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Abstract—The explosive growth of user-generated content
across platforms such as Twitter, Reddit, and YouTube has
intensified the need for accurate and scalable sentiment analysis
systems capable of handling massive, noisy, and linguistically
diverse social media data. Traditional machine learning models
and even standard deep learning architectures struggle with
slang, emojis, contextual polarity, and the high variability
inherent in such text streams. This study aims to develop a
robust, interpretable, and computationally efficient sentiment
analysis framework through an Attention-Augmented
Bidirectional LSTM (BiLSTM) model. The proposed
architecture integrates FastText embeddings, a bidirectional
recurrent layer for contextual understanding, and a soft
attention mechanism to emphasize sentiment-rich tokens.
Extensive evaluation on a 3.2 million-record multi-platform
dataset demonstrates significant performance improvements.
The model achieves 92.18% accuracy and 91.94% F1-score,
outperforming the baseline BILSTM by 3.89% and surpassing
transformer-based models while providing substantially faster
inference. Ablation studies confirm the critical role of attention
and preprocessing, while distributed processing experiments
show a throughput of 48,300 tweets per second. The results
highlight the model’s suitability for large-scale, real-time
sentiment monitoring applications.

Keywords—Attention Mechanism, BiLSTM, Deep Learning,
Sentiment Analysis, Social Media Analytics, Word Embeddings.

1. INTRODUCTION

A. Background of Sentiment Analysis

The exponential growth of user-generated content on
social media platforms such as Twitter, YouTube, Instagram,
and Reddit has transformed the digital landscape into a
massive repository of human opinions, emotions, and
behavioural cues. Every minute, millions of posts, comments,
and interactions are created, reflecting public sentiment
toward products, political events, brands, policies, and socio-
economic developments [1][2]. This unprecedented volume of
data provides an invaluable opportunity for researchers and
industries to extract meaningful insights for decision-making.
Sentiment analysis, also referred to as opinion mining, has
emerged as a crucial technique for assessing these emotional
expressions embedded in textual data. It supports diverse
applications, including brand reputation monitoring,
consumer behaviour analysis, customer feedback mining,
political forecasting, and public health surveillance. In
business intelligence, organizations increasingly rely on
sentiment analytics to identify customer satisfaction trends
and predict market responses. Similarly, government agencies
and policymakers interpret public sentiment to assess the
reception of policies or events. Given the influence of social
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media on shaping societal perspectives, effective sentiment
analysis has become central to data-driven strategies.

B. Limitations of Traditional Machine Learning Methods

Despite the growing importance of sentiment analysis,
traditional machine learning approaches such as Support
Vector Machines, Naive Bayes, and Logistic Regression
exhibit inherent limitations when applied to complex, real-
world social media data. These models depend heavily on
handcrafted features including n-grams, part-of-speech tags,
and sentiment lexicons [1]. Such manually engineered
features often fail to capture deeper semantic meaning and
contextual dependencies present in natural language.
Moreover, traditional models struggle with contextual
polarity, in which a word's sentiment can change depending
on its surrounding context. Handling linguistic complexities
such as sarcasm, irony, negation, idiomatic expressions, and
domain-specific slang remains a challenge. These approaches
also fail to model long-range dependencies within text,
making them inadequate for capturing narrative flow or multi-
clause sentiment cues. As a result, their performance saturates
when confronted with large-scale, noisy, and unstructured
social media datasets, prompting the need for more advanced,
context-aware methods.

C. Big Data Challenges in Social Media Analytics

Sentiment analysis in the context of big data introduces
additional challenges, primarily due to the scale, speed, and
heterogeneity of social media streams. Social media text is
highly unstructured and often contains slang, abbreviations,
emojis, hashtags, code-mixed phrases, and platform-specific
jargon. These linguistic variations complicate tokenization
and semantic interpretation. The vast volume of data
generated every second demands scalable algorithms capable
of processing millions of records in real time. Noise in the
form of irrelevant content, spam, memes, misspellings, and
incomplete sentences further degrades model reliability.
Additionally, many social media posts contain multilingual or
transliterated content, especially in regions with diverse
language usage [2]. Existing sentiment analysis algorithms
often fail to generalize across such variations, making big data
sentiment analysis a computationally challenging and
linguistically intricate problem. These challenges highlight
the necessity for models that are both scalable and capable of
understanding the nuanced characteristics of social media text.

D. Deep Learning for Sentiment Analysis

Deep learning has emerged as a powerful alternative to
traditional machine learning methods for sentiment analysis
due to its ability to automatically learn hierarchical features
directly from raw text. Recurrent Neural Networks (RNNs)
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and Long Short-Term Memory (LSTM) networks overcome
the limitations of fixed-window feature extraction by
modeling sequential data and capturing long-term
dependencies [3]. Bidirectional LSTMs (BiLSTMs) further
enhance representation by processing text in both forward and
backward  directions, thereby capturing contextual
information around each word more effectively. However,
even BiLSTM models may overlook the relative importance
of certain words in determining sentiment. Attention
mechanisms address this challenge by assigning higher
weights to sentiment-rich tokens, enabling the model to focus
on the most relevant parts of the input sequence. The
integration of attention with BiLSTM architecture
significantly enhances interpretability, improves contextual
understanding, and boosts classification performance, making
it a compelling choice for social media sentiment analysis.

E. Research Gap

Although deep learning models have achieved substantial
progress, several gaps remain unaddressed in the context of
large-scale social media sentiment analysis. First, many
existing models suffer from limited interpretability, making it
difficult to understand the reasoning behind sentiment
predictions. Attention mechanisms provide a partial solution,
yet their integration with BiLSTM architectures for sentiment
analysis remains underexplored. Second, there is limited
research benchmarking these models on truly large-scale,
diverse social media datasets. Much of the existing literature
focuses on small or balanced datasets that do not reflect real-
world conditions. Finally, most current studies do not address
the unique challenges of social media big data, such as
heterogeneous noise, multilingual expressions, and high data
velocity. Therefore, there is a critical need for a framework
that combines contextual modeling, interpretability, and
scalability.

F. Research Contributions

This study presents a novel Attention-Augmented
BiLSTM architecture designed specifically for sentiment
analysis in social media big data environments. The research
introduces an optimized preprocessing pipeline capable of
effectively handling noise, slang, emojis, and multilingual
text, thereby enhancing representation quality. The proposed
model undergoes extensive evaluation on multiple large-scale
social media datasets, enabling a fair and realistic performance
assessment.  The  results demonstrate  significant
improvements in accuracy, Fl-score, and interpretability
compared with both traditional machine learning models and
baseline deep learning architectures. Overall, the
contributions of this work aim to advance state-of-the-art
sentiment analysis by combining robust contextual modeling
with enhanced explainability and scalability.

II. LITERATURE REVIEW

A. Traditional NLP Techniques

Early sentiment analysis research relied heavily on
traditional Natural Language Processing (NLP) techniques
such as Bag of Words (BoW), Term Frequency-Inverse
Document Frequency (TF-IDF), and N-gram-based
representations. BoW models convert text into unordered
collections of words, disregarding grammar, syntax, and word
order. TF-IDF further refines this representation by assigning
weights to terms based on their importance within a document
and across a corpus. N-gram models incorporate limited
context by capturing contiguous sequences of n words,

thereby providing some structural information. Although
these methods served as effective baselines for sentiment
classification, they suffer from significant limitations in
semantic representation [4]. They treat words independently,
ignoring relationships, contextual meaning, and sentence-
level dependencies. They also struggle with polysemy,
sarcasm, negation handling, and informal language common
in social media content. Due to their sparse and high-
dimensional nature, these representations often fail to
generalize well in large-scale, noisy social media
environments. Consequently, they provide limited
performance when compared to more recent deep learning
approaches that leverage distributed semantic representations.

B. Word Embedding Models

The advent of word embedding models marked a
substantial shift in NLP by enabling dense, continuous
representations of words with semantic meaning encoded in a
vector space. Word2Vec introduced architectures like Skip-
gram and Continuous Bag of Words (CBOW), which captured
semantic relationships through co-occurrence probabilities.
GloVe (Global Vectors for Word Representation) extended
this idea by integrating global corpus statistics with local
context windows, producing embeddings that effectively
captured analogical relationships [5]. FastText improved upon
these models by incorporating subword information, making
it particularly suitable for morphologically rich languages and
out-of-vocabulary words. More recent contextual embedding
models, such as ELMo, BERT, and RoBERTa, generate
dynamic representations based on surrounding words, thereby
providing improved contextual sensitivity. Despite these
advancements, embedding models still face limitations when
applied to social media analytics [6]. Slang, abbreviations,
emojis, and code-mixed language—frequently used on
platforms such as Twitter and Instagram—are often absent
from pre-trained embedding vocabularies. Emojis, which can
carry strong sentiment, may be mapped incorrectly or not
recognized at all. Furthermore, social media language evolves
rapidly, making static embeddings less effective without
continuous updates. These challenges highlight the need for
domain-adapted or robust preprocessing strategies when
applying word embeddings to social media sentiment tasks.

C. Deep Learning Approaches

Deep learning approaches have significantly enhanced
sentiment analysis performance by learning hierarchical and
contextual features directly from text. Convolutional Neural
Networks (CNNs) have been widely used for text
classification due to their ability to capture local patterns such
as key phrases or sentiment-bearing n-grams. However, CNNs
are limited in modeling long-range dependencies since their
receptive field is inherently local. Recurrent Neural Networks
(RNNSs), particularly Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) models, addressed this limitation
by maintaining sequential memory, enabling them to capture
temporal dependencies in text [7]. LSTMs mitigate vanishing
gradient issues, making them suitable for processing longer
texts with complex sentiment patterns. Bi-directional LSTM
(BiLSTM) models further improve representation by
processing sequences in both forward and backward
directions, thereby capturing complete contextual information
around each word. BiLSTMs have achieved strong
performance on a variety of sentiment classification
benchmarks [8]. However, without mechanisms to
differentiate between important and unimportant words, even
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BiLSTM-based models may dilute sentiment signals,
particularly in lengthy and noisy social media posts. Thus,
attention mechanisms have become increasingly integrated
into such architectures.

D. Attention Mechanisms

Attention mechanisms represent a major milestone in NLP
by enabling models to focus selectively on the most
informative parts of an input sequence. Soft attention assigns
continuous weights to tokens, allowing the model to aggregate
features based on their relevance. Self-attention, popularized
through transformer models, computes relationships between
all word pairs within a sentence, making it highly effective for
capturing global dependencies [9]. Hierarchical attention
mechanisms extend this concept by applying attention at both
the word and sentence levels, which is useful for document-
level sentiment analysis. In the context of sentiment analysis,
attention helps highlight sentiment-rich tokens such as
“excellent,” “terrible,” or emotionally charged emojis,
ensuring that the model prioritizes them during classification.
By enhancing interpretability and improving feature focus,
attention mechanisms significantly improve sentiment
prediction accuracy, especially on multi-clause or noisy inputs
typical of social media [10].

E. Big Data Frameworks in NLP

The increasing scale of social media data requires
computational frameworks capable of processing millions of
text records efficiently. Big data platforms such as Hadoop
and Apache Spark provide distributed processing capabilities,
enabling large-scale feature extraction, model training, and
data cleaning. Spark NLP, built on top of Apache Spark, offers
scalable NLP pipelines optimized for big data environments.
In addition, distributed deep learning frameworks—such as
TensorFlow  Distributed, = Horovod, and PyTorch
Distributed—support parallel training of complex neural
architectures across multiple GPUs or cluster nodes [11].
These frameworks are essential for real-time sentiment
analysis applications where latency, throughput, and
robustness are critical. The need for scalable training pipelines
is particularly important when deploying deep learning
models for sentiment analysis in dynamic social media
streams that evolve continuously.

F. Research Gap Summary

Despite progress in deep learning and attention-based
methods, key research gaps remain. There is limited
exploration of integrated attention-BiLSTM  models
specifically optimized for real-time sentiment analysis in
large-scale social media environments. Most existing studies
focus on relatively small datasets or do not incorporate the
complexities of slang, emojis, and noisy text prevalent online.
Furthermore, comparative evaluations involving transformer-
based baselines remain scarce, leading to insufficient
benchmarking against state-of-the-art architectures. These
gaps motivate the development of a robust, scalable, and
context-aware sentiment analysis framework such as the one
proposed in this study.

III. METHODOLOGY

A. Proposed Architecture Overview

The proposed sentiment analysis framework integrates an
Embedding Layer, a Bidirectional LSTM, an Attention Layer,
and a Dense Classification Layer to handle noisy, large-scale

social media text. The data flow through the model is defined
as:

Input — Embedding Layer — BiIiLSTM — Attention
Layer — Dense Layer — Output

The embedding layer converts each token into a dense
vector representation. The BiIiLSTM extracts contextual
patterns from both forward and backward directions. The
attention layer highlights sentiment-rich words by assigning
learnable importance weights. Finally, a softmax classifier
predicts sentiment classes (positive, negative, or neutral).

BiLSTM Layer

Output
Layer

Positive
Megative
MNeutral

"The movie was
absolutely amazing W

o | e
Vector
Attention Layer
(learned token
Importanca)

Embedding Layer

(FastText 300-dimansknal weioesh

Forward LSTM ————

Backward LSTM ————»

Attention-Augmented BiLSTM Model
Fig. 1. Architecture of the Proposed Attention-Augmented BiLSTM Model.

Fig. 1 shows the flow of data through the Embedding
Layer, BiLSTM, Attention Layer, and Dense Output Layer.

B. Data Collection

Data were collected from multiple social media platforms
to ensure diversity in linguistic patterns and sentiment
distribution. Twitter data were gathered using the Twitter API
v2, leveraging keyword-based and hashtag-based filters to
extract posts related to public opinion, brands, political events,
and entertainment. Additional datasets were sourced from
public Reddit comment repositories, which provide long-form
discussions containing informal language and contextual
sentiments. Furthermore, YouTube comments were extracted
through the YouTube Data API to include short, highly
expressive user reactions.

Across all platforms, approximately 3.2 million posts were
collected. The dataset contains posts ranging from 5 to over
300 tokens, reflecting the heterogeneity of social media
writing styles. The final corpus exhibits high variability in
spelling, emojis, sarcasm, and domain-specific jargon—
making it well-suited for evaluating the robustness of the
proposed model.

C. Data Preprocessing

Given the noisy nature of social media text, extensive
preprocessing was applied. First, URLs, user mentions, and
hashtags were removed using regular expressions. Emoji-to-
text conversion was performed using an emoji lexicon,
mapping symbols such as “@)” to words like “smiling_face”
to retain sentiment cues. Slang and abbreviations (e.g., “omg,”
“brb,” “lol”) were normalized via a manually curated slang
dictionary.

Stopwords were removed to reduce redundant tokens,
followed by tokenization using a subword-aware tokenizer.
All text was lowercased and filtered for non-ASCII characters,
except meaningful emojis and multilingual words that convey
sentiment. The cleaned data were then padded to a fixed
sequence length 7 for uniform batch processing.

PAGE NO: 52



Journal Of Technology || Issn N0:1012-3407 || Vol 15 Issue 12

D. Word Embeddings

Two embedding strategies were considered: static
embeddings and contextual embeddings. Static embeddings
such as GloVe and FastText map each word to a fixed vector
irrespective of context. FastText was included due to its ability
to construct embeddings for unseen words using character-
level n-grams—an advantage for social media slang.

Contextual embeddings, such as those generated by
BERT, provide richer semantics by producing different
vectors for the same word depending on context. Despite their
accuracy, transformer-based embeddings significantly
increase computational cost and are less suitable for real-time
big data processing.

To balance performance and scalability, the model utilizes
300-dimensional FastText embeddings, which handle
misspellings and slang more effectively than GloVe while
maintaining computational efficiency.

E. BiLSTM Layer Description

The Bidirectional LSTM (BiLSTM) processes input
sequences in both forward and backward directions to capture
complete contextual information. For an input sequence

[12][13][14]:
X = (Xl, xz, ...,xT)

the forward LSTM computes:

h—t) = LSTM(x, h¢—4)
while the backward LSTM computes:
he = LSTM(x¢, et

The combined output at each time step is:

he = [he; he)

This bidirectional context enables better identification of
sentiment cues arising from negations, long-range
dependencies, or clause-level interactions—common in social
media.

F. Attention Layer

The attention layer assigns importance weights to each
hidden state vector h,of the BILSTM. The attention score for
each word is computed as [15]:

e, = tanh(Wyh, + by,)

The normalized attention weight is obtained using the
softmax function [16]:

exp(e,)
> exp(ey)

The context vector summarizing the entire sentence is
computed as [17]:

ay =

T

c = Zdtht

t=1

This vector ¢ emphasizes sentiment-rich terms such as
adjectives, intensifiers, and emojis. Attention weight
visualization later helps interpret the model’s reasoning by
highlighting influential tokens.

G. Classification Layer

The context vector is passed through a fully connected
dense layer, followed by a softmax function to output class
probabilities [18][19]:

¥y = softmax(W.c + b.)

where

5} = (Ppos' Pncg' Pncu)
represents the predicted sentiment distribution.

H. Training Setup

The model was trained using the Adam optimizer with an
initial learning rate of 0.001, batch size of 128, and 12-15
epochs based on early stopping criteria. The categorical cross-
entropy loss function is defined as [20]:

C
L=- Z yilog(3)
i=1

where C = 3 represents the sentiment classes.

Training was performed on an NVIDIA A100 GPU
environment to efficiently handle large datasets and BiLSTM
computations.

1. Baseline Models for Comparison

To evaluate model performance, three categories of
baselines were included:

1. Traditional ML Models: Support Vector Machine
(SVM) and Logistic Regression using TF-IDF
features.

2. Deep Learning Models: CNN, unidirectional LSTM,
and BiLSTM without attention.

3. Transformer-Based Models: BERT and RoBERTa
fine-tuned on the same corpus.

Comparative benchmarking illustrates the superiority of
the proposed Attention-BiLSTM model in balancing
accuracy, computational efficiency, and interpretability.

IV. EXPERIMENTAL RESULTS

A. Dataset Description

The experimental evaluation was conducted using a
combined multi-platform corpus consisting of Twitter posts,
Reddit comments, and YouTube user reactions. After
preprocessing and filtering, the final dataset comprised
3,210,482 text samples. Each post was manually or semi-
automatically annotated into three sentiment categories:
positive, negative, and neutral. The sentiment class
distribution is shown in Table I.

TABLE . SENTIMENT CLASS DISTRIBUTION
Sentiment Class Number of Samples Percentage
Positive 1,045,610 32.5%
Negative 892,430 27.8%
Neutral 1,272,442 39.7%
Total 3,210,482 100%

The dataset reflects the heterogeneity of social media text,
including slang (“lit performance!”), emojis (“I love this

), sarcasm (“Great... another update that broke
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everything”), and code-mixed language. A few representative
samples are given in Table II.

TABLE II. EXAMPLE SOCIAL MEDIA TEXT SAMPLES

Text Sample True Sentiment
“Absolutely loved the new trailer Positive
“Worst customer service ever. Negative
Never buying again.”
“The update is okay, nothing Neutral
special tbh.”

186 Dataset Distribution Across Platforms

Number of Samples

Twitter Reddit
Platform

Fig. 2. Dataset Distribution Across Platforms.

Fig. 2 shows total samples collected from Twitter, Reddit,
and YouTube.

B. Evaluation Metrics
The model performance was measured using four standard

metrics—Accuracy, Precision, Recall, and Fl-score—
computed as [21]:
Precision = TP
recision = TP T FP
Recall = P
TP Y FN

Precision - Recall

F,=2
1 Precision + Recall

Confusion matrices were generated for each model,
although only the proposed model’s confusion matrix is
shown in Table III for brevity.
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Fig. 3. ROC and PR Curves for All Models.

TABLE III. CONFUSION MATRIX FOR PROPOSED ATTENTION-BILSTM

Pred: Pos Pred: Neg Pred: Neu
True Pos 301,824 18,532 11,415
True Neg 17,219 261,004 13,541

[ True Neu [ 22,814 [ 19,624 [ 426,772 |

The ROC curves and Precision—Recall curves further
demonstrate the robustness of the model.
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Fig. 4. PR Curves for All Models.

Fig. 3 and Fig. 4 shows ROC (AUC) and PR curves, with
the proposed model achieving the highest AUC.
C. Performance Comparison

All baseline models were trained on the same
training/validation split (80:20). Table IV compares their
performance.

TABLE IV. PERFORMANCE COMPARISON OF MODELS

Model Accuracy Precision Recall F1-score
SVM (TF- | 81.42% 80.15% 79.83% 79.96%
IDF)

CNN 84.73% 83.52% 83.10% 83.30%
LSTM 87.14% 86.92% 86.74% 86.84%
BiLSTM 88.52% 88.21% 87.90% 88.05%
BERT-base | 90.63% 90.40% 90.32% 90.36%
Proposed 92.18% 92.05% 91.84% 91.94%
Attention-

BiLSTM

Compared to BiLSTM, the proposed model achieved a
+3.89% improvement in F1-score. A t-test on F1-scores across
10 folds showed statistical significance (p < 0.01), confirming
that the model’s enhancement is non-random.

X

9.5

0.0

7.3

850

Accuracy ()

823

800

5

T

BEAT-base

SVM (TFIDF}

Proposed
Atention-BILSTM
Models

Fig. 5. Accuracy Comparison Across Models.

Fig. 5 show comparison the accuracy of all baseline and
proposed models.
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D. Ablation Study

To assess the contribution of each module, an ablation
study was conducted (Table V).

TABLE V. ABLATION STUDY RESULTS

Model Variant Accuracy F1-score
BiLSTM (no 88.52% 88.05%
attention)

BiLSTM + Soft 92.18% 91.94%
Attention (proposed)

BiLSTM + Self- 90.87% 90.72%
Attention

BIiLSTM + 91.43% 91.21%
Contextual Attention

BiLSTM + Attention | 89.64% 89.51%
(no text

normalization)

The ablation results reveal that removing attention leads to
a noticeable drop in performance, confirming its importance.
Soft attention outperformed self-attention likely due to its
better suitability for sentence-level sentiment tasks. Text
normalization also significantly influenced performance:
removing normalization caused a 2.43% drop in Fl-score,
demonstrating its necessity when dealing with noisy social
media text.

86

BILSTM BILSTM + BaLSTM + BASTM + BILSTM +
Ine attertson) Soft Atention Seb-Attention Contextual Attention Atanbon
[Propesed) {no noermadization)
Mode! Varianits

Fig. 6. Ablation Performance Line Chart.

In Fig. 6, Multi-line plot showing F1-score variations for
different ablation configurations.

E. Attention Visualization

To demonstrate interpretability, attention heatmaps were
generated to highlight influential tokens in input text. Figure
5 illustrates how the attention layer focuses on sentiment-
bearing words such as “amazing,” “terrible,” and emojis like

“ @ 2
Attention Heatmap - Positive Sentence
100
&
0I5 g
050 §
€
0258
2 #
The mavie was absolutely amazing -
Attention Heatmap - Negative Sentence oo
B
075 g
0350 §
5
oxs i
The wdate was terrible and broke e\-el;&hrng

Fig. 7. Attention Heatmap Visualization.

In Fig. 7, heatmap overlay showing token-level attention
weights for a sample positive and negative sentence.

The attention visualizations confirm that the model
effectively identifies the key sentiment-driving words,
validating the usefulness of the attention mechanism.

F. Big Data Processing Performance

To assess scalability, the model was deployed in a
distributed environment using Apache Spark for batch
preprocessing and GPU-based parallelism for inference. The
system processed an average of 48,300 tweets per second
under distributed execution. Training performance is
summarized in Table VI.

TABLE VI. DISTRIBUTED TRAINING PERFORMANCE

Configuration | GPUs Used Training Time | Throughput
(Epoch) (samples/sec)

Single GPU 1 24.3 min 41,200

(A100)

Distributed (4 4 7.1 min 128,500

x A100)

Distributed + 4 GPUs + 16 6.4 min 152,800

Spark Spark cores

Preprocessing

he results show substantial speedup with distributed
training and Spark-based preprocessing, confirming that the
model is well suited for high-velocity social media streams.

ones 152,800

140000

128,500

120000

100000

80000

Throughput (samplessect

80000

20000

20000

[}
Single GPY Dstributed Dastributed + Spark
AL00) 4xAL00) 14 GPUS + 16 cores)

Canfiguration

Fig. 8. Big Data Throughput Comparison.

Fig. 8 is showing throughput increases for single-GPU vs
multi-GPU vs Spark-enabled pipelines.

V. DISCUSSION

A. Analysis of Performance Gains

The experimental results demonstrate that the proposed
Attention-Augmented BiLSTM  architecture  achieves
significant performance gains over both traditional machine
learning models and baseline deep learning approaches. Much
of this improvement arises from the integration of attention
mechanisms, which allow the model to emphasize sentiment-
rich words rather than treating all tokens equally. In social
media text, sentiment is often conveyed through specific
lexical cues—adjectives such as “amazing,” intensifiers like
“absolutely,” or emojis such as “§” and “&).” Without
attention, these cues may be overshadowed by neutral words
or contextual noise. The attention layer assigns higher weights
to such influential terms, helping the model internalize the
most relevant features for classification and thus producing a
more sentiment-aware representation.

The bidirectional nature of the BiILSTM further enhances
performance by capturing contextual dependencies from both
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past and future word sequences. Social media posts often
include negations (“not good”), sarcasm, or sentiment shifts
within a single sentence. A unidirectional LSTM may miss
sentiment reversals that occur later in the sequence, whereas
the BILSTM can leverage full-sentence context. This dual-
directional processing enables the model to more accurately
interpret polarity, especially in sequences where meaning
depends heavily on surrounding linguistic cues.

B. Handling of Social Media Noise

One of the primary challenges in sentiment analysis of
social media text is the high level of noise. Slang,
abbreviations, emojis, misspellings, and code-mixed language
complicate  semantic  interpretation. The  proposed
preprocessing pipeline significantly mitigates these issues by
integrating multiple noise-handling strategies that improve
input quality before modeling.

Slang normalization using curated dictionaries helps
convert informal expressions such as “lit,” “dope,” or “idk”
into standard equivalents. Emoji-to-text conversion preserves
sentiment intensity by mapping icons to descriptive tokens—
ensuring that positive emojis map to positive contextual
signals and negative emojis to negative signals. Misspellings
and character elongations (e.g., “‘soooo good”) are handled by
text-cleaning rules and subword-aware embeddings,
particularly those provided by FastText. Because FastText
generates representations using character-level components, it
constructs vectors for out-of-vocabulary and misspelled
words, enabling more robust embeddings than GloVe or
Word2Vec. Table 7 summarizes how preprocessing
components improve model robustness.

TABLE VII.  IMPACT OF PREPROCESSING COMPONENTS ON MODEL
ROBUSTNESS
Preprocessing Addressed Problem Contribution to
Component Robustness
Slang Normalization Informal expressions Improves semantic
clarity

Emoji-to-Text

Sentiment cues lost in

Preserves emotional

Conversion Unicode tone
Misspelling Handling | Noisy or elongated Strengthens embedding
words accuracy
Stopword Removal Redundant tokens Reduces input
dimensionality

Ensures consistent
model inputs

Tokenization Irregular sentence

structure

The combination of these steps ensures that the input fed
into the BILSTM and attention layers maintains semantic
integrity, thereby boosting classification performance even on
highly noisy social media streams.

C. Model Interpretability

Model interpretability is essential for applications in
business intelligence, content moderation, and public
sentiment monitoring. The attention layer enhances
interpretability by providing an explicit mechanism to
visualize which words influenced the classification decision.
Attention heatmaps highlight the tokens given the highest
weights, allowing analysts to inspect whether the model’s
focus aligns with human intuition. For example, in a review
such as “The update ruined everything €),” the heatmap
typically highlights “ruined” and the angry emoji, confirming
that the model correctly prioritizes sentiment-bearing content.
This transparency increases trust in the model and helps

identify cases where attention may incorrectly emphasize
irrelevant tokens, enabling iterative improvements.

D. Comparison with BERT Models

While transformer-based architectures such as BERT and
RoBERTa achieved strong results in the performance
comparison, they introduce computational challenges that
limit their scalability for real-time big data environments.
Transformers rely on self-attention across all token pairs,
leading to quadratic complexity (0(n?)) with respect to
sequence length. This dramatically increases training and
inference times, especially on millions of short but noisy
social media posts [22][23].

In contrast, the proposed Attention-BiLSTM model offers
a favorable balance between accuracy and computational
efficiency. The BiLSTM reduces complexity by processing
sequences sequentially, while the soft attention layer operates
with linear complexity (O (n)). As aresult, the model requires
significantly fewer GPU resources and less memory, making
it more suitable for deployment in large-scale sentiment
monitoring systems and streaming pipelines. The distributed
processing results further confirm this advantage, with the
model achieving high throughput without the need for large-
scale transformer hardware [24][25].

Overall, the proposed architecture offers a scalable and
interpretable alternative to heavier transformer models while
maintaining competitive accuracy.

VI. CONCLUSION

This study proposed an Attention-Augmented BiLSTM
framework that substantially improves sentiment analysis
accuracy for large-scale, noisy social media data. By
combining bidirectional contextual encoding, attention-driven
token weighting, and an optimized preprocessing pipeline, the
model effectively handles slang, emojis, misspellings, and
informal linguistic patterns that typically degrade sentiment
classification  performance. Experimental evaluations
demonstrated a +3.89% accuracy gain and a +3.89%
improvement in Fl-score over the BILSTM baseline, while
also achieving faster inference, making it highly suitable for
real-time analytical environments. Despite these strengths, the
model still struggles with sarcasm and multilingual or code-
mixed text, where deeper semantic reasoning is required.
Future efforts will focus on integrating self-attention or
transformer-based enhancements, extending the system to
multilingual sentiment processing, and exploring multimodal
sentiment analysis by incorporating both textual and visual
cues to better capture the full spectrum of social media
expression.
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