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Abstract — With the advancement of technology, people frequently express their feelings and thoughts in
environments such as social media. Natural language processing applications are also very much on the
agenda. Thanks to sentiment analysis, inferences can be made by analyzing them. In this study, different
methods of emotion classification with deep learning were investigated and applied. IMDb dataset created
from movie reviews was used as a dataset. In sentiment classification, four different architectures were
applied to the same dataset and compared. As a result of this comparison, it was observed that the 1D CNN
model gave the best results. It was concluded that this architecture is efficient and fast for such studies.
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I. INTRODUCTION

This Deep learning is an important subfield of artificial intelligence and machine learning, which is very
popular today. These methods are generally developed with a focus on artificial neural networks.

Deep learning involves multilayer computational models to represent the available data at different levels
of abstraction [1]. In deep learning techniques, there are successive layers for the representation of data. In
these methods, also known as deep networks, high-level abstractions are effectively made from raw data
and feature sets are automatically generated. In this way, attributes that are usually determined by humans
are automatically identified and made available [2]. It is known that the training phase of some deep
learning algorithms takes quite a long time and semi-supervised learning methods have been proposed in
various studies to shorten the training time of deep neural networks [3]. In some researches, various
approaches have been proposed to bring the capabilities of deep learning to non-deep but widely used
machine learning methods such as support vector machines [4]. Deep learning techniques have achieved
highly effective results in analyzing various data formats such as video, audio and text [5]. Generally, one
method may be effective in areas such as text data processing, while a different approach may give better
results in analyzing video and audio data [6]. In some researches, the proposed deep learning techniques
can be successfully applied to multi-modality (different modes such as text, image, audio) [7]. Language
modeling and natural language processing, speech and audio processing, information retrieval, object
recognition and computer vision, multimodal and multitask learning are among the application areas of
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deep learning methods that can be discussed in detail [8]. Natural language processing encompasses various
automatic operations on human written text, including text analysis, classification, information extraction
and sentiment analysis. Its application areas are diversifying and expanding day by day.

Although there are different areas of natural language processing, sentiment analysis is the most widely
used. Sentiment analysis has an important place in analyzing for users. The popularity of this field is
increasing day by day. In this study, sentiment analysis was performed with users' movie reviews. Haque
et al. (2019) compared ESA and Long Short-Term Memory (LSTM) networks on the IMDb dataset and
stated that the ESA network gave better results [9]. Rao et al. (2018) proposed a new LSTM model on
IMDDb and Yelp datasets [10]. Islam et al. (2018) applied Random Forest classifier to IMDb and Amazon
datasets [11]. Narayanan et al. (2013) worked with Naive Bayes algorithm on IMDDb dataset [12]. Huang
et al. (2018) studied LSTM and BiLSTM and concluded that BiLSTM is successful [13].

Pang, et al. (2002) tested different machine learning techniques on the IMDDb dataset [14]. Matsumoto et
al. (2005) applied machine learning classifiers on IMDb and Polarity datasets [15]. Arzu and Aydogan
(2023) implemented and compared Transformers-based architectures [16].

Il. MATERIALS AND METHOD

In this section of the study, information about the dataset is given. IMDb dataset was used in the study.
This data, which was extracted from Kaggle [17], was first subjected to basic preprocessing and then
sentiment analysis was performed with deep learning and the results were compared. The flow diagram of
the applied method is as shown in Figure 1.

Data Split
Preprocessing Dataset

IMDDbD dataset

Digitizing

Classification
the Dataset

Fig. 1 Emotion Classification Flow Diagram

A. Dataset

The IMDDb dataset, which is one of the most widely used datasets, was used in this study by conducting
the necessary literature review. Although machine learning algorithms are generally used in the literature,
deep learning algorithms are used in this study.

IMDb dataset has 50,000 movie reviews. It provides 25,000 movie reviews for training and 25,000 movie
reviews for testing. In the dataset, positive tags are used for positive reviews and negative tags are used for
negative reviews. In this study, we predict positive and negative reviews using deep learning algorithms.
Two examples of positive and negative reviews from the dataset used in the study are shown in Table 1
with their labels to give the reader an idea. Since the comments are in English, their Turkish equivalents
are given in parentheses in the table for better comprehension.
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Table 1. Sample comments

Dataset Review Sentiment

Off all the films | have seen, this one. The Rage has 0
got t be one of the worst yet. The direction ...
IMDb

I cannot believe I enjoyed this as much as | did The 1
Anthology stories were better than par, but th...

In this study, four different models were created for sentiment analysis prediction using different deep
learning models: CNN, RNN, LSTM and MLP. The models were prepared with Python programming
language in Jupyter Notebook environment. The performance of the models was evaluated by making
predictions on the models. Figure-2 shows the distribution of positive and negative comments in the dataset.
As can be seen from Figure 2, the dataset consists of an equal number of positive and negative reviews.

Distribution Of Positive And Negative Comments

14.000
12.000
10.000
8.000
6.000
4.000
2.000
0

Count

Train Test
M Positive 12.500 12.500

m Negative 12.500 12.500

Sentiment

M Positive M Negative

Fig. 2 Distribution of positive and negative comments

B. Data Pre-Processing

It is known that data collected for scientific research is usually included in data sets without any pre-
processing, i.e. without structuring [18]. However, there is a correlation between the success in the data set
and the accuracy of the results obtained from the algorithms used in the data set. In data sets that are not
subjected to any pre-processing, both the analysis and the result are badly affected. For this reason, the
dataset was preprocessed first. Since HTML tags, special characters and symbols are not helpful in
identifying an emotion, we removed them and obtained clean data. Afterwards, all comments were
converted to lower case to make it easier to analyze the comments. Although there are different data
cleaning techniques, in this study, cleaning was done using function structures with the Python
programming language. With the preprocessing, the data was converted into the desired format. After data
preprocessing, the word cloud of the data set was analyzed as positive and negative. The images of this
examination are shown in Figure 3.
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Fig. 3 Dataset word clouds
Positive labels, which are positive comments in the dataset, are replaced with 1 and negative labels, which

are negative comments, are replaced with 0. Examples of comments and labels from the dataset for this
preprocessing process are shown in Figure 4.

review sentiment review sentiment

0  One of the other reviewers has mentioned that ... positive 0 one of the other reviewers has mentioned that 1
1 A wonderful litile production. <br /=<br f=The... positive 1 a wonderful little production the filming te 1
2 | thought this was a wonderful way o spend fi... positive 2 1 thought this was a wenderful way to spend { 1
3 Basically there's a family where alitfle boy ... negative 3 basically there s a family where a litfle boy ]
4 Petier Mattei's "Love in the Time of Money" is... positive 4 petter mattei s love in the fime of meney i 1
5 Prababl I-ime favorit jig, a st itit " . .
roqably my al-ime lavenie movie, a slary o pasiiive 5 probably my all ime favorite movie a story 1
[ | sure would like to see a resurrection of a u... ositive
C ] i sure would like to see a resurrection of a 1
7  This show was an amazing, fresh & innovative .. negative i i . )
T this show was an amazing fresh innovative 0
& Encouraged by the positive comments about this... negative
. o . . 8 encouraged by the positive comments about thi 1]
9 If you like original gut wrenching laughter yo... positive
9 if you like criginal gut wrenching laughter y 1

Fig. 4 Before and after data preprocessing

C. Splitting the Dataset

A dictionary was created by controlling the number of unique words in the dataset. Each unique word in
the dictionary was assigned a unique dictionary value. With these dictionary mappings of the words, the
reviews were converted into a list of integers. This list was then sent to the model and the dataset was
divided into two parts: train and test. The lexicon was created from the training data set only. The test data
needs to be specific to the model. Because we do not know what kind of data will come in the future, it is
very important that the test data has words unknown to the algorithm.

The first 40,000 reviews are allocated to the training data set and the remaining 10,000 reviews are
allocated to the test data set. The same parts are used in all models to make it reasonable to compare the
results. To count the unique words, we used the counter method, which is a subclass of dictionary in Python.
This resulted in a total of 92,279 unique words in the training dataset.

D. Digitizing the Dataset

In order to classify the data set, it is necessary to digitize the data set. After the word dictionary was
created, the reviews were converted into numerical form by replacing the integer index values
corresponding to each word. Words that did not appear in the dictionary were assigned a common index.
According to the word lengths of different reviews, the maximum word length of a review was set to 500.
After these operations in the dataset, it was determined that the word lengths of the majority of the words
analysed were close to 200. The histogram of this review is shown in Figure 5.
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Word Length Distribution
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Fig. 5 Word length histogram

Once the labels have been converted into numerical forms so that positive emotions represent 1 and
negative emotions represent 0, the dataset is ready for modelling.

E. Deep Learning

Deep learning is a subset of machine learning (ML) in which artificial neural networks (algorithms
modelled to work like the human brain) learn from large amounts of data. Deep learning has recently been
frequently preferred in sentiment analysis. In this study, MLP, LSTM, RNN, 1D CNN were used as deep
learning algorithms.

F. Multi-Layer Perceptron (MLP)

MLP, which can also be thought of as a version of the logistic regression classifier, is a basic feed-forward
neural network with at least one hidden layer. MLP is not a new neural network architecture, it has been
widely used in machine learning applications for text classification problems even before the era of deep
learning [19-22]. While MLP has the same number of input and output layers, it can also have more than
one hidden layer. The MLP model developed in this study is built using the Tenserflow library of the Python
programming language. ReLU and sigmoid functions are used as activation functions. An example of the
MLP applying the appropriate activation functions to classify positive and negative comments is given in
Figure 6.

Positive- Negative
comments

Input layers Hidden layers Output layers

Fig. 6 MLP example

The sigmoid activated output layer generates a probability of sensitivity for each inspection. If this
probability is close to 0, the sensitivity is negative, and if it is close to 1, the sensitivity is positive. Since
this is a binary classification problem, the loss is compiled as 'binary_crossentropy'. The model consisting
of 576,257 parameters was trained with 10 epochs and Adam optimizer and its performance was found to
be 87.86% on the test dataset.
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G. LSTM (Long Short Term Memory)

Long short-term memory networks are not very different from RNNs. However, LSTMs have memory
cells for calculating hidden states. These cells are used to decide which data should be deleted or saved. In
this study, an LSTM model with 353,365 parameters was designed and trained with 10 epochs and Adam
optimizer and its performance was 87.77%.

H. RNN (Recurrent Neural Network)

Thanks to recent advances in technology, RNN can be used easily. RNN is a neural network model for
learning existing patterns by exploiting sequential information [23,24]. RNN-based models are not good at
capturing long-term contexts. In this model, it was concluded that they do not perform very well, achieving
an accuracy of 82.80%.

I 1D CNN (Convolutional Neural Network)

Convolutional Neural Networks (CNN), also known as Convolutional Neural Networks (CNN), are faster
to train than LSTM and RNN models. An accuracy of 91.43% was achieved on the test dataset. Although
it has 354,755 fewer parameters, it has a better success than other models.

I11. RESULTS

As can be seen from the results, the model with the best accuracy percentage is the 1D CNN architecture.
It is followed by MLP and LSTM. The worst accuracy percentage belongs to the RNN architecture with
approximately 83 percent. The data on the comparison of the models applied in the study are given in Table-
2.

Table 2. Results of the models run with the data set

RESULTS FOR EMOTION CLASSIFICATION

Model type | Trainable parameters | Epoch Count | Optimizer Accuracy (%)
MLP 576.257 10 Adam 87,86
LSTM 353.365 10 Adam 87,77

1D CNN 354.755 10 Adam 91,43
RNN 328.465 10 Adam 82,80

IV.DISCUSSION AND CONCLUSION

This study found that the 1D CNN model outperformed the RNN models in the sentiment classification
task performed on the IMDb dataset. This finding is important for evaluating the effectiveness of different
architectures and structures of deep learning models on specific text processing tasks. In particular, the 1D
CNN model may be more successful in tasks such as sentiment analysis, as it has the ability to more
effectively identify structures in the horizontal plane in text data. These results contribute to the current
debate in the literature on the effectiveness of different model architectures in text data processing.

As an example of an application that uses deep learning for emotion classification, the performance of
the IMDDb dataset on the models was compared. As a result of this comparison, it was observed that the
1D CNN model gave the best performance. It was determined that it gave a much better result than the
RNN model. The IMDb dataset was made with 10 epochs in all models, that is, with the number of cycles
(iterations), and they were optimized with Adam optimizer in the same way.

The results of this study provide an important contribution to evaluate the performance of deep learning
models on sensitive and complex tasks such as sentiment classification. In particular, the ability of the 1D
CNN model to more efficiently identify structures in the horizontal plane enables more accurate
understanding and classification of emotional expressions in text data. This leads to higher accuracy and
reliability in tasks such as sentiment analysis, enabling more effective results in real-world applications.
Furthermore, the results of this study emphasize the importance of deep learning models in selecting the
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most appropriate architecture for specific datasets and tasks. In particular, for sensitive tasks such as
sentiment classification, model selection plays a critical role in determining the reliability and overall
performance of the results. Therefore, in future research, the generalizability and applicability of the results
of tests on different datasets and tasks should be evaluated from a broader perspective. In this way, a solid
foundation can be established for a more effective and powerful use of deep learning models in text
processing.
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