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Abstract

This study explores the performance of text sentiment classification on the
IMDB movie review dataset using CNN, GRU, LSTM, and BERT models. By training and
predicting separately on this dataset, not only was the performance of each individual
model evaluated, but ensemble learning techniques were further applied to construct an
integrated model that employs a stacking approach to integrate the predictions of each base
model. The results show that the integrated model achieves a prediction accuracy of 95.10%
on the test set of IMDB dataset. This work not only demonstrates the effectiveness of
different deep learning models in the task of text sentiment analysis, but also validates the

potential of integrated learning approaches in improving prediction accuracy.

Keywords Ensemble learning, IMDB Daraset, Stacking.

1. Introduction

With the rapid growth of the internet and social media, text data is becoming increasingly
important [1]. These text data are rich in sentiment tendencies, which are valuable for
understanding public sentiment, guiding product development and improving services.
Therefore, text sentiment analysis, especially its application in areas such as film reviews, has
received widespread attention in recent years. In this context, deep learning techniques, with
their superior ability to handle natural language processing tasks, have become a hot research

topic.

Although a single deep learning model has achieved impressive results on many text analysis
tasks, differences in the focus of different models have led to their varying effectiveness in
processing specific types of data. For example, CNN excel at capturing local correlations [2],
[3]. LSTM and GRU excel at dealing with long-term dependencies in textual data [4], [5].
Recently, Bidirectional Encoder Representation Translator (BERT) models have set new
standards on several natural language processing tasks by means of pre-training and

fine-tuning [6].




In light of this, we ask the question: is it possible to further improve the accuracy of sentiment
analysis by integrating these models with complementary strengths? The aim of this study is
to explore the performance of different deep learning models on the task of classifying the
sentiment of IMDB movie reviews, and to combine the strengths of these models by

constructing an ensemble model based on a stacking approach [7], [8].

2. Literature Review

Natural Language Processing (NLP) aims to enable computers to comprehend and process
human language [9]. Simultaneously, ensemble leaming, which enhances a single model's
performance by aggregating predictions from multiple learners, is extensively applied across

diverse machine learning tasks [7].
2.1 Natural Language Processing (NLP)

NLP is dedicated to enabling computers to understand and generate human language, and its
applications in areas such as language translation, sentiment analysis, and information
retrieval are crucial. The technology has evolved from the initial rule-based approaches, to
later machine learning techniques, to the current widely adopted deep learning methods such
as CNN, RNN, LSTM, Transformer, and pre-trained models such as BERT and GPT, with
each step marking a significant enhancement in NLP capabilities [10]. The introduction of
deep leaming has not only optimised data processing capabilities and model performance, but

also achieved technological breakthroughs in several NLP tasks [9].

2.2 Ensemble Learning

In the field of NLP, ensemble leaming techniques have been shown to be an effective way to
improve model performance and robustness. The core idea of ensemble learning is to obtain
more accurate and reliable results than any single model by combining predictions from
multiple models. This approach is particularly applicable to NLP, where the diversity and

complexity of linguistic data exceeds the processing power of a single model [7].

There are several main types of ensemble learning including bagging, boosting and stacking

[11]. Bagging reduces the variance of the model by processing the predictions on different




subsets. The boosting method corrects errors by models correcting each other. The stacking
method learns how best to combine the predictions of several different models by training a

new model to combine the predictions of these models [7].

In NLP tasks, integrated leaming has been widely used in areas such as sentiment analysis,
text classification, and machine translation, and has achieved significant performance gains.
For example, in sentiment analysis, combining predictions from different types of models
provides a fuller understanding of the sentiment tendencies of a text. In addition, integrated
learning has shown advantages in dealing with linguistic ambiguity and eliminating data

imbalance.

3. Methodology

This work uses CNN, GRU, LSTM, BERT and meta-models for textual sentiment
categorisation performance on the IMDB Movie Review dataset. This section will introduce

these methods.
3.1 Convolutional Neural Networks (CNN)

In the field of NLP, the working principle of CNN adapts to the specific nature of textual data

to process linguistic information in an efficient and effective way [12], [13].

Suppose there is only one convolutional kernel. For a sentence consisting of n words,
Xiw = X3 B X, @ ...0 X, where the word vector X, € R* . Taking a window

Rkk

size of h, the convolved vector W € , after convolution, the output vector is ¢ =

€, ,C ,...,Cq , where
. T
¢i = f(W Xiigh—1+b)

where  denotes a nonlinear transformation, for m convolution kemels, each of which can
extract a different feature, text convolution is the actual operation of spreading the weights of
each convolution kernel into a one-dimensional vector of length k X d , which is then
formed into a 2D matrix W € (k - d) X m, then the convolution of a short sequence

corresponding to multiple convolution kernels is:




C = Xji+k—1 X W e R™

3.2 Gated Recurrent Units (GRU)

GRU is a kind of Recurrent Neural Network [14]. To solve the problem of gradient vanishing

in standard RNNs, GRU uses so-called Update Gates and Reset Gates.

We start by computing the update gate B, at time step t using the following equation
Zy =o(WHz, + Un,_,)

When is fed into the network cell, it is weighted by its own weights B® multiplied by it.
For B_; is treated in the same way, it keeps the information from the previous t-1 cells and
is weighted by its own weights B® multiplied by it. Use the sigmoid function to limit the

summed result to 0 to 1.

Essentially, reset doors are used to forget information:
re =o(WMz, + UM hy_y)
First, the storage content of the reset gate is calculated as follows:
hy = tanh(Wax; + 1y © Uhy_q)

As a final step, the network needs to calculate Bly. To do this the gate needs to be updated. It
determines the memory content from the current what is being collected from it, and from

the previous steps El_; what to collect from. The operation is as follows:
!
hi =2e ©Ohi—1 + (1 —2¢) © by

3.3 Long Short-Term Memory Networks (LSTMs)

LSTM is also a kind of RNN, capable of leaming long-term relevant information and solves
the gradient problem of traditional RNNs when dealing with long sequential data through a
gating mechanism [15]. The LSTM unit consists of an input gate, a forgetting gate, and an
output gate, which control the inflow of new input information, the information that should be

forgotten in the previous memory state, and the output value at the current moment,




respectively [16].
3.4 Bi-Directional Encoder Representation Translator (BERT)

BERT is a transformer-based pre-trained language representation model. Its core principle is
to pre-train a deep bi-directional representation model using a large amount of textual data,

and then use the model to fine-tune subsequent specific tasks [17].

BERT learns deep linguistic representations by pre-training with Masked Language

Modelling (MLM) and Next Sentence Prediction (NSP) on a large-scale text corpus [ 18].

Insights tasks can be used to fine-tune on the pre-trained BERT, and the parameters of the

entire model are fine-tuned on new tasks to optimise task-specific performance.
3.5 Stacking

Stacking is the process of obtaining the final result by combining the outputs of the base

model as inputs to the metamodel [8].
El1

4. Experiments

I started this task by wmdividually training and validating four different models, CNN, GRU,
LSTM and BERT, u IMDB dataset. Each model was rigorously evaluated to ensure its
performance on unseen data. The validation results were then meticulously collected and used
as training data for the metamodels, which were constructed using a stacking approach. This
combinatorial strategy aims to exploit the individual strengths of each base model. In this

section I will briefly describe the four base model experiments, focusing on the metamodels.
4.1 Data Processing

A dataset of IMDB movie reviews containing 50,000 labelled reviews was used for the
experiments. It was downloaded using Torchtext and divided into training, validation and test
sets [19]. Text processing consisted of word splitting using spacy, limiting the vocabulary to
10,000 and initialising with GloVe vectors [20]. Text was converted into indexed sequences
with overages truncated and underages filled. Sentiment labels were converted to floating

point numbers for loss calculation. In the BERT experiments, specific preprocessing was




performed with its Tokenizer, including disambiguation and sequence padding or truncation to

512 tokens, as well as the generation of attention masks.

4.2 Base-Model Experiments

I first implemented a CNN model that starts with an embedding layer that converts word
indexes into word vectors. Then, convolutional operations are performed on the embedding
layer using three different sizes of convolutional kemels (3, 4, 5) with 100 filters of each size.
Each convolutional layer is followed by a maximum pooling layer. The outputs of the
convolutional and pooling layers are spliced and passed through a dropout layer, and finally a

fully connected layer outputs the sentiment prediction.

Embedding | Number of | Dropout

Optimizer | Epoch ACC Recall | F1-Score

Dimension | Convolution Ratio

50 100 0.5 Adam 5 83.58% | 82.79% | 82.90%
100 100 0.5 Adam 6 85.77% | 85.43% | 85.69%
100 100 0.5 Adam 6 87.14% | 87.39% | 87.18%

Tab. 1. Hyperparameter selection for CNN experiments

The second experiment used the GRU model, which consists of an embedding layer, one
GRU layers, and a fully-connected layer. the GRU layers are set up in a bi-directional fashion

to capture both forward and backward dependencies.

Hidden Number

Embedding
Layer of GRU | Optimizer | Epoch ACC Recall | F1-Score

Dimension
Dimension Layers

50 128 1 Adam 2 85.67% | 85.44% | 83.70%
50 256 2 Adam 3 86.33% | 83.12% | 85.68%
100 256 2 Adam 3 87.00% | 84.18% | 86.62%

Tab. 2. Hyperparameter selection for GRU experiments

Immediately following this, I tried the LSTM model, similar to the GRU model, the LSTM
model consists of an embedding layer, followed by one LSTM layers, and ultimately a
fully-connected layer outputting the sentiment prediction. the LSTM layers also use a

bi-directional setup.




Number
Hidden
Embedding of
Layer Optimizer | Epoch ACC Recall | F1-Score
Dimension LSTM
Dimension
Layers
50 128 1 Adam 5 81.33% | 80.94% | 81.20%
50 128 1 Adam 5 83.35% | 83.14% | 82.98%
50 256 2 Adam 7 85.46% | 85.23% | 84.17%
100 256 2 Adam 7 87.77% | 88.32% | 87.84%

Tab. 3. Hyperparameter selection for LSTM experiments

Finally, I used a pre-trained BERT model in my experiments and fine-tuned it for sentiment

analysis tasks.

After training and validation, I tested their performance on the test set separately:

MODEL ACC Recall F1-Score
CNN 87.14% 87.39% 87.18%
GRU 87.00% 84.18% 86.62%

LSTM 87.77% 8§8.32% 87.84%
BERT 93.07% 02.78% 93.05%

Tab. 4. Results of base-model experiments(highest value for this indicator in red)

Fig. 1. Confusion Matrix of Base-model experiments

As can be seen in Table 4, BERT scores the highest among the models: 93.07% for ACC,




92.78% for Recall, and 93.05% for F1-Score. The other models - CNN, GRU and LSTM -

show similar but lower metrics, with all three performance metrics in the 87% range.
4.3 Meta-Model Experiments

hnstructed a logistic regression meta-model to improve the performance of sentiment
analysis by integrating the prediction results of four base models (CNN, GRU, LSTM and
BERT) on the IMDB movie review dataset. These predictions were stacked to form a new
feature set for training the meta-model. Logistic regression was chosen as the meta-model due

to its simplicity and adaptability to binary classification tasks.

MODEL ACC Recall F1-Score
CNN 87.14% 87.39% 87.18%
GRU 87.00% 84.18% 86.62%
LSTM 87.77% 88.32% 87.84%
BERT 93.07% 02.78% 93.05%

Meta-Model 95.10% 94.83% 95.09%

Tab. 5. Comparison of results from all experiments (highest value for this indicator in red)

We can see the performance of the individual base models compared to the meta-model in
Table 5. The meta-model has an accuracy of 95.10%, a recall of 94.83%, and an F1 score of

95.09%, which is significantly better than the individual models.

Confusion Matrix for Meta-Model

Actual Negative

True Label

Actual Positive

Fradicted Negative Predicted Positive
Predicted Label

Fig. 2. Confusion Matrix of Meta-model experiments

In addition to the main experiment, I found that the meta-model dynamically adjusts the




importance of the individual base model predictions during the learning process, so [

experimented with manually assigning weights to the individual base models to see the

impact:
Weight Allocation
ACC Recall F1-Score
[CNN:GRU:LSTM:BERT]
[0.25:0.25:0.25:0.25] 92.98% 87.14% 92.54%
[0.25:0.25:0.2:0.3] 94.80% 94.10% 94.77%
[0.3:03:0.3:0.1] 91.46% 90.54% 91.38%

Tab. 6. Metamodel results with different base model weights (highest value for this indicator in red)

In the table, equal weights of 0.25 for each model resulted in 92.98% accuracy, 87.14% recall,
and a 92.54% Fl-score. Adjusting weights to favor BERT (0.3) over LSTM (0.2), while
keeping CNN and GRU at 0.25, improved recall to the highest at 94.10%, with accuracy at
94.80% and the best Fl-score of 94.77%. Increasing weights for CNN and GRU to 0.3 and
reducing BERT's to 0.1 decreased accuracy to 91.46% and F | -score to 91.38%, but recall was

still high at 90.54%.

On top of that, different models in the quest for better results:

ODEL ACC Recall F1-Score
Logistic
. 95.10% 94.83% 95.09%
Regression
SVM 94.78% 94.36% 94.10%
FNN 94.25% 93.83% 93.17%

Tab. 7. Results of meta-modelling using different models

Table 7 shows a comparison of the three models: logistic regression, SVM, and FNN. logistic
regression tops the list with the highest accuracy (95.10%) and F1 score (95.09%), and the
recall is 94.83%. SVM comes in a close second, and perhaps I set up the FNN to be too

simple, and so it is a little bit behind in all the metrics [21].

Finally, I compare my meta-model with currently popular NLP models:




MODEL ACC
0OCaTs . ——9306%
Roberta-BGZe 94.74%
DV-ngrams-cosine + NB-weighted BON 93.68%
Space-XLNet 94.88%
GPT-4 96.40%
Meta-Model of this work 95.10%

Tab. 8. Results of different popular NLP models

Table 8 is full of work that has performed well on the IMDB dataset over the last two years,
with the meta-model achieving an accuracy of 95.10%, a performance that is slightly inferior
to GPT-4's 96.40% but higher than the other models and significantly reduces training
costs[22]-[24]. This suggests that the ensemble model, whilst not outperforming the best
single model currently available, still performs well and significantly reduces training costs,

reflecting the potential of combining multiple techniques and approaches.

5. Discussion

Firstly, looking at the performance of the base models, all of them except BERT have
relatively average performance. 1 chose the pre-trained BERT model to train on the IMDB

dataset, because BERT itself is already very powerful and performs best.

The results of the meta-modelling show that the integrated approach effectively leverages the
strengths of the individual models and achieves better overall predictive accuracy in

sentiment analysis tasks.

At the very beginning when the gap between the LSTM model performance and the BERT
model performance was too large, the meta-model was even less effective than the base model,
so when the performance of the different base models varies greatly, the meta-models may not
be able to take full advantage of their respective strengths. Through the experiment of
adjusting the weights, I found that the performance of the meta-model suffers when the

poorer-performing model has higher weights, and even if the model chooses the optimal




weights through learning, its performance is still only slightly higher than that of the optimal
BERT model by two percentage points. Therefore, [ believe that when the performance of
each basic model is close, the stacking method may be the best way to improve the

performance.

6. Conclusion

This work provides a comprehensive analysis of deep learning models on the IMDB dataset.
Our results highlight the effectiveness of CNN, GRU, LSTM and BERT in capturing
sentiment information from textual data. In addition, this work integrates the superiority of
the methods and achieves an accuracy of 95.10% on the test set. Our findings help to advance
the state-of-the-art in sentiment analysis and provide insights on the benefits of integrating
learning techniques combined with diverse deep learning architectures. Future research could
explore additional ensemble methods and investigate the application of these models to other

sentiment analysis tasks and datasets.
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