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Abstract

This study explores enhancing the performance of Long Short-Term Memory (LSTM) networks in sentiment analysis
by integrating advanced data preprocessing techniques and hybrid model architectures. A robust preprocessing
pipeline was implemented, involving tokenization, normalization, slang handling, and dataset balancing to improve data
quality. A CNN-GloVe-LSTM hybrid model was developed, leveraging GloVe embeddings for semantic representation,
CNN for local feature extraction, and LSTM for sequential dependency learning. The study also examined an ensemble
of LSTM and Random Forest models. Performance metrics, including accuracy, precision, recall, F1-score, and AUC-ROC,
were used for evaluation. Results indicate that the CNN-GloVe-LSTM model achieved the highest accuracy (92.05%) and
computational efficiency, outperforming both the standalone LSTM and ensemble approaches. The hybrid model
demonstrated a significant reduction in training time while maintaining robust classification capabilities, making it a
superior choice for sentiment analysis tasks on social media data.
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1. Introduction

In the age of digital transformation, vast amounts of text data are generated daily across various platforms, particularly
in social media [1]. The rise of social media platforms, such as Twitter and now known as X platform, has led to an
explosion in user-generated content, making sentiment analysis a crucial tool for understanding public opinion,
consumer behavior, and trends [2]. While it provides insights into public opinion on an immediate and accessible
platform, the volume and variability of data require advanced processing techniques to ensure meaningful analysis.
Sentiment analysis, or opinion mining, is the process of using natural language processing (NLP) to determine whether the
sentiment expressed in a piece of text is positive, negative, or neutral [3]. Businesses and organizations increasingly rely
on sentiment analysis to derive insights for decision-making, improve customer service, and monitor brand perception
[4]. Despite the advancements in machine learning and NLP, traditional sentiment analysis models face several
challenges [5]. One prominent model in sequence learning, the Long Short- Term Memory (LSTM) network, has shown
remarkable success in handling sequential data, such as text. LSTM models can capture long-term dependencies, making
them suitable for sentiment classification tasks [6]. However, even with these advantages, LSTM models have limitations.
They often struggle with efficiently balancing training time and accuracy, particularly when dealing with large datasets
or long-text sequences [7]. Furthermore, they may fail to capture nuanced local text patterns or fully exploit the context
within a sentence, which is critical for accurate sentiment analysis [8]. This study seeks to enhance the performance of
LSTM-based models by incorporating advanced data preprocessing, hybrid architectures, and model ensembling. By
addressing the limitations of standard LSTM models, the research aims to develop amore accurate and efficient sentiment
analysis system, contributing both to the academic understanding of model optimization and the practical application
of NLP in sentiment analysis tasks.
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2. Related Literature

Sentiment analysis, a core area of natural language processing, has gained significant traction across academia, industry,
and governmental applications. It classifies text data into sentiments such as positive, negative, or neutral, providing
actionable insights. Among various methods, Long Short-Term Memory (LSTM) networks are favored for their ability
to capture long-term dependencies in sequential data. Designed to address the vanishing gradient problem of traditional
RNNs, LSTMs excel in processing extended text sequence [9]. However, challenges like hyperparameter optimization,
slow training, and limited contextual understanding constrain their performance in sentiment classification tasks [17].
The success of sentiment analysis models depends heavily on data preprocessing. Advanced techniques like
tokenization, stop word removal, and slang handling significantly improve data quality and model accuracy [18]. Text
normalization methods, such as lemmatization and stemming, further enhance consistency by reducing variability in
word forms [19]. Despite their strengths, LSTMs often fail to leverage local text patterns and rich contextual
embeddings, making them less effective in handling nuanced sentiments. Their computational intensity also limits their
suitability for real-time applications [20]. Furthermore, LSTMs face scalability issues with large, dynamic datasets like
those from social media [23] and optimizing their performance in complex language tasks remains a [21, 22]. Recent
advancements, such as Convolutional Neural Networks (CNNs) and word embeddings like GloVe, offer solutions to these
limitations. Hybrid architectures combine the strengths of CNNs for local pattern detection [24] with LSTM’s sequential
learning capabilities, enabling more accurate and efficient sentiment classification [13,14]. Ensemble learning
techniques also show promise by integrating models like LSTMs and Random Forests to improve robustness and
accuracy [15]. Random Forests effectively handle high-dimensional data and complement LSTMs’ ability to capture
temporal dependencies [26]. Evaluation metrics such as accuracy, F1-score, precision, recall, and AUC-ROC are crucial
for assessing model performance [27]. Since accuracy alone can be insufficient, particularly for imbalanced datasets,
metrics like F1-score and AUC-ROC provide a more nuanced evaluation [28]. This research aims to enhance LSTM-based
sentiment analysis models by integrating advanced preprocessing, hybrid architectures, and optimization techniques,
addressing their existing limitations.

3. Methodology

3.1. Dataset Preprocessing

The data preprocessing pipeline begins with the collection of large, publicly available X datasets labeled for sentiment
analysis (positive, negative, and neutral). The data cleaning process involves tokenizing the text into individual words,
converting it to lowercase for uniformity, removing stopwords such as "the" and "is," and applying a spell-check
algorithm to correct errors, which is essential for handling user-generated content on social media (Alagukumar &
Lawrance, 2024). Custom rules will be applied to handle slang, acronyms, and domain-specific terms, such as mapping
"lol" to "laughing out loud." Noise removal will involve filtering out irrelevant elements like URLs, HTML tags, special
characters (emojis), and other non-informative text components. For text normalization, words will be lemmatized or
stemmed to reduce variability, converting them to their root forms (e.g., "running" to "run"). Outliers, such as spam or
unusual data points, will be identified and either removed or flagged for separate analysis. To address class imbalances
in the dataset, techniques like oversampling or undersampling will be employed, ensuring all sentiment classes are
adequately represented during model training [11]. A manual or semi- automated review of a subset of the data will
verify that the preprocessing steps do not inadvertently alter the expressed sentiment. Finally, all preprocessing steps
will be automated and integrated into a unified pipeline for consistency and efficiency in handling incoming data.

Table 1 Steps in Data Preprocessing Pipeline

STEP DETAILS

Data Collection Acquiring large-scale X datasets (e.g., tweets related to product reviews) with labeled
sentiments (positive, negative,
neutral).
Sample tweet:

"OMG!!! This new phone is AMAZING
W@ !!! Check it out here: http://phone.com #BestPhoneEver"

Data Cleaning

- Splitting the tweet into tokens: ["OMG", "!!!", "This", "new", "phone", "is",
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Tokenization "AMAZING", @&/, "!I'" "Check", "it",
"out", "here",":", "http://phone.com", "#BestPhoneEver"]
- Converting all text to lowercase: ["omg", "!!!", "this", "new", "phone", "is",
Lowercasing "amazing", "@", "!!", "check", "it",
"out”, "here",":", "http://phone.com”, "#bestphoneever"]
- Stopword Removal Removing common stopwords like "this," "is," "it," "out": ["omg", "!I!", "new",
"phone", "amazing", "@&®@, "I!!",
"check”, "here",":", "http://phone.com", "#bestphoneever"]
- Spelling Correction No spelling correction needed here, but it would apply to misspellings like "gr8" —

"great” or "amazng" — "amazing".

- Slang and Acronym | Converting slang or acronyms: "omg" — "oh my god", resulting in ["oh my god", "!!!",

Handling "new", "phone", "amazing", "@&@;
"II", "check", "here", ":", "http://phone.com"”, "#bestphoneever"]
Noise Removal Removing URLs, emojis, and special

characters: ["oh my god", "new", "phone", "amazing", "check", "#bestphoneever"]

Text Normalization Lemmatizing or stemming: "amazing" — "amaze", resulting in ["oh my god", "new",

"phone”, "amaze", "check”,
"#bestphoneever"]

Outlier Handling No outliers detected in this tweet, but

spammy or irrelevant tweets would be filtered out at this stage.
Dataset Balancing Using oversampling or undersampling techniques to balance sentiment classes
Sentiment Consistency | Reviewing a subset of data to ensure preprocessing doesn't alter the sentiment
Validation
Preprocessing Pipeline Automating and integrating all steps into a unified preprocessing pipeline
Development

3.2. Unified Hybrid Model Development

The CNN-GloVe-LSTM model starts by leveraging GloVe embeddings, a pre-trained algorithm that maps each word into

a dense 100-dimensional vector representation. These embeddings capture semantic relationships and contextual
information from large text corpora, providing a strong foundation for the model. The embeddings are fine-tuned during
training to adapt better to the sentiment analysis task. The GloVe-generated embeddings are then passed through a 1D
Convolutional Neural Network (CNN) layer with 128 filters and a kernel size of 3. This layer extracts local patterns, such
as n-grams and word combinations, which are critical for understanding the immediate relationships between words
in text data. A MaxPooling1D layer follows the CNN, which reduces the dimensionality of the feature maps, retaining
only the most important information to prevent overfitting and enhance computational efficiency. After local features
are extracted by the CNN, the downsampled feature maps are fed into a Long Short-Term Memory (LSTM) layer with
128 units. The LSTM layer captures sequential dependencies and long-term relationships between
words, enabling the model to interpret the overall context and meaning of the text. The inclusion of dropout and
recurrent dropout (both set to 0.3) in the LSTM layer helps mitigate overfitting during training, ensuring better
generalization on unseen data.

The output of the LSTM is processed by a softmax output layer with three units, corresponding to the three sentiment
classes: positive, negative, and neutral. The softmax activation ensures that the model outputs a probability distribution
over these classes, enabling multi- class classification. By combining GloVe’s pre-trained embeddings, CNN'’s ability to
capture local features, and LSTM’s strength in modeling sequential dependencies, the CNN-GloVe-LSTM architecture is
well-suited for sentiment analysis tasks. This hybrid approach balances feature extraction and sequential learning,
making it effective for understanding the nuances of textual data.
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Table 2 Unified Hybrid Model Hyperparameter

Component

Details

GloVe Embedding Layer

Pretrained Model: GloVe 6B, 100- dimensional embeddings.
Output: 100-dimensional embeddings per token.

Weights initialized from glove.6B.100d.txt. Vocabulary Size: 5000 (max).

Trainable: Yes (fine-tuning enabled).

CNN Layer (1D Convolution)

Filters: 128, Kernel Size: 3, Stride: 1,
Padding: 'same’, Activation: ReLU

Pooling Layer Type: MaxPooling1D, Pool Size: 2,
Stride: 2, Padding: 'valid'
LSTM Layer Units: 128, Return Sequences: False (as it's the final recurrent layer).

Dropout: 0.3, Recurrent Dropout: 0.3, Activation: softmax

Fully Connected (Dense) Layer | Units: 128, Activation: ReLU,

Dropout: 0.3

Output Layer

Units: Number of classes (Multi- Class)
Activation: Softmax (Multi-Class)

3.3. Ensemble Learning

Ensemble learning is a powerful technique where the predictions of multiple models are combined to create a more
accurate and robust final model [10]. In this project, combine predictions from LSTM and Random Forest models to
leverage their strengths. Hyperparameters such as the number of LSTM layers, units, learning rate, and batch size are
tuned to optimize performance, with early stopping to prevent overfitting. The Random Forest model, trained on
feature-extracted text data (using methods like TF-IDF), creates multiple decision trees based on random subsets of
data. Its hyperparameters, including the number of trees and maximum depth, are fine-tuned through cross-validation.

Table 3 Ensemble Learning Model Parameters

Component Details
LSTM Model

- Number of LSTM Layers 2 Layers

- Units per LSTM Layer 128 Units

- Dropout 0.3

- Optimizer Adam

- Batch Size 32

Random Forest Model

- Number of Trees 100 Trees

- Max Depth 20

- Criterion Gini Impurity
- Feature Importance True

- Number of Trees 100 Trees
Ensemble Approach

- Weight for LSTM Model 0.6

- Weight for Random Forest | 0.4

Cross Validation 5-Fold Cross-Validation
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After training, predictions from both models are combined using weighted ensembling, where weights are assigned
based on each model’s performance. The final prediction is calculated as Pfinal = w1l- PLSTM + w2- PRF, with w1 and
w2 representing model-specific weights. The ensemble model is then evaluated using k- fold cross-validation, which
helps ensure its generalization to unseen data and robustness against overfitting [13]. The hyperparameters for the
ensemble learning approach combine LSTM and Random Forest models, each optimized for specific tasks. The LSTM
model uses 2 layers with 128 units each to capture complex sequential relationships in the text data, with a dropout
rate of 0.3 to prevent overfitting. Adam optimizer with a learning rate of 0.001 ensures efficient gradient-based learning,
while the batch size of 32 and early stopping after 10 epochs balance between training time and performance. The
Random Forest model uses 100 decision trees with a maximum depth of 20 to capture non-linear patterns in the feature
space, while using Gini impurity to split nodes and ensuring feature importance is considered.

A weighted ensemble approach is used, with 60% weight for LSTM and 40% for Random Forest, reflecting LSTM's
superior ability to capture long-term dependencies in text. The parameters are set based on the strengths of each model,
with cross-validation and performance metrics ensuring generalizability across datasets.

4, Results

The Unified Hybrid Model (CNN-GloVe-LSTM) achieved the highest accuracy of 92.05%, surpassing both the LSTM-
Random Forest Ensemble model (90.17%) and the standalone LSTM (80.40%). This performance demonstrates the
hybrid model's effectiveness in sentiment analysis by integrating GloVe embeddings for semantic richness, CNN for
capturing local patterns, and LSTM for understanding sequential dependencies. The use of pre- trained embeddings
enhances generalization with less reliance on extensive training data, while CNN addresses LSTM's limitations in
detecting phrase-level sentiment cues, reducing misclassification in challenging classes like neutral and positive [12].

The model accuracy was determined based on the Accuracy formula on equation 1

Number of correct predictions
n
Accuracy _ Total umber of predictions

Table 4 GloVe LTSM Results

CNN-GloVe-LSTM
Metrics Precision | Recall | F1-score
Negative 0.88 0.89 0.88
Neutral 0.89 0.98 0.94
Positive 0.97 0.89 0.93
Macro avg 091 0.92 0.92
Weighted avg | 0.91 0.92 0.92
Accuracy 92.05%
AUC-ROC 0.9802
Train Time 250.54 seconds

Table 5 Random Forest and LTSM Results

LSTM-Random Forest LSTM

F1-score | Precision | Recall | F1-score | Precision | Recall

0.85 0.84 0.58 0.84 0.58 0.68
0.92 0.71 0.98 0.71 0.98 0.82
091 0.91 0.78 091 0.78 0.84

2437



World Journal of Advanced Research and Reviews, 2025, 25(01), 2433-2443

0.89 0.82 0.78 0.82 0.78 0.78
0.90 0.82 0.80 0.82 0.80 0.80
90.17% 80.40%

0.9614 0.9045

1246.19 seconds 729.86 seconds

The Unified Hybrid Model (CNN-GloVe-LSTM) demonstrated superior performance across all metrics, achieving
weighted averages of 0.92 for precision, recall, and F1l-score, compared to the standalone LSTM’s 0.80. These
improvements reflect the hybrid model’s enhanced ability to accurately classify sentiments, particularly in complex or
ambiguous cases. The model also significantly reduced retraining time to 250.54 seconds, a marked improvement over
the LSTM’s 729.86 seconds, underscoring its computational efficiency. By leveraging GloVe embeddings for semantic
understanding, CNN for local pattern detection, and LSTM for sequential processing, the hybrid model excels at
extracting and utilizing nuanced sentiment features. The LSTM-Random Forest Ensemble model also outperformed the
standalone LSTM, achieving weighted averages of 0.90 for precision, recall, and F1-score. It demonstrated a balanced
ability to minimize false positives and false negatives, particularly for neutral and positive sentiments. However, this
came at the cost of a significantly longer training time of 1246.19 seconds, compared to both the hybrid model and the
standard LSTM. Overall, while the ensemble approach improved classification performance, the CNN-GloVe-LSTM
model remains the most efficient and effective for sentiment analysis tasks. The confusion matrix analysis underscores
the Unified Hybrid Model (CNN-GloVe-LSTM) as a superior approach for sentiment classification, with substantial
improvements over the standard LSTM. The hybrid model significantly reduced misclassifications across all sentiment
classes, particularly in the neutral and positive classes, where subtle tonal variations often challenge classification. For
the nAccuracy = Number of correct predictions Total umber of predictions Table 4. GloVe LTSM Results Table 5.
Random Forest and LTSM Results (1) negative class, it achieved 31,478 correct classifications compared to the LSTM’s
20,499, while in the positive class, it recorded 64,392 correct classifications versus the LSTM’s 56,132. These gains are
attributed to the CNN’s local pattern detection, GloVe’s semantic understanding, and LSTM’s sequential processing,
which together enable nuanced differentiation between sentiments. The LSTM-Random Forest Ensemble model
demonstrated improved performance over the standalone LSTM, with balanced accuracy across all sentiment classes.
For the negative class, it correctly classified 32,228 instances, reducing misclassifications compared to the LSTM. The
positive class saw the most significant gain, with 68,120 correct classifications, outpacing the LSTM’s 56,132, and
reducing false positives. Both the neutral and positive classes showed fewer false positives and false negatives,
indicating robust performance. While the ensemble model excelled in accuracy, the CNN-GloVe- LSTM remains the more
efficient solution, combining high accuracy with computational efficiency.
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4.1.1. AUC-ROC CURVE

The AUC-ROC score analysis highlights the CNN- GloVe-LSTM model as the most effective approach for sentiment
classification, achieving a superior score of 0.9802 compared to the standard LSTM’s 0.8990. This demonstrates the
hybrid model’s enhanced capability in distinguishing sentiment classes, attributed to its integration of GloVe
embeddings for semantic context, CNN for local pattern detection, and LSTM for sequential processing. The steeper and
more pronounced AUC-ROC curves of the hybrid model indicate stronger class separation, fewer misclassifications, and
greater reliability in handling nuanced sentiment distinctions. These results establish the CNN-GloVe-LSTM as a robust
and precise classifier for complex sentiment analysis tasks.The LSTM-Random Forest Ensemble model also significantly
outperformed the standalone LSTM, achieving an AUC-ROC score of 0.9614 versus the LSTM’s 0.9045. While slightly
below the hybrid model, the ensemble approach demonstrated consistent improvements across all classes, with sharper
AUC- ROC curves reflecting better sensitivity and specificity. The ensemble effectively combines LSTM’s sequential
learning with Random Forest’s robust decision boundaries, resulting in reliable and balanced performance. Despite its
strong results, the CNN-GloVe-LSTM model remains the superior choice due to its higher AUC-ROC score and better
feature extraction capabilities
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Sentiment analysis has become a cornerstone in understanding opinions and emotions expressed in textual data. With
advancements in machine learning, combining different architectures and techniques has shown promise in improving
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sentiment classification accuracy. By analyzing their strengths and limitations, it identifies the most effective approach
for extracting nuanced insights from text, paving the way for more robust and efficient sentiment analysis solutions.
The comparative analysis of CNN- GloVe-LSTM, LSTM-Random Forest, and standalone LSTM reveals significant
differences in performance across metrics. The CNN-GloVe-LSTM demonstrates superior performance with the highest
accuracy (92.05%), AUC- ROC (0.9802), and macro/weighted averages (Precision, Recall, and F1-score = 0.92). It excels
in classifying Neutral and Positive sentiments, achieving a high Fl-score of 0.94 and 0.93, respectively, while
maintaining balanced precision and recall across all classes. The LSTM-Random Forest follows with slightly lower
accuracy (90.17%) and AUC-ROC (0.9614) but still performs well, particularly for Neutral and Positive sentiments (F1-
scores of 0.92 and 0.91). However, it requires significantly longer training time (1246.19 seconds), reflecting its
computational cost. The standalone LSTM, while faster to train than LSTM-Random Forest (729.86 seconds), lags behind
in performance, with an accuracy of 80.40% and AUC-ROC of 0.9045. It struggles with Negative sentiment classification
(F1-score = 0.68) and shows imbalances in precision and recall. Overall, CNN-GloVe-LSTM offers the best trade-off
between accuracy, efficiency, and robustness, making it the most effective model for sentiment classification.

5. Discussion

This study evaluated the performance of three models— CNN-GloVe-LSTM, LSTM-Random Forest Ensemble, and
standalone LSTM—for sentiment analysis of Twitter data. The analysis highlights significant differences in accuracy,
classification metrics, training and evaluation times, and computational efficiency.

5.1. Accuracy and Classification Metrics

The CNN-GloVe-LSTM model achieved the highest overall accuracy of 92.05%, outperforming both the LSTM- Random
Forest Ensemble (90.17%) and the standalone LSTM (80.40%). These results demonstrate the hybrid model's superior
ability to integrate semantic embeddings, local pattern detection, and sequential learning for nuanced sentiment
analysis. Precision: The CNN-GloVe-LSTM model exhibited the highest precision across all sentiment classes, indicating
fewer false positives. It achieved notable precision improvements for neutral and positive sentiments compared to the
standalone LSTM. Recall: The hybrid model showed a superior ability to correctly identify instances within each
sentiment class, reflecting its robustness in handling subtle variations in text. F1-Score: Balancing precision and recall,
the CNN-GloVe- LSTM achieved weighted averages of 0.92 for F1-score, significantly higher than the LSTM-Random
Forest (0.90) and standalone LSTM (0.80). These findings validate the effectiveness of the CNN- GloVe-LSTM
architecture in reducing misclassification, particularly for challenging classes like neutral and positive sentiments.

5.2. Training and Evaluation Times

Training Time: The CNN-GloVe-LSTM model demonstrated remarkable computational efficiency, completing training
in 250.54 seconds, significantly faster than the LSTM-Random Forest Ensemble (1246.19 seconds) and the standalone
LSTM (729.86 seconds). This efficiency underscores the hybrid model's ability to balance performance and resource
consumption effectively. Evaluation Time: While not explicitly measured, the hybrid model's reduced training time
suggests similar improvements in evaluation speed, crucial for real-time sentiment analysis applications.

5.3. AUC-ROC Analysis

The AUC-ROC score comparison highlights the CNN- GloVe-LSTM model as the most robust classifier, with an AUC-ROC
0f 0.9802, compared to the LSTM-Random Forest (0.9614) and standalone LSTM (0.9045). The hybrid model's steeper
and more defined curves in the AUC-ROC plot indicate superior class separation and reduced misclassifications,
particularly for overlapping sentiment categories. These results reflect the hybrid model’s ability to leverage GloVe
embeddings for semantic richness and CNN-LSTM integration for feature extraction and sequence learning.

5.4. Practical Implications

The choice of a sentiment analysis model depends on the application’s specific requirements and constraints: CNN-
GloVe-LSTM: Ideal for applications requiring high accuracy and nuanced sentiment classification with moderate
computational resources. LSTM-Random Forest Ensemble: Suitable for scenarios requiring robust class separation but
can tolerate higher computational costs. Standalone LSTM: Provides a baseline for fast training but struggles with
accuracy and misclassification, especially for complex or ambiguous sentiments. The CNN-GloVe-LSTM model emerges
as the most effective solution, balancing superior classification performance with computational efficiency. Its
integration of complementary techniques - semantic embeddings, local feature extraction, and sequential processing -
addresses the limitations of traditional LSTM architectures. While the LSTM-Random Forest Ensemble offers
competitive performance, its higher computational demands make it less practical for resource-constrained scenarios.
The standalone LSTM lacks the robustness and accuracy required for complex sentiment analysis tasks.
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