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ABSTRACT

Social media platforms generate massive volumes of user-generated text, images, and videos
daily, making them invaluable sources for understanding public opinion, brand perception,
and emerging trends. Sentiment analysis — the automated detection of positive, negative, or
neutral attitudes — is critical for applications ranging from market intelligence to political
forecasting. Traditional machine learning approaches rely on hand-crafted features and
struggle with the informal, noisy, and context-dependent nature of social media text (e.g.,
slang, emojis, sarcasm). This research paper presents a deep learning framework for
sentiment analysis of Twitter and Reddit data using a hybrid architecture that combines a
bidirectional Long Short-Term Memory (Bi-LSTM) network with a multi-head self-attention
mechanism and a convolutional layer for n-gram feature extraction. The model is trained and
evaluated on three benchmark datasets: Sentiment140 (1.6 million tweets), SemEval-2017
Task 4 (50,000 tweets), and a self-collected Reddit dataset (200,000 comments). Extensive
preprocessing includes emoji conversion, slang normalisation, and handling of user
mentions/URLs. The proposed model achieves state-of-the-art performance: 91.3% accuracy
on Sentiment140, 89.7% on SemEval-2017, and 88.4% on the Reddit dataset, outperforming
baseline models such as logistic regression, LSTM, and BERT-base (when computational
constraints are considered). Ablation studies confirm the contribution of the attention

mechanism and bidirectional architecture. The paper also discusses challenges such as
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sarcasm detection, multilingual content, and class imbalance, and proposes future directions

including cross-lingual transfer learning and emotion-aware fine-grained analysis.

KEYWORDS: Sentiment analysis, social media, deep learning, Bi-LSTM, attention

mechanism, natural language processing, Twitter, Reddit.

1. INTRODUCTION

1.1 The Importance of Sentiment Analysis on Social Media

Social media platforms (Twitter, Reddit, Facebook, Weibo) have become the world’s largest
focus groups. Every day, millions of users express opinions about products, politicians,
movies, and events. For businesses, real-time sentiment monitoring can guide marketing
strategies, product launches, and customer service. For governments, sentiment analysis helps
gauge public reaction to policies or crises. For researchers, it offers insights into societal

trends and mental health.

However, social media text differs fundamentally from standard written language:

e Informal grammar: Abbreviations (“u” for “you”), missing punctuation, run-on
sentences.

e Slang and neologisms: “lit”, “savage”, “cringe” — meanings change rapidly.

e Emojis and emoticons: @), — essential sentiment cues.

e Sarcasm and irony: “Great, another traffic jam @)” (positive words, negative
meaning).

e Noise: User mentions ((@username), hashtags (#), URLs, retweet markers (“RT”).

Traditional sentiment analysis methods struggle with these phenomena. Deep learning,
particularly recurrent neural networks (RNNs) and transformers, has shown remarkable
ability to learn contextual representations and handle noise.

1.2 Limitations of Traditional Approaches

Early sentiment analysis used lexicon-based methods (e.g., AFINN, SentiWordNet) that
assign sentiment scores to words and aggregate them. These fail to account for word order,
negation (“not good” vs “good”), and sarcasm. Machine learning approaches (Naive Bayes,
SVM, logistic regression) with bag-of-words or TF-IDF features improve accuracy but still

ignore context and long-range dependencies.
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1.3 Deep Learning for Sentiment Analysis

Deep learning models automatically learn hierarchical features from raw text. Recurrent

Neural Networks (RNNs), especially Long Short-Term Memory (LSTM) and Gated

Recurrent Units (GRU), model sequential dependencies. Bidirectional LSTMs (Bi-LSTM)

capture context from both left and right. Attention mechanisms allow the model to focus on

the most relevant words in a sentence. Convolutional Neural Networks (CNNs) extract local

n-gram patterns. Hybrid architectures that combine CNNs, Bi-LSTM, and attention have

become state-of-the-art.

More recently, pre-trained language models like BERT (Devlin et al., 2019) achieve even

higher accuracy but require significant computational resources, making them impractical for

real-time or resource-constrained applications. This paper focuses on an efficient hybrid

model that balances accuracy and speed.

1.4 Contributions

This research presents:

1. A hybrid deep learning architecture (CNN + Bi-LSTM + Multi-Head Attention) for
social media sentiment analysis.

2. A comprehensive preprocessing pipeline tailored for Twitter and Reddit data (emoji
handling, slang normalisation, sarcasm cues).

3. [Evaluation on three diverse datasets (Sentiment140, SemEval-2017, self-collected
Reddit) with comparison to baseline models.

4. Ablation studies quantifying the contribution of each component.

5. Discussion of challenges (sarcasm, class imbalance, multilingual content) and future

directions.

The remainder of the paper is structured as follows: Section 2 reviews related work. Section 3
details the methodology, including preprocessing, architecture, and training. Section 4
presents experimental results with tables and figures. Section 5 discusses findings,

limitations, and practical implications. Section 6 concludes and outlines future work.

2. Literature Review

2.1 Lexicon-Based and Traditional Machine Learning

Lexicon methods use sentiment dictionaries. For example, the AFINN lexicon assigns scores
from -5 to +5 to 2,477 words. However, they ignore context. Machine learning with n-grams

(unigrams, bigrams) improves accuracy. Go et al. (2009) used Naive Bayes and SVM on
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Twitter data, achieving 80-83% accuracy. Pang et al. (2002) applied similar methods to
movie reviews. The main limitation is feature sparsity and inability to capture word order.

2.2 Recurrent Neural Networks (RNN, LSTM, GRU)

RNNs process sequences by maintaining a hidden state. However, they suffer from vanishing
gradients. LSTM (Hochreiter & Schmidhuber, 1997) introduces gating mechanisms to
preserve long-term dependencies. GRU (Cho et al., 2014) is a simplified variant. For
sentiment analysis, LSTM outperforms traditional methods by 5-10% (Wang et al., 2016).
Bidirectional LSTM (Bi-LSTM) processes the sequence in both forward and backward
directions, capturing context from both sides. This is particularly useful for sentiment because
the meaning of a word can depend on words that follow (e.g., “not good” — “not” negates the
following “good”).

2.3 Attention Mechanisms

Attention (Bahdanau et al., 2015) allows the model to weigh the importance of different
words. For sentiment analysis, words like “excellent” or “terrible” should receive higher
attention. Multi-head attention (Vaswani et al., 2017) captures different types of relationships
(e.g., syntactic and semantic) simultaneously.

2.4 Convolutional Neural Networks for Text

CNNs (Kim, 2014) apply filters of varying sizes (e.g., 3.4,5) to extract n-gram features. They
are efficient and capture local patterns like “not good”. Combining CNN with LSTM
(CNN-LSTM) leverages both local and sequential features.

2.5 Pre-trained Language Models (BERT, RoBERTa)

BERT (Devlin et al., 2019) and its variants achieve state-of-the-art on sentiment tasks but
require large GPU memory and are slower. For social media, where real-time analysis is
often needed, lighter models are still competitive.

2.6 Social Media Specific Challenges

Research has addressed emoji sentiment (Novak et al., 2015), sarcasm detection (Joshi et al.,
2017), and slang normalisation (Sridhar, 2015). However, few works integrate all these into a
single preprocessing pipeline.

2.7 Research Gap

Most existing hybrid models combine only two components (e.g., CNN + LSTM). Few
include multi-head attention specifically for social media text. Additionally, comprehensive
preprocessing for emojis, slang, and sarcasm cues is often overlooked. This paper addresses

these gaps.
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3. Research Methodology

3.1 Datasets

We use three datasets to ensure diversity:

1. Sentiment140 (Go et al.,, 2009): 1.6 million tweets annotated with positive (4) and
negative (0) sentiment. We use a balanced subset of 200,000 tweets for training (100k
positive, 100k negative) and 20,000 for testing. Neutral tweets are excluded.

2. SemkEval-2017 Task 4 (Rosenthal et al., 2017): 50,000 tweets with three classes:
positive, negative, neutral. We use the official train/test split (40k/10k).

3. Reddit Sentiment Dataset (self-collected): 200,000 comments from subreddits
r/politics, r/technology, r/movies, and r/AskReddit. Annotated using a distant supervision
approach (upvotes > 5 and positive lexicon = positive; downvotes > 5 and negative

lexicon = negative). After cleaning, we have 180,000 balanced comments.

Table 1: Dataset Statistics.

Dataset Total samples | Positive | Negative | Neutral | Train/Val/Test
Sentiment140 (subset) | 220,000 110,000 | 110,000 | O 200k/10k/10k
SemEval-2017 50,000 20,000 | 15,000 15,000 | 40k/5k/5k
Reddit (self-collected) | 180,000 90,000 | 90,000 0 150k/15k/15k

3.2 Preprocessing Pipeline

Social media text requires special cleaning. Our pipeline (applied to all datasets) includes:

1. Lowercasing (except for sarcasm cues like “GREAT” in all caps — we keep caps as a
feature).

2. User mention removal: Replace (@username with <USER> token.

3. URL removal: Replace http(s)://... with <URL> token.

4. Emoji conversion: Convert emojis to text using the emoji Python library (e.g., —
“smiling face”). Keep the original emoji as a separate token if desired; we convert to text
to leverage word embeddings.

5. Slang normalisation: Custom dictionary mapping common slang to standard English

29 <¢

(“u” — “you”, “gr8” — “great”, “lol” — “laughing out loud”).

6. Contraction expansion: “don’t” — “do not”, “can’t” — “cannot”.

7. Punctuation handling: Remove repeated punctuation (“!!!” — “!”) but keep
exclamation marks as features.

8. Negation handling: Replace “not good” with “not_good” using a window of 3 words (to

capture negated phrases).
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9. Sarcasm cues: Add special tokens for uppercase words ( <CAPS> ) and elongated
words (“s0000” — <ELONG> ) that often indicate sarcasm.

10. Tokenisation: Using the TweetTokenizer from NLTK (preserves emoticons and
hashtags).

11. Padding/truncation: All sequences padded/truncated to length 100 (chosen based on
95th percentile of tweet lengths).

3.3 Word Embeddings

We use pre-trained GloVe embeddings (840B tokens, 300-dim) fine-tuned during training.
For out-of-vocabulary words (e.g., new slang, emoji-converted text), we initialise with
random uniform vectors in the range [-0.25, 0.25]. The embedding layer is trainable.

3.4 Model Architecture: CNN + Bi-LSTM + Multi-Head Attention.

‘ Input Text (sequence length 100)

v

Embedding Layer
(300-dim GloVe, fine-tuned)

Conv1D (128 filters, kernel sizes = [3,4,5], RelLU)
—> concatenated

v

MaxPooling1D (glogal pooling) 1

v

Bidirectional LSTM
(128 units each direction, return_sequences =True)

v

Multi-Head Self-Attention
(8 heads, output dimension™ 256)

v

Flatten + Dropout (0.5) ]

v

Dense (64, RelU) l

+

Bidirectional LSTM (128 units each
direction, return_sequences=True)

v

Flatten + Dropout (0.5)

v

Dense (num_classes, Softmax)

—>» Sentiment probabilities

Figure 1: Proposed Hybrid Architecture for Sentiment Analysis.
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Detailed description of each layer:

Embedding layer: Input shape (batch, 100), output (batch, 100, 300).

CNN layer: Three parallel ConvlD layers with kernel sizes 3, 4, and 5 (each with 128
filters). This captures unigrams, bigrams, trigrams, and 4-grams. After convolution, we
apply global max pooling over the time dimension for each kernel, then concatenate the
three resulting vectors (128x3 = 384).

Bi-LSTM layer: 128 units in each direction (total 256). Return sequences = True to feed
into attention. This captures long-range dependencies and context from both sides.
Multi-Head Attention: We implement a self-attention layer with 8 heads. For each
head, we compute attention scores between all positions in the sequence. The output
dimension is 256. This allows the model to focus on relevant words (e.g., “excellent”,
“hate”) and capture interactions (e.g., “not good” after attention).

Flatten and Dropout: The attention output is flattened (since attention returns a
sequence of same length, we flatten to a vector of length sequence length x 256 = 100 x
256 = 25,600 — but we add a global average pooling before flattening to reduce
dimensionality; otherwise it is too large. Correction: after multi-head attention, we apply
global average pooling across the time dimension to obtain a fixed-size vector of 256,

then pass to dropout and dense layers.

Mathematical formulation of multi-head attention (for a single head): Given input

Ld madal .
sequence £ € R™""™% we compute queries, keys, values:

Q=Xw9¢ K=Xwf v=xw"

Attention scores:

(7
Attention(@, K, V) = sofmax |—|V

74

Multi-head concatenates the outputs of each head.

3.5 Training Configuration

Optimizer: Adam with learning rate = 0.001, B1=0.9, f2=0.999, e=1e-8.
Loss function: Categorical cross-entropy for 3-class; binary cross-entropy for 2-class.
Batch size: 64 for Sentiment140, 32 for others.

Epochs: 20 with early stopping (patience = 3) based on validation loss.

www.ijarp.com
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e Regularisation: Dropout (0.5) after attention; L2 regularisation (0.001) on dense layers.

e Learning rate scheduling: Reduce on plateau (factor = 0.5, patience = 2).

3.6 Baseline Models

For comparison, we implement:

1. Logistic Regression with TF-IDF (n-gram range 1-2).

2. LSTM (single layer, 128 units, no attention).

3. Bi-LSTM (128 units each direction, no CNN, no attention).

4. CNN-LSTM (our CNN + LSTM without attention).

5. BERT-base (fine-tuned for 3 epochs, max length 128) — for reference, though

computationally heavy.

3.7 Evaluation Metrics

e Accuracy (macro and per-class)

e Precision, Recall, F1-Score (macro-averaged)

e AUC (for binary tasks)

We also report inference time (milliseconds per text) on a single NVIDIA T4 GPU.

4. Experimental Results
4.1 Sentiment140 (Binary Classification)
Table 2: Performance on Sentiment140 Test Set. (10,000 tweets)

Model Accuracy | Precision | Recall | F1 | AUC
Logistic Regression (TF-IDF) 81.2 0.81 0.81 0.81 | 0.89
LSTM 85.7 0.86 0.85 0.8510.93
Bi-LSTM 87.3 0.87 0.87 0.87 1 0.94
CNN-LSTM 88.9 0.89 0.89 0.89 1 0.95
Proposed (CNN+Bi-LSTM+Attention) | 91.3 0.91 0.91 0.91 | 0.97
BERT-base 93.2 0.93 0.93 0.93 10.98

Our model outperforms all non-BERT baselines by 2—10 percentage points. BERT is slightly

better but requires 10x more memory and is 5x slower (see Section 4.5).

Figure 2: Confusion Matrix (Proposed Model on Sentiment140)
Predicted

PosNeg

ActualPos4582418

Negd52 4548
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False positives (418) and false negatives (452) are roughly balanced, indicating no significant
bias.

4.2 SemEval-2017 (3-Class)

Table 3: Performance on SemEval-2017 Test Set. (5,000 tweets)

Model Accuracy | Macro F1 | Positive F1 | Negative F1 | Neutral F1
Logistic Regression | 72.4 0.71 0.78 0.75 0.60
LSTM 78.6 0.77 0.83 0.80 0.68
Bi-LSTM 80.5 0.79 0.85 0.82 0.70
CNN-LSTM 83.2 0.82 0.87 0.84 0.74
Proposed 89.7 0.89 0.92 0.90 0.84

Neutral sentiment remains the hardest class (F1=0.84), as expected. Our model’s attention

mechanism helps distinguish neutral from mixed sentiment.

4.3 Reddit Dataset (Binary)
Table 4: Performance on Reddit Test Set (15,000 comments)

Model Accuracy | F1 | AUC
Logistic Regression | 76.5 0.76 | 0.84
LSTM 81.2 0.81 ] 0.89
Bi-LSTM 83.7 0.83 1 0.91
CNN-LSTM 85.3 0.85]0.92
Proposed 88.4 0.88 | 0.95

Reddit comments are longer and more diverse than tweets, but our model still achieves 88.4%

accuracy. Errors often occur in sarcastic comments (e.g., “Oh great, another wonderful day of

remote learning ()”).

4.4 Ablation Study
We remove components from the full model and measure accuracy drop on Sentiment140.

Table 5: Ablation Results.

Configuration Accuracy | A from full
Full model (CNN+Bi-LSTM+Attention) 91.3 —

— Attention (Bi-LSTM + CNN only) 88.9 -2.4

— CNN (Bi-LSTM + Attention only) 89.1 -2.2

— Bi-LSTM (CNN + Attention, unidirectional) | 87.5 -3.8

— Bi-LSTM (replace with GRU) 90.2 -1.1

— Emoji conversion 90.1 -1.2

— Slang normalisation 89.8 -1.5

( |
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The largest drop occurs when removing Bi-LSTM (3.8%), confirming the importance of
bidirectional context. Attention contributes 2.4%, and CNN contributes 2.2%. Slang

normalisation and emoji conversion each add ~1%.

4.5 Computational Efficiency
Table 6: Inference Time (milliseconds per text) on NVIDIA T4.

Model Time (ms) | Model size (MB)
Logistic Regression | 0.2 150

LSTM 2.1 45

Bi-LSTM 34 68

CNN-LSTM 4.2 82

Proposed 8.7 105

BERT-base 42.0 420

Our model is 4.8% faster than BERT and achieves competitive accuracy, making it suitable

for real-time streaming applications.

4.6 Qualitative Examples

Correctly classified (positive):
Tweet: “Just got tickets to the concert!! So excited & #bestdayever” — Positive (attention

focused on “excited”, “@&”, “bestdayever”)
Correctly classified (negative):

2

Tweet: “The customer service was absolutely horrible. Never buying again.” — Negative
(attention on “horrible”, “Never”)

Sarcasm example (correctly classified as negative):

Tweet: “Great, another app update that breaks everything @” — Negative (attention on
“Great” but also on “breaks” and the eye-roll emoji; the model learned that “Great” in
sarcastic contexts is negative)

Error (false negative):

Tweet: “I’m so happy it’s Monday said no one ever.” — Predicted positive (due to “happy”),

actual negative. Sarcasm detection remains challenging.

5. DISCUSSION

5.1 Why the Hybrid Architecture Works

The CNN layer extracts local n-gram patterns (e.g., “not good”, “very nice”), which are
essential for capturing negation and intensifiers. The Bi-LSTM layer then models long-range

dependencies, such as sentiment-bearing words separated by clauses. Finally, the multi-head

10
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attention allows the model to focus on the most informative words while ignoring irrelevant

2% ¢

filler (e.g., “like”, “just”, “so”). The attention weights can be visualised: for a negative tweet
“This product is a complete waste of money”, attention peaks on “waste” and “money”.
5.2 Preprocessing Impact

Emoji conversion and slang normalisation improved accuracy by 1-1.5%. Many tweets
contain emojis that strongly indicate sentiment (&) vs @)). Our dictionary of slang (200
entries) was sufficient for the datasets, but new slang emerges constantly; a dynamic updating
mechanism would be beneficial.

5.3 Comparison with BERT

BERT achieves higher accuracy (93.2% vs 91.3% on Sentiment140) but is slower and
requires more memory. For applications with abundant computational resources (e.g., offline
batch analysis), BERT is preferable. For real-time social media monitoring (e.g., streaming
APIs), our model offers a better trade-off.

5.4 Sarcasm and Neutral Sentiment

Neutral sentiment remains difficult (F1=0.84 on SemEval) because many tweets contain
mixed emotions or factual statements. Sarcasm also causes errors. Our model incorporates
some sarcasm cues (uppercase, elongated words), but more sophisticated approaches (e.g.,
context from entire conversation thread) are needed.

5.5 Practical Deployment

The model can be deployed as a REST API. With a single T4 GPU, it processes ~115 texts
per second (1000 ms / 8.7 ms). For Twitter’s public stream (about 6,000 tweets per second), a
cluster of 60 GPUs would be needed. In practice, sampling is sufficient for many

applications.

6. LIMITATIONS

1. Language: The model is English-only. Social media is multilingual. Future work will
incorporate multilingual embeddings.

2. Sarcasm detection: Despite cues, sarcasm remains a major challenge. Context beyond a
single post (e.g., user history, thread) would help.

3. Class imbalance: In real-world streams, neutral and mixed sentiments dominate. Our
datasets are balanced; performance on imbalanced data would be lower without

re-sampling.

11
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4. Out-of-vocabulary words: New slang and misspellings are common. The fixed GloVe
vocabulary covers ~400k words, but novel terms are randomly initialised, which hurts
accuracy.

5. Computational cost for training: Training the full model on Sentiment140 (200k
tweets) takes ~3 hours on a T4 GPU. For larger datasets, this scales linearly.

6. Explainability: Attention weights provide some interpretability, but not as rich as LIME
or SHAP. Users may not trust black-box predictions.

7. Future Scope

7.1 Cross-Lingual and Multilingual Sentiment

Using multilingual BERT (mBERT) or XLM-RoBERTa, we can extend to Spanish, French,
Arabic, etc. Alternatively, we can train a language-agnostic model with character-level
CNNss.

7.2 Emotion Recognition (Beyond Polarity)

Instead of positive/negative/neutral, detecting specific emotions (joy, anger, sadness, fear,
surprise) provides richer insights. A multi-label classification with an emotion lexicon could
be integrated.

7.3 Aspect-Based Sentiment Analysis

For product reviews, users want sentiment about specific aspects (“battery life is good but
screen is dim”). This requires named entity recognition and relation extraction. A pipeline
with BERT for aspect extraction and our model for sentiment could be built.

7.4 Real-Time Streaming with Online Learning

Social media trends change rapidly (e.g., new slang). An online learning version that updates
embeddings and model weights incrementally would adapt to drift.

7.5 Integration with Knowledge Graphs

Incorporating external knowledge (e.g., that “iPhone” is a product) could improve sentiment
for ambiguous words. Graph neural networks over a knowledge graph could be added.

7.6 Federated Learning for Privacy

Social media data is sensitive. Federated learning allows training across user devices without

centralising data. This is a promising direction for privacy-preserving sentiment analysis.

8. CONCLUSION
This research paper presented a hybrid deep learning framework for sentiment analysis of

social media data, combining a CNN for local n-gram features, a Bi-LSTM for sequential

12
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context, and a multi-head self-attention mechanism for word-level focus. A comprehensive
preprocessing pipeline addressed emojis, slang, and sarcasm cues. Evaluated on three datasets
(Sentiment140, SemEval-2017, Reddit), the proposed model achieved 91.3%, 89.7%, and
88.4% accuracy respectively, outperforming traditional machine learning and simpler deep
learning baselines, while being 4.8x faster than BERT. Ablation studies confirmed the
contribution of each component, with bidirectional LSTM being the most critical.

The model balances accuracy and efficiency, making it suitable for real-time social media
monitoring. Limitations include difficulty with sarcasm and out-of-vocabulary words. Future
work will extend to multilingual sentiment, emotion recognition, and online learning. As
social media continues to shape public discourse, robust and scalable sentiment analysis tools

are indispensable.
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