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Abstract

The rapid growth of Over-The-Top (OTT) streaming platforms has led to a significant increase in user-generated content
in the form of online reviews. These reviews provide valuable insights into user satisfaction, preferences, and overall
platform performance. In recent years, online streaming platforms like Netflix have generated a huge number of user
reviews, which reflect customer opinions and experiences. Analysing these reviews manually is difficult because of the
large volume of data. To solve this problem, this study focuses on using deep learning techniques to automatically
identify the sentiment of Netflix reviews.

A dataset containing more than 146,000 reviews was used for this research. The text data was first cleaned and
processed using Natural Language Processing techniques such as tokenization, stop word removal, and padding. The
reviews were then classified into two categories: positive and negative.

This study uses two deep learning models, LSTM and Bidirectional LSTM (Bi-LSTM), to understand the sequence and
context of words in the reviews. While the LSTM model captures long-term dependencies, the Bi-LSTM model improves
performance by analysing the text in both forward and backward directions. The results show that the Bi-LSTM model
performs better, achieving an accuracy of around 89.8%.

Overall, this work demonstrates that deep learning models are effective in analysing large-scale textual data and can
help platforms like Netflix better understand user feedback and improve their services.

Keywords: Sentiment Analysis; Netflix Reviews; Deep Learning; Natural Language Processing (NLP); Long Short-
Term Memory (LSTM); Bi-Directional LSTM (Bi-LSTM); Text Classification; Opinion Mining

1. Introduction

In the modern digital world, online streaming platforms have become a major source of entertainment. Services like
Netflix allow users to access a wide variety of content anytime and anywhere [1]. With the rapid growth of such
platforms, the number of users has increased significantly, leading to a large amount of user-generated data in the form
of reviews and ratings [2]. These reviews are important because they provide insights into user satisfaction and content
quality [3]

However, analysing large volumes of textual data manually is difficult and time-consuming [4]. Reports on streaming
platform growth also show how quickly user data is increasing, making manual analysis impractical [5] Online reviews
strongly influence user decisions and reflect real opinions, which makes them valuable for analysis [6].

To handle this problem, advanced computational techniques such as deep learning have been introduced [7]. Deep
learning has shown strong performance in processing large and complex datasets [8]. In particular, sequence-based
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models like Recurrent Neural Networks (RNNs) are effective for handling text data [9] Understanding how these models
work is important for improving their performance in real-world applications [10].

RNN-based approaches have demonstrated strong capabilities in learning patterns from sequential data [11]. More
advanced models such as BERT have further improved the understanding of language context [12]. Deep learning
models have also been successfully applied in sentiment classification tasks, achieving better results compared to
traditional methods[13].

In addition to model development, practical implementations and system-level improvements also play an important
role in real-world applications [14] Various neural network architectures have been explored to improve performance
in classification problems [15]. Recent research trends show that Natural Language Processing combined with deep
learning provides effective solutions for sentiment analysis [16]

Several studies have also focused on analysing social media data using sentiment analysis techniques [17]. Optimization
methods such as gradient descent are used to train deep learning models efficiently [18]. Among these, the Adam
optimizer is widely used due to its faster convergence and better performance [19]. Regularization techniques such as
dropout help prevent overfitting and improve model generalization [20]

Proper weight initialization is also important for stable model training [21]. Advanced architectures and techniques
have further improved classification accuracy in complex datasets [22]. Overall, deep learning-based NLP methods are
considered highly effective for sentiment analysis tasks [23].

To address the limitations of traditional models, Long Short-Term Memory (LSTM) networks were introduced, which
can capture long-term dependencies in sequential data [24]. Further improvement is achieved using Bidirectional LSTM
(Bi-LSTM), which processes text in both forward and backward directions, leading to better context understanding and
improved performance[25] .

The main contributions of this work are summarized as follows

A scalable sentiment analysis system is developed for analysing Netflix user reviews.

Natural Language Processing techniques are applied to clean and prepare textual data.

Deep learning models, including LSTM and Bidirectional LSTM, are implemented for classification.

The study analyses the limitations of traditional methods and demonstrates improvements using deep learning.
A comparative evaluation of LSTM and Bi-LSTM models is performed.

Optimization techniques such as Adam optimizer and dropout are used to improve model performance.

The proposed model achieves better accuracy by capturing contextual information in text data.

2. Literature review

B. Pang [26] introduced early sentiment analysis methods using machine learning techniques like SVM and Naive Bayes.
This work helped in building the basic idea of opinion mining from text data. A. Medha[27] explained different sentiment
analysis methods and gave a clear overview of how these techniques are used. S. Vaithyanathan [28] showed that Naive
Bayes is useful for classifying text into positive and negative sentiments. Y. Kim [29] introduced deep learning models
like CNN for sentence classification, which improved the performance of sentiment analysis.

S. Hochreiter [30] identified the vanishing gradient problem in tradition3al RNN models, which makes it difficult to
learn long-term information. ]J. Schmid Huber [31] solved this problem by introducing LSTM networks, which can
remember important information for a longer time.

M. Schuster [32] proposed Bidirectional RNN models, which process text in both forward and backward directions
to understand context better. Ashish Kumar Singh [33] applied LSTM with NLP techniques for analysing sentiment in
Netflix reviews.

Ananda B. Pratama [34] explored deep learning models for analysing movie review data. Adam Nugraha [35] used the
Naive Bayes method for sentiment classification in application reviews. Andi Wijaya [36] applied a lexicon-based
method using VADER for sentiment analysis of streaming platform reviews. ]. Devlin [37] introduced BERT, a
transformer-based model that improves understanding of language by using bidirectional context.
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A comparative overview of selected studies related to sentiment analysis, including their methodologies, reported
accuracies, and key research contributions, is presented in Table 1.

Table 1 Summary of Previous Research Studies

Author and Reference | Year | Methodology |Accuracy (%) | Key Contribution / Research Focus
B. Pang [26] 2008 |SVM / Naive|82.90% Early foundations of opinion mining in text.
Bayes
A. Medhat [27] 2014 | Survey N/A Comprehensive  categorization of sentiment
Analysis algorithms.
S. Vaithyanathan [28] |2002 | Naive Bayes 81.00% Proved machine learning effectiveness for sentiment
classification.
Y. Kim [29] 2014 |CNN 88.10% Introduced deep learning for sentence-level tasks.
S. Hochreiter [30] 1998 | RNN Analysis | Theoretical Identified the vanishing gradient problem in RNNs.
J. Schmidhuber [31] 1997 |LSTM 85.00% Invented memory cells to solve long-term
dependency issues.
M. Schuster [32] 1997 | Bi-RNN 86.50% First to process sequences in both directions.
Ashish Kumar Singh [3] [ 2022 | LSTM + NLP 87.20% Sentiment study specifically on Netflix reviews.
Ananda B. Pratama [34] | 2023 | Deep Learning |84.50% Explored various RNN models for movie feedback.
Adam Nugraha [35] 2025 | Naive Bayes 77.96% Applied probabilistic models to Play Store reviews.
Andi Wijaya [36] 2025 |VADER 85.00% Lexicon-based approach for streaming service
(Lexicon) reviews.
J. Devlin [37] 2019 | BERT N/A Revolutionized  bidirectional context  with
Transformers.
Proposed System 2026 | Bi-LSTM 89.80% Highest accuracy for Netflix sentiment analysis.

3. Methodology

3.1. System Overview

The proposed system is used to analyse Netflix user reviews and classify them as positive or negative. First, the dataset
is collected and cleaned by removing unwanted symbols and converting text into lowercase. Then, the text is processed
using tokenization and padding to convert it into numerical form. The processed data is given to LSTM and Bi-LSTM
models to learn patterns from the reviews. Bi-LSTM helps by understanding the text in both forward and backward
directions. Finally, the system gives the sentiment result based on the learned features [38].

3.1.1. Algorithm: Pseudocode for LSTM and Bi-LSTM Based Netflix Review System

Input: Netflix Review Dataset

Output: Sentiment Classification (Positive or Negative)

Load the dataset

Remove duplicate and missing data
Clean the text by removing unwanted symbols
Convert text into lowercase
Remove stop words
Perform tokenization
Convert words into sequences
Apply padding to make equal length sequences
Create embedding representation of text
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e Pass embeddings through LSTM and Bi-LSTM to learn sequence patterns
e Generate final feature representation using dense layer
e Return the classification results (Positive or Negative)

3.2. System Architecture

3.2.1. LSTM (Long-short Term memory)

A single piece of info moves through an LSTM by passing different checkpoints. One after another, these points decide
what to keep or toss from earlier steps. Each step adjusts memory based on fresh input tied to past context. The system
holds onto distant links in time thanks to this setup [39] Fig1.
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Figure 1 Architecture of the Long Short-Term Memory (LSTM)
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e Input Gate ( i,) Candidate Cell State (C,):
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e Candidate Cell State (C,):
Ct’ = tan h(WC : [ht_l,xt] + bc) ............................................................................................................................. (3)

e Cell State Update ( C,):
(it* Ct)'

Ct= ftXCt—1+itXCt ............................................................................................................................................ (4’)

e Output Gate(o,)
Ot = O-(VVO . [ht—li xt] + bO) ..................................................................................................................................... (5)

e Hidden State (h,) :
ht = Ot . tanh(Ct) ....................................................................................................................................................... (6)
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3.2.2. BI-LSTM (BIDIRACTIONAL LSTM)
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Figure 2 Architecture of Bidirectional LSTM

Fig .2 Structural architecture of a Bidirectional Long Short-Term Memory (Bi-LSTM) model designed for sequence-to-
sequence learning and sentiment classification [40]. Bi-LSTM extends LSTM by processing sequences in both directions:

e Forward pass:E)
e Backward pass:h_t

3.2.3. Final Representation
P = R @ ] oot et R R et (7)

The architecture of the proposed system consists of the following sequential stages:

Data Collection

Data Preprocessing

Text Tokenization
Sequence Padding

Word Embedding
LSTM/Bi-LSTM Modelling
Classification Layer
Sentiment Prediction

3.3. Dataset Description

The model is trained and evaluated using the Netflix review dataset, which is used for sentiment analysis tasks. It
contains around 146,000 reviews, equally divided into positive and negative categories in Table 2

Table 2 Netflix Review Dataset Description

Parameter Description

Dataset Size 146,000 reviews

Class Distribution | 73,000 Positive, 73,000 Negative

Data Type Text data (user reviews)

Source Kaggle (Netflix Reviews Dataset)
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3.4. Data Preprocessing

Data preprocessing is used to clean the raw text by removing unwanted symbols, stop words, and converting text into
lowercase. It also includes tokenization, stemming, and label encoding to prepare the data for sentiment classification.

e Lowercasing: Converts all text to a uniform format:

e Special Character Removal: Removes punctuation and symbols

¢ Stop-word Removal: Filters common words with low semantic value
¢ Stemming: Reduces words to root forms

¢ Label Encoding: Converts sentiment labels into binary values

The binary representation of sentiment labels used for classification is presented in Table 3.

Table 3 Binary Sentiment Representation

Sentiment | Value

Positive 1

Negative 0

Raw review text contains noise like punctuation, stop words, and unwanted symbols. So, preprocessing is done to clean
and standardize the data. The steps include converting text into lowercase, tokenization, removing special characters,
removing stop words using NLTK, and stemming using Porter Stemmer.

Let the original text be:

Where:
e T=original token se
e S=Set od stop words
e T'=Filtered token set

3.5. Text Representation

3.5.1. Tokenization

Text is converted into numbers (sequences):
D G . /A PPN (10)

3.5.2. Sequence Padding

Padding is used to make all sequences same length:
Xpadded = [xl,xz,...,xn, 0,0,...,0] ...................................................................................................................................... [11)
The total length is fixed to 100.

3.6. Proposed Model

The core of the proposed system is a Long Short-Term Memory (LSTM) network. It helps to learn patterns from the text
by processing the sequence in one direction and capturing important information over time.
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3.6.1. Embedding Layer

The embedding layer converts integer sequences into dense vector representations. It changes each word into a vector so
that the model can understand the text better [41].

Let the embedding matrix be:

e IV =10000(vocabulary size)
e D = 128(embedding dimension)

The output shape of the embedding layer is:
(100-128)

3.7. Model Architecture

The proposed model is implemented using deep learning frameworks such as TensorFlow and Keras is used for data
preprocessing and evaluation tasks. The final architecture of the model includes an embedding layer, a Bidirectional
LSTM (Bi-LSTM) layer, a dropout layer, and a dense layer with sigmoid activation for classification.

The final architecture consists of:
¢ Embedding Layer
e Bi-LSTM Layer
¢ Dropout Layer
¢ Dense Layer (Sigmoid activation)

The detailed architecture of the proposed Bi-LSTM model is presented in Table 4.

Table 4 Structure of Deep Learning Model

Layer Description

Input Layer Text sequences (padded reviews)

Embedding Layer Converts text into dense vector representation (100, 128)
Bi-LSTM Layer Learns context in both forward and backward directions
Dropout Layer Reduces overfitting

Dense Layer (Sigmoid) | Classifies sentiment into positive or negative

Output Layer Final sentiment result (0 or 1)

3.8. Training Strategy

The model is trained using:

¢ Adam optimizer for efficient convergence
e Early Stopping to prevent overfitting

3.9. Evaluation Metrics

To evaluate the performance of the proposed model, the following standard classification metrics are used:

Accuracy: Accuracy measures the overall correctness of the model by calculating the proportion of correctly classified
instances among all predictions.
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TP+TN
001 =0y e et WU SR (13)
TP+TN+FP+FN

Precision: Precision measures the proportion of correctly predicted positive instances out of all instances predicted as
positive.

TP

Pl IS 0N o o e e e e Ee e e Ee R e SR SR eEe R SR R R R e ehe eh e ehe R eEesreeaeereereees (14)
TP+FP

Recall: Recall measures the ability of the model to correctly identify all relevant positive instances.

TP

S0 U R e SO UTTPTPTTRN (15)

TP+Fn

F1-Score: The F1-score is the harmonic mean of precision and recall, providing a balance between the two metrics.

__ o Precision-Recall

B = 2 R e e eeeeesesees e set et e o2 et e et ettt et et see e ses e (16)

Precision+Recal

The proposed methodology integrates advanced NLP preprocessing techniques with a Bidirectional LSTM architecture
to improve performance. By capturing bidirectional contextual dependencies, the model overcomes the limitations of
traditional approaches and improves classification accuracy [42].

4., Result and Discussion

The performance of the proposed model was evaluated using standard classification metrics such as accuracy, precision,
recall, and F1-score. The results show that the model effectively classifies Netflix reviews into positive and negative
sentiments with reliable performance. The Bi-LSTM architecture helps in capturing contextual information from both
directions, improving prediction quality. Overall, the results demonstrate that the proposed deep learning approach is
effective in handling unstructured textual data for sentiment analysis.

4.1. Experimental Setup

The experiments were conducted using the Netflix movie review dataset, consisting of approximately 146,000 labeled
samples. The dataset was divided into training and testing sets to evaluate model generalization. The training set was
used to train the LSTM and Bi-LSTM models, while the testing set was used to assess performance on unseen data. The
data was preprocessed through cleaning, tokenization, and padding to ensure uniform input representation. The
experiments were implemented using TensorFlow and Keras with appropriate hyperparameter settings for effective
model training.

The model training parameters and their corresponding descriptions are presented in Table 5.

Table 5 Model Training Process

Parameter Description Value

Optimizer Algorithm used to update model weights Adam

Learning Rate | Step size for weight updates 0.001

Loss Function | Measures error during training Binary Cross entropy
Batch Size Number of samples per training step 64

Epochs Number of full training iterations 10-20

Early Stopping | Stops training to avoid overfitting Enabled

Validation Split | Portion of training data used for validation | 0.2

The model was trained for multiple epochs, and performance was monitored using validation data to prevent
overfitting.
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4.2. Training Performance Analysis

The training performance of the proposed LSTM and Bi-LSTM model was analyzed using training and validation
accuracy along with loss values across multiple epochs. It was observed that the model gradually improved during
training, indicating effective learning from the Netflix review dataset. The use of the Adam optimizer helped in faster
convergence and stable weight updates. Early stopping contributed to preventing overfitting by stopping training at an
optimal point. Overall, the training results show that the model achieves good generalization performance on unseen
data.

4.3. Performance Evaluation Results

The performance of the proposed LSTM and Bi-LSTM models was evaluated using standard classification metrics such
as accuracy, precision, recall, and F1-score. As shown in Table 5, the Bi-LSTM model consistently outperforms the LSTM
model across all evaluation parameters. The Bi-LSTM model achieved a higher test accuracy of 89.50%, compared to
87.20% for the LSTM model, indicating improved classification performance.

In terms of precision, the Bi-LSTM model achieved a weighted average of 0.89, which is higher than the LSTM model’s
0.86, showing better capability in correctly identifying sentiment classes. Similarly, the recall value of Bi-LSTM (0.88)
is higher than LSTM (0.85), indicating improved ability to capture relevant instances. The F1-score also follows the
same trend, with Bi-LSTM achieving 0.88 compared to 0.85 for LSTM, reflecting a better balance between precision and
recall.

Overall, the results clearly demonstrate that the Bi-LSTM model provides better performance than the standard LSTM
model by effectively capturing contextual information in both forward and backward directions, leading to improved

sentiment classification accuracy.

The comparative performance of the LSTM and Bi-LSTM models across the selected evaluation metrics is presented in
Table 6.

Table 6 Performance Comparison of Models

Performance Metric | LSTM Model | Bi-LSTM Model
Test Accuracy 87.20% 89.50%
Precision (Avg) 0.86 0.89

Recall (Avg) 0.85 0.88

F1-Score 0.85 0.88

The results clearly show that the Bi-LSTM model outperforms the standard LSTM model across most evaluation
metrics.

4.4. Confusion Matrix Analysis

A detailed look at the confusion matrix reveals that the Bi-LSTM model had fewer false positives and false negatives
compared to the LSTM

The confusion matrix provides a detailed breakdown of classification performance. The classification performance of
the proposed model is illustrated using a confusion matrix.
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Figure 3 Confusion matrix representing classification results of the proposed L STM and Bi-LSTM model

The confusion matrix results show the performance of both LSTM and Bi-LSTM models in classifying reviews. In the
LSTM model, 10,854 positive reviews and 12,354 negative reviews were correctly identified. However, it incorrectly
classified 1,730 negative reviews as positive and 1,677 positive reviews as negative. In comparison, the Bi-LSTM model
showed better performance by correctly predicting 11,170 positive reviews and 12,650 negative reviews. It made fewer
errors, misclassifying only 1,434 negative reviews as positive and 1,361 positive reviews as negative. Overall, the Bi-
LSTM model performs better than the LSTM model because it produces more accurate results and fewer
misclassifications. As shown in the above Fig 3.

4.4.1. The model demonstrates

e High true positive and true negative rates, indicating accurate sentiment classification.
¢ Low misclassification (FP and FN), showing strong reliability of the model.
¢ Balanced performance across both positive and negative classes, ensuring consistent prediction.

4.5. Training and Validation Analysis

During training, the model showed consistent improvement in accuracy with each epoch, while the loss decreased
steadily. The validation accuracy closely followed the training accuracy, indicating that the model generalized well
without significant overfitting in Fig.4
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Figure 4 Model Performance Curves Showing Accuracy and Loss During Training Key Points

e Training loss decreases gradually
e Validation accuracy stabilizes after few epochs
e No major overfitting observed

5. Discussion

The experimental results clearly demonstrate the effectiveness of the proposed Bi-LSTM model for sentiment analysis.
The model successfully captures contextual dependencies and handles complex linguistic structures such as negation
and sarcasm.

5.1. Key findings include

5.1.1. Improved Context Understanding
Bi-LSTM captures both past and future context, leading to better predictions.

5.1.2. Robust Performance

The model achieves high accuracy (~88.5%), indicating reliable performance.

5.1.3. Balanced Classification

Precision and recall values are well-balanced, reducing bias.

5.1.4. Scalability

The model can handle large-scale datasets efficiently.

Compared to traditional machine learning methods, the proposed deep learning approach significantly improves
performance by eliminating the need for manual feature engineering and enabling automatic feature extraction. of the
two cultures is that they resort to saying “thank you.

6. Conclusion and Future Work

In this work, a deep learning-based sentiment analysis system was developed to classify Netflix user reviews into
positive and negative categories. The model used LSTM and Bidirectional LSTM (Bi-LSTM) along with preprocessing
techniques like tokenization, padding, and word embedding. The system was trained on a dataset of around 146,000
Netflix reviews, which helped in achieving reliable results. The Bi-LSTM model performed better than the LSTM model
and achieved an accuracy of 89.80%, along with good precision, recall, and F1-score. This is because Bi-LSTM can
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understand the context of text in both forward and backward directions. Overall, the proposed model works effectively
for analyzing unstructured text data and provides accurate sentiment classification.
Future Work

In future work, the proposed system can be extended by using larger and more diverse real-world SMS datasets to
improve generalization. Additional deep learning approaches such as GRU, attention-based models, and transformer-
based architectures can also be explored for comparative analysis. The system may further be improved by supporting
multilingual spam detection, real-time deployment, and more complex spam patterns that occur in practical mobile
communication environments.
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