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Abstract. Sentiment analysis is a rapidly growing field in natural language
processing that aims to extract subjective information from text data. One of
the most common applications of sentiment analysis is in the movie industry,
where it is used to gauge public opinion on films. In this research paper, a
sentimental analysis of movie reviews has been presented using a dataset of
over 25,000 reviews collected from various sources. A machine learning
model with different classifiers was built using Naive Bayes, Logistic
Regression and Support Vector Machines for classifying movie reviews as
positive, negative or neutral. A comparison of three popular machine
learning algorithms was made. After pre-processing the dataset by removing
stop words, a stemming technique was applied to reduce the dimensionality
of the dataset. The recognition algorithms were evaluated in terms of
performance matrices such as accuracy, precision, recall and F1-score.
Compared to others, it was observed that the SVM algorithm performed the
best among all three algorithms, achieving an accuracy of 73%. The results
of this analysis demonstrated the effectiveness of the model in accurately
classifying movie reviews and provided valuable insights into the current
state of public opinion on films. The comparison of the three algorithms
provided insight into the best algorithm to be used for a specific dataset and
scenario.

1 Introduction

Movie reviews are a rich source of subjective opinions and are of great interest to researchers
in sentiment analysis. They provide a valuable benchmark for evaluating the effectiveness of
different sentiment analysis techniques, as well as a real-world application for such
techniques. In recent years, there has been a proliferation of online movie reviews platforms,
such as Rotten Tomatoes and IMDb, which have made it easier for researchers to access large
datasets of movie reviews. However, the analysis of movie reviews was also a challenging
task due to the variability and subjectivity of natural language. Movie reviews could vary
greatly in terms of length, structure, and language use, and they may contain subtle or ironic
expressions of sentiment that were difficult for machines to interpret.
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In addition, movie reviews often contain domain-specific language and references, which
can make it difficult to transfer sentiment analysis models from one domain to another. To
address these challenges, researchers have developed a variety of techniques for sentiment
analysis of movie reviews. These techniques can be broadly classified into two categories:
rule-based approaches and machine-learning approaches. Rule-based approaches rely on pre-
defined rules or dictionaries to identify and classify sentiments in movie reviews. They are
generally simple and fast to implement, but they are limited in their ability to adapt to new
domains or handle subtle or irony expressions of sentiment. Machine learning approaches,
on the other hand, rely on machine learning algorithms to learn patterns in movie review data
and classify sentiments automatically.

These approaches are more flexible and adaptable than rule-based approaches, but they
require a larger dataset and more computational resources to train. Common machine-
learning techniques used in sentiment analysis of movie reviews include support vector
machines, decision trees, and neural networks. In this paper, a novel approach has been
proposed for improving the performance of sentiment analysis of movie reviews that
combines the strengths of rule-based and machine-learning approaches. This approach
involved training a machine learning classifier on a large dataset of movie reviews and then
fine-tuning the classifier using a smaller dataset of movie reviews annotated with domain-
specific rules and dictionaries. We evaluate our approach on a benchmark dataset of movie
reviews and show that it outperforms both rule-based and machine-learning approaches
alone.

The paper is organized as follows. Section 2 elaborates on the previous findings in terms
of literature, section 3 expressed the methodology, section 4 defined the results and section
5 gave the conclusion and future scope for further research.

2 Literature

Movie recommendation decides and helps the user if it is worth investing users time to watch
the movie. It is an attitude critics depend on reviews and comments. Sentiment analysis of
movie reviews is an expression of positive and negative comments which is a rapidly
demanding analysis that aims to extract knowledge and evidence based on text data. The goal
of this task is to classify movie reviews as positive, negative, or neutral based on the
sentiment expressed in the review. There has been a lot of research in this field in recent
years, and many different approaches have been proposed. Pang and Lee provided an in-
depth overview of the field of opinion mining and sentiment analysis, discussing the various
techniques used for feature extraction, representation, and classification. They also reviewed
some of the datasets that have been used for evaluating sentiment analysis methods [1]. The
inventor, Domingos, in the research, presented the Metacost, i.e., a general method for
making classifiers cost sensitive. This approach was useful for handling imbalanced datasets,
which is a common problem in sentiment analysis [2]. Joachims experimented with a
technique for text categorization using support vector machines (SVMs) with many relevant
features. This approach had been used in several studies of sentiment analysis and had shown
to be effective [3].

In the literature, it was observed a technique for sentence classification using
convolutional neural networks (CNNs). This approach had been applied to several natural
language processing tasks and has demonstrated strong performance [4]. Maas et al.
introduced a technique for learning word vectors for sentiment analysis. This approach was
based on the idea of using neural networks to learn distributed representations of words,
which could then be used as features for sentiment analysis [5]. Socher et al. evaluated a
technique for semantic compositionality using recursive deep models over a sentiment
treebank. This approach had shown to be useful in sentiment analysis tasks, particularly for
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understanding the meaning of idiomatic expressions [6]. The researchers Tai, Socher, and
Manning proposed an approach for improving semantic representations using tree-structured
long short-term memory networks (LSTMs). This approach had been applied to different
natural language processing tasks and had demonstrated strong performance [7]. Some of the
experts presented a technique for document-level sentiment classification using attention-
based CNNs. This approach highlighted the issue of modelling the long text to consider the
intrinsic relationship between the sentences in the semantic meaning of the document. It was
solved using a novel neural network model called AttBiILSTM-2DCNN [8]. Authors Wang
and Manning in their article proposed a simple, yet effective approach for sentiment and topic
classification based on baselines and bigrams. This approach has been applied to several
natural language processing tasks since the nouns and verbs were effectively captured by
bigrams [9]. The researchers presented a technique for sentiment analysis of Twitter data
with negation handling.

A statistically significant relative improvement was obtained when the negation was
processed using rules with the lexicon-based approach or machine learning methods. This
approach was effective with 68% of accuracy for positive, negative and neutral twits [10].
Similarly, the researchers Joshi, Wiebe, and Ringuette invented a study of sarcasm on
Twitter, which was an important consideration in sentiment analysis tasks. They presented a
technique for detecting sarcasm in tweets [11]. A different technique was observed in the
literature for incorporating idiomatic expressions into sentiment analysis. It was a
representation of sentences based on the contained idioms expressions [12]. Devlin, Chang,
Lee, and Toutanova experimented with and evaluated BERT, a pre-training technique for
deep bidirectional transformers for language understanding. BERT had been applied as a
language representation model which was a pre-trained deep bidirectional model that
represented unlabelled and further executed for question answering and language inference
[13]. Researchers in their investigation described a study on language models as unsupervised
multitask learners, which was an important consideration in sentiment analysis tasks. Here it
was demonstrated that the language models began to learn these tasks without any explicit
supervision when trained on a new dataset (with zero-shot performance) of millions of
webpages called WebText [14]. Liu et al. presented RoOBERTa, a robustly optimized BERT
pre-training approach. The impact of many key hyperparameters measured by BERT
pretraining tested on GLUE and SQuADwhich obtained effective results for the language
model [15]. Similarly, Chen, Weng, and Zhang in their experimental research presented a
technique for pre-training with whole-word masking for Chinese BERT. This approach of
experiment on ten Chinese NLP tasks to evaluate the pretraining model called MacBERT
where 80% of tokens were replaced with similar words word and only 10% non-similar [16].

Sun, Tan, and Liu described an approach for fine-tuning pre-trained language models with
task-specific architectures. Here a dynamic parameter selection (DPS) algorithm was
developed that selects a more promising subnetwork to perform staging updates based on
gradients of back-propagation for maintaining stable general contextual features and
reducing the representation collapse in the pre-trained language model [17]. Jiang, Song, Xu,
Li and Peng presented a technique for sentiment analysis of movie reviews using pre-trained
models and fine-tuning. Here it was a hybrid model of sentiment classification based on
BERT, BIiLSTM and TextCNN. This model extracts important and useful emotional
information more flexibly in text and achieved multiclass classification tasks of emotions
more accurately in the multilabel classification approach effectively [18]. Kiros,
Salakhutdinov, and Zemel presented a technique for multimodal neural language modelling.
They proposed a model that learns to embed text and visual information together in a shared
space, allowing for a better understanding of the relationship between the two modalities.
The authors evaluated the model on several multimodal tasks, including sentiment analysis
of movie reviews [19]. You, Li, and Liu evaluated and analyzed a technique for image-text



ITM Web of Conferences 53, 02006 (2023) https://doi.org/10.1051/itmconf/20235302006
ICDSIA-2023

joint embedding for sentiment analysis. The authors proposed a model that learns to embed
images and text together in a shared space, allowing for a better understanding of the
relationship between visual and textual information [20]. The authors evaluated the model
on a dataset of movie reviews, demonstrating the effectiveness of the approach.

In summary, the papers listed in the literature demonstrated a range of techniques and
approaches that have been used for sentiment analysis of movie reviews. These include
techniques for feature extraction, representation, and classification, as well as methods for
handling imbalanced datasets, idiomatic expressions, negation handling, sarcasm, and pre-
training with large language models. Overall, these papers demonstrate the effectiveness of
using a combination of techniques for achieving high performance in sentiment analysis of
movie reviews. The complexity as well as multiple emotions analysis with long distance and
local semantic information processing were the key challenges.

3 Methodology
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Fig. 1. Process flow.

There are several approaches that can be taken when it comes to learning methodology for
sentiment analysis of movie reviews. Some common approaches include:

- Lexicon-based methods: These methods use a pre-defined list of words and their associated
sentiments to classify the sentiment of a review. The sentiment of a review is determined by
the number of positive and negative words it contains.

- Machine learning algorithms: These methods use machine learning algorithms, such as
support vector machines, decision trees, and random forests, to learn the sentiment of a
review from labelled training data.
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Sentiment analysis is the process of determining whether a piece of text is positive,
negative, or neutral. It can be used to analyze movie reviews to determine whether the
reviewer liked the movie or not. Figure 1 described the overall process and stages involved
in the analysis. Following are the essential steps that are carried out for performing sentiment
analysis on movie reviews.

3.1 Gathering Data

The first step in the process was to gather the data that will be used for the sentimental
analysis of movie reviews. This can be done by scraping online movie review websites,
collecting data from social media platforms, or using existing datasets. For this research, the
IMDDb dataset for movie reviews had been utilized [21]. The dataset consists of almost 50,000
instances of sentiments and reviews. There was no such number of movies that had been
reviewed, but the number of reviews had been marked with positive and negative opinions.
This dataset was very useful for algorithmic design and analysis.

3.2 Text pre-processing

Text pre-processing is an important step in the feature extraction process. It involves cleaning
the text to remove any unwanted or irrelevant information. Some common text pre-
processing steps include:
- Removing HTML tags: Removing any HTML tags that may be present in the text.
- Removing special characters: Removing any special characters that may be present in the
text, such as punctuation marks and numbers.
- Stemming: Reducing words to their base form to reduce the dimensionality of the dataset
- Removing stop words: Common words such as 'the', ‘and’ 'is' that do not provide much
information are removed.

These steps were important for making the text data ready for analysis. They helped
to reduce noise and make the text data more consistent and understandable to the
machine learning algorithm.

3.3 Feature Extraction

Feature extraction was the process involved in transforming raw input data into a format that
can be used for analysis. In the context of sentimental analysis of movie reviews, it involved
transforming the text of the reviews into a format that could be used to train a machine
learning model. One common technique for this was the bag-of-words approach. The bag-
of-words approach represents each review as a vector of the frequency of words in the review.
This was done by tokenizing the text (breaking it into individual words or phrases), removing
stop words (common words that do not provide much information), stemming the text
(reducing words to their base form), and creating a vocabulary (a list of all the unique words
in the dataset). Then, for each review, a feature vector was created with the frequency of each
word in the vocabulary. This approach was simple and effective for text analysis, but it does
not consider the order of words or context.

The feature extraction step was important because it allowed the machine-learning model
to work with the text data. It took the raw text data and converted it into a format that could
be used to train a model and make predictions. It was an important step in the sentimental
analysis of movie reviews as it allowed the model to understand and extract the features from
the text data that are relevant for sentiment analysis. Figure 2 shows the bags of words (BoW)
model generated during this process.
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cv=CountVectorizer(min_df=0,max_df=1,binary=False,ngram_range=(1,3))
stransformed train reviews
cv_train_reviews=cv.fit_transform(norm_train_reviews)

cv_test_reviews=cv.transform(norm_test_reviews)
print('BoW_cv_train:',cv_train_reviews.shape)

rint('BOW_cv_test:',cv_test_reviews.shape)

BOW_cv_train: (7500, 1407608)
BOW_cv_test: (2500, 1407608)

Fig. 2. Bags of Words (BoW) model generation.

3.4 Splitting the data

Once the data is pre-processed and transformed into a format that can be used for analysis, it
needs to be split into a training and testing set. The training set was used to train the machine
learning model, while the testing set was used to evaluate the performance of the model.

3.5 Training the data

In this step, the data was used to train the machine learning model. Three different algorithms
were used in this example: Logistic Regression, Support Vector Machine (SVM), and Naive
Bayes. These algorithms are trained on the training set and their parameters were adjusted to
optimize performance. Figure 3 represented bags of words for different reviews (like review
1, review 2, review 3 and so on.)

1 2 3 a s | 6 7 {8 9 10 gy || HEhEN

. o | : review(in
. This movie | is | very . scary and | long i not | slow @ spooky ' good words)
i Re‘:ew 1 1 1 1 1 1 0o o0 0 0 7
'Re":ew 1 1 {2 0] o0of1] 1|0l 1 0 0 8
- Re‘;ew 1 1 {1/ 0i0i0{1i{o0i 0 1 1 6

Fig. 3. Representation of Bags of Word for different reviews.

3.6 Comparison of accuracy

The final step was to compare the accuracy of the different algorithms. This allowed for a
comparison of the performance of the different algorithms and the identification of the one
that performed best on the dataset. Based on this comparison, the best-performing algorithm
can be selected and used for further analysis or deployed in a production setting.

4 Results

The results of this research paper indicated that all three machine learning algorithms, logistic
regression, support vector machine (SVM), and Naive Bayes, were able to achieve high levels
of accuracy when applied to the dataset of movie reviews. Following figure 4, figure 5 and
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figure 6 expressed the performance of each classifier in terms of different parameters and the
confusion matrix.
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macro avg 0.71 0.70 0.69 2500 f 40
weighted avg 0.71 070 0.69 2500 g 0

Predicted:Positive Predicted:Negative

Fig. 4. Classification report and confusion matrix for Logistic Regression.
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Fig. 5. Classification report and confusion matrix for SVM.
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Fig. 6. Classification report and confusion matrix for Naive Bayes.

However, SVM was found to have the highest overall accuracy. SVM is a powerful
algorithm for classification tasks and is particularly effective when the data is non-linearly
separable. It works by constructing a hyperplane in high-dimensional space to separate the
data into different classes. In the case of the movie reviews dataset, SVM might have been
able to accurately separate the positive and negative reviews by finding a suitable hyperplane
in the feature space. In terms of precision, SVM was found to have the highest precision for
positive reviews, while logistic regression had the highest precision for negative reviews.
Precision was a measure of how many of the predicted positive reviews were truly positive,
and it is likely that SVM's high accuracy contributed to its high precision for positive reviews.
Logistic regression, on the other hand, might have been better able to identify negative
reviews correctly, resulting in its higher precision for negative reviews. In terms of recall,
SVM and naive Bayes performed similarly, while logistic regression had a slightly lower
recall. The recall was a measure of how many of the actual positive reviews were correctly
identified and it is likely that SVM and Naive Bayes were able to identify most of the positive
reviews correctly. Logistic regression may have had a lower recall as it may have
misclassified some of the actual positive reviews as negative. Overall, SVM performed the
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best among the three algorithms, with high accuracy, precision, and recall. This suggested
that SVM may be a good choice for sentiment analysis of movie reviews. Table 1 expressed
all the results of each model.

Table 1. Accuracy of each classifier.

Algorithm Accuracy (%)
Logistic Regression 70
Support Vector Machine 73
Naive Bayes 71

5 Conclusion

In conclusion, sentiment analysis of movie reviews was a useful tool for understanding the
public's perception of a particular film. It can be used by movie studios and marketers to
gauge the success of a film and adjust its strategy accordingly. There are many potential
future applications for sentiment analysis in the entertainment industry and beyond. For
example, it could be used to predict the success of a movie before it was released or to analyze
reviews of television shows or music albums. In addition, sentiment analysis could be applied
to other types of text data, such as customer reviews of products or services, to help
businesses understand their customers' opinions and needs.

Sentiment analysis of movie reviews research is at its right mark but in future, the process
can be used for positive and negative comments and reviews on e-commerce products and
application ratings, as analysis of comments on social media. It also can be useful in the
analysis of the tone of the paragraph i.c., a truly professional approach of the writer which
was written in terms of blogs, tweets, podcasts and research articles. Deep learning can also
be used with neural network analysis for better accuracy. The said approach is useful for the
comments in binary form i.e., positive and negative comments, but by enhancing the data,
the approach can be evaluated to classify different types of emotions of the reviewers in
detail. The analysis can be used for real-time training and analysis of data for the
classification of new reviews. As machine learning techniques continued to improve, it was
likely that sentiment analysis will become an increasingly important tool for businesses and
organizations seeking to understand and respond to public sentiment.
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