎௗ௘௧௔௜௟௘ௗ ,          (20) 

Here, the mathematical value 𝛼 ≈ 1 is 
prioritized the fast path, if 𝛼 ≈ 0 highlights 
comprehensive semantics, thus assuring adaptive 
feature weighting.  

Moreover, a dual network framework has 
been utilized for decoupling the state values from 
the benefits, thus improving the stability, 

y = Softmax൫W୭ ⋅ h௙௜௡௔௟ + b௢൯.             (21) 

For assuring constant convergence, a 
multi-stage training approach is utilized and 
developed from a large-scale social media dataset 
training together with mini-batch optimization. This 
method is used to decrease the categorical cross-
entropy loss, 

L = − ෍ 𝑦௜

௄

௜ୀଵ

log (𝑦ప)෢ (22) 

The hierarchical attention mechanism 
estimates contextual importance weights at the 
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word-level and sentence-level instead of computing 
them directly from raw sequences. The model is 
pre‐trained on processed textual corpora and 
continuously updated during supervised training. In 
order to overcome contextual variability in social 
media text, a sliding window (SW) mechanism with 
a fixed length has been utilized. A first‐in‐first‐out 
(FIFO) approach confirms out-of-date contextual 
representations are rejected, thus permitting the 
model to adapt dynamically to modern data 
distribution in social media streams. 

The prediction probabilities attained from 
the Improved TCN, ResGRU, and HAN are 
integrated through a soft-voting strategy. The final 
emotion label is determined depending on the 
averaged class probabilities, thus improving overall 
classification robustness and stability. 

4. EXPERIMENTAL RESULT ANALYSIS 

In this section, the performance validation 
the MMDLA-SMED method is inspected under 
dual benchmark datasets like Emotion Detection 
from Text (Tweet Emotions Dataset 1)[24] and 
Tweet Emotions (Tweet Emotions Dataset 2) [25].  

4.1. Result Analysis on Tweet Emotions Dataset 
1 

Emotion detection from text is major 
challenging issue in NLP. The purpose is the 
inaccessibility of labeled dataset and the multi-class 
types of the problem. Humans have a variation of 
emotions and it is complex to gather enough 
records for every emotion and hence the complexity 
of class imbalance rises. Now, we have a labeled 
data for emotion detection and the major intention 
is to make an efficient model to identify the 
emotion. The dataset encompasses 39173 under 12 
samples as represented in Table 1. Table 2 shows 
the sample texts of tweet emotions dataset 1. 

Table 1: Details on tweet emotions dataset 1 

Emotions No. of Samples 
Sadness 5165 
Enthusiasm 759 
Neutral 8638 
Worry 8459 
Surprise 2187 
Love 3842 
Fun 1776 
Hate 1323 
Happiness 5209 
Boredom 179 
Relief 1526 
Anger 110 
Total Samples 39173 
 

Table 2: Sample text on tweet emotions dataset 1 

S. 
No 

Sample Text Emotions 

1 The storm is here and the electricity is 
gone 

Sadness 

2 So, I need to make a lot of money 
tomorrow 

Enthusiasm 

3 Chocolate milk is so much better 
through a straw. I lack said straw 

Neutral 

4 Choked on her retainers Worry 
5 OMGididnt tweet all that much 

today.... *sadness* 
Surprise 

6 Pug just woke me from an incredible 
sleep! 

Love 

7 RIP leonardo. You were a great mini 
fiddler crab 

Fun 

8 It is so annoying when she starts 
typing on her computer in the middle 
of the night! 

Hate 

9 good lord, just seen the agency work 
for our upcoming Open Day. Money 
for Jam 

Happiness 

10 why did i agree to work a double shift Boredom 
11 I'm at work Relief 
12 Working   But it's Fridaaaayyyyy Anger 

 

 

Figure 3: Confusion matrices of MMDLA-SMED method 
with 70:30 under tweet emotions dataset 1 

Fig. 3 exemplifies the confusion matrices 
created by the MMDLA-SMED method at 70:30 of 
TRAP/TESP. The simulation outcome denoted that 
the MMDLA-SMED technique has efficient 
detection and identification of all 12 classes exactly.  

Table 3 and Fig. 4 display the classifier 
outcomes of MMDLA-SMED system with 70:30 
on tweet emotion dataset 1. The experimental 
outcome value suggests that the MMDLA-SMED 
model appropriately identified the samples. 
According to 70% TRAP, the MMDLA-SMED 
technique offers average 𝑎𝑐𝑐𝑢𝑟௬, 𝑝𝑟𝑒𝑐𝑖௡, 𝑟𝑒𝑐𝑎𝑙௟ , 
𝐹௦௖௢௥௘ and 𝑀𝐶𝐶 of 98.70%, 88.69%, 73.15%, 
74.66%, and 75.53%, correspondingly. Meanwhile, 
with 30% TESP, the MMDLA-SMED method 
provides average 𝑎𝑐𝑐𝑢𝑟௬ , 𝑝𝑟𝑒𝑐𝑖௡, 𝑟𝑒𝑐𝑎𝑙௟  , 𝐹௦௖௢௥௘ 
and 𝑀𝐶𝐶 of 98.72%, 87.95%, 73.15%, 74.82%, 
and  75.85%. 
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Table 3: Classifier outcomes of MMDLA-SMED method 
with 70:30 on tweet emotion dataset 1 

Classes 𝐴𝑐𝑐𝑢𝑟௬ 𝑃𝑟𝑒𝑐𝑖௡ 𝑅𝑒𝑐𝑎𝑙௟ 𝐹1ௌ௖௢௥௘ 𝑀𝐶𝐶 
Training Phase (70%) 

Sadness 98.01 91.63 93.56 92.58 91.44 
Enthusiasm 99.09 79.22 72.10 75.49 75.11 
Neutral 98.50 95.70 97.65 96.66 95.71 
Worry 98.10 93.89 97.45 95.64 94.46 
Surprise 98.56 86.73 87.74 87.23 86.47 
Love 98.58 92.57 92.78 92.68 91.89 
Fun 98.76 88.51 83.53 85.95 85.34 
Hate 98.61 86.87 69.83 77.42 77.20 
Happiness 98.29 92.02 95.44 93.70 92.73 
Boredom 99.56 71.43 07.81 14.08 23.53 
Relief 98.67 85.67 78.62 81.99 81.38 
Anger 99.71 100.00 01.23 02.44 11.09 
Average 98.70 88.69 73.15 74.66 75.53 

Testing Phase (30%) 
Sadness 98.39 93.34 94.26 93.80 92.87 
Enthusiasm 99.25 84.42 74.67 79.25 79.02 
Neutral 98.43 95.13 97.81 96.45 95.46 
Worry 97.99 93.72 97.47 95.56 94.29 
Surprise 98.58 86.27 88.51 87.38 86.63 
Love 98.45 92.52 92.05 92.28 91.42 
Fun 98.72 88.33 82.67 85.41 84.79 
Hate 98.54 84.29 68.31 75.47 75.16 
Happiness 98.34 92.47 95.16 93.79 92.85 
Boredom 99.57 60.00 05.88 10.71 18.70 
Relief 98.55 84.85 77.61 81.07 80.40 
Anger 99.76 100.00 03.45 06.67 18.55 
Average 98.72 87.95 73.15 74.82 75.85 
 

 

Figure 4: Average outcomes of MMDLA-SMED method 
with 70:30 on tweet emotion dataset 1 

 

Figure 5:𝐴𝑐𝑐𝑢𝑟௬ curve of MMDLA-SMED method on 
tweet emotions dataset 1 

Fig. 5 exhibits the training (TRAIN) and 
validation (VALID) accuracy curves of the 
MMDLA-SMED technique on tweet emotions 
dataset 1 and 300 epochs. TRAIN accuracy is 
gradually upsurged and gained the higher level, 
thus signifying useful learning and convergence. 
The VALID accuracy is closely noticed the training 
tendency with a smaller and consistent gap, as well 
as it shows lesser overfitting and greater generality.  

 

Figure 6: Loss curve of MMDLA-SMED method with 
tweet emotions dataset 1 

Fig. 6 shows the TRAIN and VALID loss 
curves of the MMDLA-SMED technique withtweet 
emotions dataset 1 by using the 300 epochs. Dual 
losses are majorly reduced at the preliminary 
epochs and it denotes the fast learning, and later 
progressively minimized in a smooth and constant 
way, thus considering the efficient convergence. 
The closer arrangement among training and 
validation loss, with only a minor gap, thereby 
suggesting the declined overfitting and strong 
generalization ability.  

The comparison analysis of MMDLA-
SMED technique with existing model are shown in 
Table 4 [26-28]. The simulation outcome values are 
defined that the MMDLA-SMED method 
outperformed higher performances. The 
experimental result established that the proposed 
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MMDLA-SMED approach realizes superior 
solutions with 𝑎𝑐𝑐𝑢𝑟௬  of 98.72%, 𝑝𝑟𝑒𝑐𝑖௡ of 
87.95%, 𝑟𝑒𝑐𝑎𝑙௟  of 73.15% and 𝐹1௦௖௢௥௘  of 74.82%, 
correspondingly. Similarly, the 
GraphSAGE+Pooling, RF, DT, and GCN methods 
are acquired lower outcomes. Also, the Light GBM, 
GoLA, DIMINANT and GAAN techniques are 
provides inferior performance.  

Table 4: Comparison analysis of MMDLA-SMED method 
with existing models under tweet emotions dataset 1 

Algorithms 𝐴𝑐𝑐𝑢𝑟௬ 𝑃𝑟𝑒𝑐𝑖௡ 𝑅𝑒𝑐𝑎𝑙௟ 𝐹1ௌ௖௢௥௘ 
Random Forest 90.01 78.39 72.89 66.22 
Decision Tree 90.03 73.19 71.51 70.44 
Light GBM 78.32 70.72 69.34 70.88 
GCN 90.05 68.90 71.49 66.05 
GoLA 69.00 76.02 68.45 79.47 
DIMINANT 71.00 74.08 68.31 73.15 
GraphSAGE+Pooling 92.00 70.73 67.40 70.53 
GAAN 49.00 56.15 59.61 52.30 
MMDLA-SMED 98.72 87.95 73.15 74.82 
 

4.2. Result Analysis on Tweet Emotions Dataset 
2 

This dataset is developed for Facial 
Emotion Recognition (FER) tasks and comprises 
labeled face images that indicates a range of human 
emotions. FER is a main issue in CV and 
sentimental computation with applications in 
human–computer interaction (HCI), surveillance 
systems, metal health analysis, and AI-driven user 
experience improvement. The dataset is formed to 
assist the image classification and DL techniques, 
thus allowing the researchers and experts for 
training, evaluating, and benchmark models for 
emotion identification from facial expressions. The 
dataset comprises 16000 samples under 6 classes as 
represented in Table 5. Table 6 implies the sample 
text under tweet emotions dataset 2. 

Table 5: Details on tweet emotions dataset 2 

Emotions No. of Samples 
Sadness (0) 4666 
Joy (1) 5362 
Love (2) 1304 
Anger (3) 2159 
Fear (4) 1937 
Surprise (5) 572 
Total Samples 16000 
 

 

 

 

Table 6: Sample texts of tweet emotions datasets 2 

S. 
No 

Sample Text Emotions 

1 
I feel so inhibited in someone elses 
kitchen like im painting on someone 
elses picture 

Sadness 
(0) 

2 
I have the feeling she was amused and 
delighted 

Joy (1) 

3 
I am feeling horny so I ask her that lets 
go home 

Love (2) 

4 
I stopped feeling cold and began feeling 
hot 

Anger (3) 

5 
I had stated to her the reason I feel so 
fearful is because I feel unsafe 

Fear (4) 

6 
I want to hold this feeling of shocked 
awe and wonder forever 

Surprise 
(5) 

 

 

Figure 7: Confusion matrices of MMDLA-SMED method 
with 70:30 under tweet emotions dataset 2 

Fig. 7 demonstrates the confusion matrices 
created by the MMDLA-SMED method at 70:30 of 
TRAP/TESP. The simulation outcomes indicate that 
the MMDLA-SMED technique has efficient 
classification and identification of all 6 classes 
correctly.  

Table 7 shows the classifier outcomes of 
MMDLA-SMED method with 70:30 on tweet 
emotions dataset 2. The experimental values are 
described that the MMDLA-SMED method 
suitably identified the samples. As stated by 70% 
TRAP, the MMDLA-SMED method gains average 
𝑎𝑐𝑐𝑢𝑟௬ of 98.38%,  𝑝𝑟𝑒𝑐𝑖௡ of 94.28%, 𝑟𝑒𝑐𝑎𝑙௟  of 
91.56%,  𝐹௦௖௢௥௘ of 92.81%, and 𝑀𝐶𝐶 of 91.84%, 
correspondingly. Additionally, with 30% TESP, the 
MMDLA-SMED system acquires average 𝑎𝑐𝑐𝑢𝑟௬ 
of 98.19%, 𝑝𝑟𝑒𝑐𝑖௡ of 92.94%,  𝑟𝑒𝑐𝑎𝑙௟  of 90.48%, 
𝐹௦௖௢௥௘ of 91.63%, and 𝑀𝐶𝐶 of 90.54%, 
respectively. 
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Table 7: Classifier outcomes of MMDLA-SMED method 
with 70:30 on tweet emotions dataset 2 

Classes 𝐴𝑐𝑐𝑢𝑟௬ 𝑃𝑟𝑒𝑐𝑖௡ 𝑅𝑒𝑐𝑎𝑙௟ 𝐹1ௌ௖௢௥௘ 𝑀𝐶𝐶 
TRAP (70%) 

Sadness 98.37 96.00 98.46 97.21 96.07 
Joy 97.44 95.47 96.97 96.22 94.28 
Love 99.16 95.63 94.19 94.90 94.45 
Anger 98.34 94.09 93.60 93.85 92.89 
Fear 98.07 93.94 89.93 91.89 90.83 
Surprise 98.89 90.58 76.21 82.78 82.54 
Average 98.38 94.28 91.56 92.81 91.84 

TESP (30%) 
Sadness 98.25 95.89 98.31 97.09 95.85 
Joy 97.29 95.20 96.75 95.97 93.94 
Love 98.92 94.49 91.47 92.95 92.38 
Anger 98.04 93.24 92.08 92.66 91.53 
Fear 98.15 93.56 90.80 92.16 91.12 
Surprise 98.52 85.26 73.48 78.93 78.40 
Average 98.19 92.94 90.48 91.63 90.54 
 

 

Figure 8:𝐴𝑐𝑐𝑢𝑟௬ curve of MMDLA-SMED approach on 
tweet emotions dataset 2 

Fig. 8 displays the training (TRAIN) and 
validation (VALID) accuracy curves of the 
MMDLA-SMED method under tweet emotions 
dataset 2 over 50 epochs. The TRAIN accuracy is 
consistently elevated and gained, which can be 
integrated optimum learning and convergence. The 
VALID accuracy has been following closely the 
training tendency with a constant gap, thereby 
representing the higher generalization and 
decreased overfitting.  

Fig. 9 exemplifies the TRAIN and VALID 
loss curves of the MMDLA-SMED technique 
ontweet emotions dataset 2 over 50 epochs. Dual 
losses are declined exactly in the preliminary 
epochs and signified the fast learning, and later 
progressively weakening in an even manner, 
deliberating efficient convergence. The closer 
arrangement among training and validation loss, 
with only a smaller consistent gap, thus implying 
minor overfitting and improved ability of the 
generalization.  

 

Figure 9: Loss curve of MMDLA-SMED method with 
tweet emotions dataset 2 

Table 8 shows the experimental outcomes 
of MMDLA-SMED technique with existing models 
under tweet emotions dataset 2. The experimental 
outcome value revealed that the 1D-CNN method 
gets unsuccessful performance with 𝑎𝑐𝑐𝑢𝑟௬  of 
78.13%. Simultaneously, the LSTM, Bi-LSTM, 
CNN-LSTM, and CNN-BiLSTM models provides 
somewhat lesser performance with 𝑎𝑐𝑐𝑢𝑟௬  of 
80.62%, 81.07%, 82.85%, and 83.21%, 
respectively. Furthermore, the MAPLE and DSGN 
approaches acquire considerable outcomes with 
𝑎𝑐𝑐𝑢𝑟௬  of 93.00% and 90.00%. In conclusion, the 
proposed MMDLA-SMED system accomplishes 
excellent performance with 𝑎𝑐𝑐𝑢𝑟௬  of 98.38%, 
𝑝𝑟𝑒𝑐𝑖௡ of 94.28%, 𝑟𝑒𝑐𝑎𝑙௟ of 91.56% and 𝐹1௦௖௢௥௘  
of 92.81%. 

Table 8: Comparison outcomes of MMDLA-SMED 
method with other existing model under tweet emotions 

dataset 2 

Algorithms 𝐴𝑐𝑐𝑢𝑟௬ 𝑃𝑟𝑒𝑐𝑖௡ 𝑅𝑒𝑐𝑎𝑙௟ 𝐹1ௌ௖௢௥௘ 
MAPLE 93.00 89.69 90.00 89.80 
DSGN 90.00 89.24 89.12 89.22 
1D-CNN 78.13 78.12 78.14 76.16 
LSTM 80.62 80.62 80.68 80.57 
Bi-LSTM 81.07 81.06 81.07 81.03 
CNN-LSTM 82.85 82.85 82.81 82.83 
CNN-BiLSTM 83.21 83.23 83.21 83.19 
MMDLA-SMED 98.38 94.28 91.56 92.81 
 

4.3. Discussion, Critical Analysis, and 
Limitations 

Although the average metrics reported in 
Tables 3 and 7 indicate strong overall performance, 
a class-wise reading of the results reveals a more 
nuanced picture. On tweet emotions dataset 1, the 
minority classes Boredom (179 samples) and Anger 
(110 samples) obtain markedly lower recall and F1-
score (07.81% and 01.23% recall, respectively, in 
the training phase) than majority classes such as 
Neutral and Worry, which each exceed 8,000 
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samples. A similar, though less severe, pattern 
appears on tweet emotions dataset 2, where 
Surprise, the smallest class with 572 samples, 
records the lowest recall (76.21% in the training 
phase) among the six emotion categories. This 
behavior is consistent with the well-documented 
tendency of soft-voting ensembles, and of deep 
learning classifiers more generally, to bias 
predictions toward classes that dominate the 
training distribution [8]. It indicates that the high 
overall accuracy of MMDLA-SMED is driven 
largely by its performance on frequent classes, and 
that class imbalance, rather than a limitation 
specific to the improved TCN, ResGRU, or HAN 
components individually, is the principal factor 
constraining recall on rare emotions. 

The comparison in Tables 4 and 8 shows 
that MMDLA-SMED consistently exceeds graph-
based methods (GCN, GraphSAGE+Pooling, 
GAAN), tree-based methods (Random Forest, 
Decision Tree, LightGBM), and sequential deep 
learning baselines (LSTM, Bi-LSTM, CNN-LSTM, 
CNN-BiLSTM) on both datasets. Because these 
baseline results are drawn from the original 
published works rather than re-executed under an 
identical experimental protocol in this study, the 
comparison should be read as indicative of relative 
standing rather than as a controlled statistical test; a 
useful direction for follow-up work is to re-
implement the strongest baselines under the same 
data splits and report significance tests, such as a 
paired t-test or McNemar's test, alongside the 
accuracy gains. It is also worth noting that the two 
benchmark datasets differ considerably in size, 
class count, and label difficulty, so the consistency 
of the improvement across both settings offers 
stronger support for the generality of the soft-voting 
ensemble than either result would alone. 

Two further limitations should be 
acknowledged. First, both benchmark datasets are 
English-language Twitter corpora, so the reported 
results do not directly establish how MMDLA-
SMED performs on multilingual, code-mixed, or 
dialectal social media text, despite this being one of 
the motivations raised in the introduction. Second, 
combining three deep learning architectures 
through soft voting increases training and inference 
cost relative to a single model, which is a practical 
consideration for deployment on high-volume, real-
time social media streams. Extending the evaluation 
to multilingual and code-mixed data, reporting 
statistical significance against re-implemented 
baselines, and exploring lighter-weight or 

knowledge-distilled variants of the ensemble are 
left for future work. 

5. CONCLUSION 

In this manuscript, the MMDLA-SMED 
model has been presented for precisely classifying 
user emotions from social media data by leveraging 
a data-driven DL technique. Primarily, a text 
preprocessing pipeline is implemented, including 
cleaning, hashtag segmentation, slang expansion, 
emoji conversion, word elongation normalization, 
and lightweight spelling correction to improve text 
quality for effective emotion detection. For feature 
representation, the proposed approach utilized 
FastText embedding to convert social media text 
into a meaningful vector representation. Moreover, 
emotion classification is carried out using a soft-
voting ensemble model, incorporating improved 
TCN, ResGRU, and HAN for enhancing 
classification performance.  The result analysis of 
the MMDLA-SMED method is conducted on the 
benchmark datasets, and the outcomes are 
examined under different aspects. The simulation 
analysis highlighted the effectiveness of the 
proposed MMDLA-SMED method, with an 
accuracy of 98.38% compared to existing models. 
Thus, the proposed system is found to be effective 
and reliable for effectual classification of user 
emotions from social media data. 
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