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Sentiment Analysis for IMDB Movie Reviews
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Abstract

This study delves into the different deep learning architectures that were evaluated on the IMDB benchmark
dataset for movie review sentiment analysis. We employ four distinct models: Gated Recurrent Units (GRUs),
Long Short-Term Memory networks (LSTMs), Convolutional Neural Networks (CNNs), and Bidirectional Encoder
Representations from Transformers (BERT), each contributing unique feature extraction capabilities. The meta-
features generated by these models are utilized to train a K-Nearest Neighbors Model (KNN) and Support Vector
Machine (SVM) classifier. The ensemble approach aims to combine the temporal learning of GRUs and LSTMs,
the spatial feature detection of CNNs, and the contextual understanding from BERT to create a robust sentiment
analysis tool. Our results show that the ensemble model achieves notable accuracy with balanced precision and
recall.

[. INTRODUCTION

Human creativity, social connections, and decision-making are all greatly influenced by emotion. An
essential element of the human-computer interface is sentiment analysis [1]. One important technique for
evaluating a film’s performance is to analyze movie reviews. While star ratings or numerical rankings
indicate a film’s degree of success or failure, a variety of textual assessments provide more qualitative
information. A closer examination of the review reveals whether the movie lives up to the critics’ high
standards because it highlights both the film’s positives and negatives.

In this paper, we use four base models (CNN, LSTM, GRU, and BERT) to analyze the IMDB dataset
and introduce an ensemble method that combines the predictive power of these diverse models to address
their limitations and improve overall predictive performancgmRgacreating meta-features from each base
model’s predictions and employing a KNN and SVM clas ol to interpret these features, we aim to
construct a model that not only achieves high performance but also maintains generalizability. We present
a comprehensive analysis of the ensemble’s performance and discuss its implications for future NLP
applications.

Extensive research has been conducted on sentiment analysis of movie reviews, spanning a range of
methodologies. Initially, traditional machine learning techniques such as Naive Bayes (NB), K-Nearest
Neighbors (KNN), and Random Forests (RF) were explored, with Naive Bayes often emerging as the most
effective classifier. This is supplemented by a lexicon-based sentiment analysis utilizing R software, as
detailed in [2].

Researchers such as Baid et al. [3] have implemented and compared these traditional methods, finding
Naive Bayes to be particularly effective. Advanced ensemble methods have also been explored for combining
various machine learning approaches, as seen in [4]. Additionally, enhancements to KNN through the use
of information gain were investigated in [5]. While Thongtan et al. [6] proposed innovative techniques
involving document embeddings and feature combinations.

The domain has also embraced deep learning. Studies have analyzed the performance of RNN and CNN
in semantic analysis, with findings discussed in [7]. RNNs, despite their potential, struggle with gradient
issues in longer texts. To address this, new architectures like the Coupled Oscillatory RNN (CoRNN)
have been proposed in [8]. Furthermore, the exploration of LSTM networks and their configurations has
revealed significant insights in [9]. BILSTM networks, combining sophisticated architectures and mixed
objective functions, have shown promising results, as documented in [10].

Moreover, the application of BERT for deep sentiment analysis, especially on the SST-2 movie reviews
benchmark, illustrates its effectiveness, with additional applications in areas such as stock market sentiment
analysis by Sousa et al. [11].

Given this extensive background, our study aims to leverage four advanced deep learning models—CNN,
LSTM, GRU, and BERT—to further enhance sentiment analysis of movie reviews, aiming to combine the
strengths of each model for superior performance.
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III. METHODOLOGY

Fig. 1 illustrates the comprehensive workflow for our project.

A. Data Collection and Division

In our research, we have allocated 60% of the dataset to the training set. The remaining 40% is
split evenly, with 20% dedicated to the validation set and 20% to the test set. This allocation allows
for a substantial amount of data for the model to learn from while providing equal-sized validation and
test sets to thoroughly assess and validate the model’s performance.

B. Data Preprocessing and Tokenization

The dataset undergoes preprocessing to transform it into an organized format, which is essential for further
analysis as outlined by [12]. This study employs various methods to execute the sentiment classification
task. Initially, the dataset is processed as a data frame. During tokenization, each movie review is dissected
into a sequence of words. Subsequently, to standardize the text data, each word is converted to lowercase.
This normalization is critical as it ensures consistency across the dataset, making it easier for the subsequent
analytical models to process the text effectively.

C. CNN

As illustrated in Fig. 2, the architecture of CNN typically includes three essential layers. The initial layer
is the convolution layer, where input data is processed using multiple filters, also referred to as kernels.
These filters are crucial for extracting specific features from the input matrix. Following the convolution
layer is the pooling layer. This layer simplifies the output from the convolution layer by merging the




outputs of clusters of neurons into a single neuron in the subsequent layer. The sequence culminates
with a fully connected layer that follows the convolution and pooling layers. This layer performs the
critical function of integrating the low-level features detected previously into high-level reasoning, which
is necessary for effective classification. The network’s output layer, which is used for binary classification
tasks, consists of a single neuron equipped with a sigmoid activation function to output the probability of
the input belonging to one of two classes.

D. LSTM

As demonstrated in Fig.TM is an enhanced version of the RNN designed to handle long-term
dependencies. An LSTM ce & des three primary gates that regulate its operations. featuring a sigmoid
layer, selects the information to be discarded from the cell. Following this, the Input Gate determines the
new information to be added to the memory cell. This gate consists of two layers: a sigmoid layer that
selects the values to update, and a tanh layer that generates new candidate values. The third gate, the
Output Gate, also uses a sigmoid layer to decide which components of the cell state are passed on to the
output. Together, these gates function collaboratively, enabling the LSTM to efficiently manage long-
term data dependencies. The formulate are as follows:

Fi= 6(Wi- [hei,xd] + br) (1)
L= (Wi [he1,xd] + bi) (2)
Ot=6(Wo - [he-1,x1] + bo) 3)

hi= Ot* tanh(Cy) (4)

where, Fi, I, and O denote the layers corresponding to the forget, input, and output gates, respectively.
The biases for these gates are symbolized as br, bi, bo. The variables x: and h: represent the input to the

current cell and its output, while hi-1 corresponds to the output from the preceding cell associated with
input xi-1. The sigmoid function is signified by ¢ , dictating the gate activations, and tanh indicates the
hyperbolic tangent function, applied within the cell’s activation.
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Fig. 6. Ensemble learning technique of stacking.

E. GRU

To address the limitations of RNNs, LSTM and GRU present improved alternatives. GRU simplifies
the structure by incorporating two gates: a reset gate and an update gate. The update gate merges the
functionalities of the forget and input gates found in LSTM, and it operates without a separate memory
cell. Although the GRU structure is less complex than that of LSTM, both architectures demonstrate
similar efficacy in training, as depicted in Fig. 4.

F. BERT

As depicted in Fig. 5, BERT employs WordPiece embeddings and requires its specific tokenizer to
preprocess text appropriately. During data preprocessing, text is tokenized and converted into [Ds from
BERT’s vocabulary. This tokenized text is then fed directly into BERT, which generates sentence vector
representations within its embedding space. These representations are subsequently used for classification
tasks.

G. Ensemble Learning

Stacking is an ensemble learning technique that combines the predictions of multiple different base
models to improve the overall predictive accuracy of the model, as shown in Fig. 6. This method involves
two main steps:

(1) Training Base Learners: Initially, several distinct learning models are trained on the same
dataset. The key is that they independently learn from the data.

(2) Training a Meta-Learner: Subsequently, a new model (known as the meta-learner or secondary
learner) is trained using the predictions of the base learners as input. The purpose of the meta-learner is
to learn how to best combine the predictions of the base models to achieve better final predictions than
any individual base model.
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Fig.7. Results on CNN.

IV. EXPERIMENTAL RESULTS AND DISCUSSION
A. Datasets and Evaluation Metrics

Datasets: This dataset, sourced from the IMDB website—a repository of professional movie re-
views—aims to classify texts into positive or negative sentiments based on features extracted from
the reviews. This balanced dataset consists of positive and negative sentiment reviews, all in English.
It includes various symbols, such as hashtags and exclamation marks, which are to be removed during
preprocessing to ensure cleaner data for analysis.

Evaluation Metrics: We use metrics like F1 score, recall, precision, and classification accuracy to evaluate
the effectiveness of the suggested model. The mathematical formulations are as follows:

TP + TN

= 5
Accuracy = 1o | TN + FN + FP x 100% ©)
TP
Precision = (6)
TP + FP
TP
— 7
Recall TP + EN (7
Fi= Precision * Recall (8)

Precision + Recall
where TP and TN represent the correct predictions of positive and negative classes, respectively, while FP
and FN denote the incorrectly predicted positive and negative classes.
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Fig.9. Results on GRU.

B. Results on CNN

As shown in Fig. 7, The training output shows a consistent decrease in training loss and an increase in
training accuracy over 10 epochs, suggesting good learning progress. However, the validation accuracy
plateaus around 85%, indicating the model may be overfitting. The accompanying graphs support this,
with training performance outpacing validation, especially after the initial epochs. Measures to
combat overfitting might be needed to improve model generalization.

C. Results on LSTM

As shown in Fig. 8, the training loss decreased from about 0.694 to 0.017, and the training accuracy
increased from 50.69% to 99.53%. Validation accuracy started at 51.67% and increased to 86.51%, showing
good progress but a clear gap with the training accuracy, hinting at some overfitting. Overall, the model
demonstrates strong learning capability, but the discrepancy between training and validation metrics
indicates overfitting. Regularization or more data might be needed to improve generalization.

D. Results on GRU

Asshown in Fig. 9, the training process has gone through 10 epochs, with both training loss and validation
loss decreasing over time, which is indicative of learning. The training loss started at approximately 0.697
in epoch 1 and decreased to about 0.015 by epoch 10. Correspondingly, the training accuracy improved
from around 51% to nearly 99.6%. This pattern of decreasing loss and increasing accuracy is typical for a
converging training process.
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E. Results on BERT

As shown in Fig. 11, the training performance improves substantially across 10 epochs, with training
accuracy reaching nearly 99%. However, validation accuracy peaks at around 91% in the third epoch
and then declines to approximately 86% by the tenth epoch, while validation loss increases, signaling
overfitting. This suggests the need for early stopping or regularization to improve the generalization to
unseen data.
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F. Results on Ensemble Learning

(1) KNN Performance on Integrated Meta-Features: The dataset used for training in this work was likely
made up of meta-features from several different models. When the number of neighbors is set to 5, the
KNN classifier obtains an accuracy of 88.51% for validation and around 99.9% for training. The model
produces an accuracy of 89.24%, a recall of 90 46%, and an F1 score of 89.41% when tested on a test
set. And a confusion matrix in Fig. 12.

(2) SVM Performance on Integrated Meta-Features: The SVM model achieves an accuracy of 89.70%, a
recall of 90.88%, an F1 score of 89.86%, and a precision of 88.86%. The confusion matrix in Fig. 13 shows
the high accuracy and F1 score imply that the model is robust for this particular sentiment analysis task,
especially considering it uses an ensemble of meta-features from various models.

G. Discussion

(1) The individual models showed varying degrees of effectiveness, with BERT presenting a strong
performance, though it displayed signs of overfitting. However, when meta-features were combined and
fed into an SVM classifier, the ensemble model achieved high accuracy and balanced precision and recall.




This suggests that the ensemble model effectively leverages the individual strengths of each base model
while mitigating their weaknesses.

(2) Nevertheless, the presence of false positives and negatives indicates that there is a potential mismatch
between the features learned by the model. This might be addressed by exploring more complex ensemble
methods, experimenting with different sets of meta-features, or tuning the hyperparameters of the base
models and the meta-classifier. Additionally, since ensemble models can become complex and less
interpretable, there is a trade-off between performance and explainability that needs to be considered in
practical applications.

(3) Overall, the ensemble method appears to be a promising strategy for sentiment analysis, capitalizing
on the complementary predictive capabilities of diverse models. Future work could focus on refining the
ensemble strategy and investigating how it performs across different domains or with datasets that present
a wider range of sentiments and linguistic expressions.

V. CONCLUSION

This research investigated various deep learning and ensemble learning models utilizing the IMDB
benchmark dataset. Future studies aim to employ a wider array of algorithms and word-embedding
techniques to take advantage of continual improvements in deep learning models and embedding methods,
especially in multilingual contexts.

VI. APPENDIX
The other results of CNN, LSTM, GRU, and BERT models are as follows:

TABLE 1
PERFORMANCE METRICS FOR VARIOUS MODELS

Model | Accuracy | Recall | Precision | Fl Score

CNN 86.59 86.58 86.70 86.64
LSTM 86.97 88.21 86.17 87.18

GRU 8779 | 8739 88.18 87.79
BERT 85.20 94.88 - 86.56
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Fig. 14. Confusion matrix on CNN. Fig. 15. Confusion matrix on LSTM.
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Video of code will be available at https://youtu.be/msUzGFhjLVc.
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