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Abstract 
 

Movie reviews help viewers decide whether to watch the movie based on detailed reviews with analysis by other viewers and 
experts. It is an important indicator for the audience as a guiding choice amidst vast entertainment options. This paper aims 
to analyze movie reviews and examine the accuracies of different machine learning algorithms. The review data is pre-
processed to transform into a format suitable to the model. We feed this pre-processed data to various models for the best 
possible outcome. It was observed that the support vector machine yields good results for the datasets considered. 
Furthermore, k-fold cross-validation is carried out to compare and check the efficiency of various models. 
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1. Introduction 

Sentiment analysis is the use of natural language processing 

(NLP), text analysis, computation linguistics, and biometrics 

to systematically identify, extract, quantify, and study affective 

states and subjective information. It can be categorized into 

the following: application-oriented, customer care, sentence-

level, aspect-level, concept-level, multilingual, and linguistic 

features analysis. Applications of sentiment analysis include 

analyzing social network data to understand the views of a 

given group of people. Companies like Google and Facebook 

make the most of their revenues from advertisements. They 

implement advanced sentiment analysis to help them gain 

meaningful insights and display the most relevant 

advertisement to their customers, in which the respective 

persons might be interested. Sentiment analysis also comes in 

handy for advertisement clicks through the rate optimization. 

The algorithm analyzes and chooses the best commercial 

depending on the promotions that the customer clicks on and 

the responses given by the other users. 

Sentiment analysis is gaining more attention with the fast 

proliferation of existing data comprising opinions, movie 

reviews, Twitter tweets, product reviews, discussions on social 

platforms, etc.[1] Opinion mining can be used to design 

recommender systems. It is used in advertisements to identify 

suitable places. It can be used to predict whether people prefer 

the same kind of product or switch to some other product. 

Organizations release beta versions of their products and make 

them accessible to a few customers who get the version in 

advance and must provide feedback on the product as they use 

it. The feedback can be positive or negative. All the feedback 

provided by the users over the given period is analyzed and 

placed in different classes based on the type of reviews. These 

organizations improve features that users did not find 

satisfactory before releasing them to the public. This helps 

them to release a better product and increase their overall 

profit. News channels during elections take opinions from the 

public on different political parties and forecast the outcome 

using sentiment analysis. A significant amount of data 

managed by companies helps them make real-time decisions 

when analyzed properly. 

Anshul et al. explored the application of machine learning 

(ML) algorithms in human activity classification.[2] They 

focused on the performance evaluation of popularly used ML 

methods namely k-nearest neighbor (KNN), support vector 

machine (SVM), logistic regression, etc. They observed that 

the kernel SVM outperformed the other methods. Harsh et al. 

performed sentiment analysis of movie reviews by using ML 

techniques like logistic regression, Naïve Bayes (NB), and 

SVM. They obtained the highest accuracy for SVM.[3] 

In general, movies are liked by all irrespective of the age. 

Whenever we watch a movie at a theater or a television series 
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at home, we tend to feel something about the show, good or 

bad. We can call this a sentiment of an individual attached to 

a particular item or thing. The present work focuses on 

inferring whether a movie is “good” or “bad” based on review 

comments given by viewers. This information could help other 

interested viewers decide whether to watch a particular movie 

or not. 

Several efforts were made to analyze online opinions based 

on the review comments given by viewers. A modified Naïve 

Bayes algorithm was proposed to analyze Twitter sentiments.[4] 

A sentence-level approach is followed, and a sentiment score 

is assigned to the tweets for analysis.[5] Different opinions 

given by the customers on the service provided by the 

restaurant are analyzed based on feature-based opinion 

mining.[6] An overview of different approaches used for 

analyzing the sentiments is presented.[7] The information 

regarding sentiment analysis from the perception of opinion 

mining is discussed along with the open research questions.[1] 

Nagamma et al. attempted to analyze the correlation between 

the movie's revenue and online reviews.[8] They used the fuzzy 

clustering technique for testing. Wankhede et al. designed an 

approach to classify the movie into three different polarities 

by inspecting the sentiment in the textual document.[9] Singh 

et al. proposed a feature-based, aspect-level method to 

investigate movie reviews.[10-11] Tripathi et al. used different 

feature selection techniques to analyze reviews for Indian 

movies.[12] Sahu et al. presented an approach for movie rating 

that uses feature selection.[13] Yan et al. considered various 

review-related factors like timeliness, length, etc.[14] Sunil et al. 

used a neural network structure for sentiment analysis.[15] 

Wang used ML-based sentiment analysis of movie reviews by 

considering a case study of “Beyond the Clouds”.[16] Suresh et 

al. analyzed movie reviews using ML techniques and observed 

the highest accuracy for linear SVC.[17]  

Much of the work proposed by various authors, as 

mentioned above, predicts whether a particular movie will be 

a hit using different parameters. However, the present work 

aims to provide information regarding whether a movie is 

“good” or “bad,” as determined by reviews. 

 

2. Methodology 

Fig. 1 outlines the steps in the current study. Reviews are 

stored in a database, and are transformed to categorical 

variables by one-hot encoding. English stop words are 

removed to eliminate non-informative data, and the Porter 

algorithm[18] reduces words to their stems, decreasing 

vocabulary size and improving the results for small datasets. 

The term frequency (Tf) denotes the count of a particular term 

in a document. Inverse document frequency (idf) is calculated 

by taking the logarithm of the ratio between the total 

documents in the dataset and the number of documents that 

contain the word.[19] Count vectorizer tokenizes text data and 

encodes it into a sparse matrix of word count. In contrast, the 

Tf-idf vectorizer assesses the importance of words by 

combining Tf and idf. Principal component analysis (PCA) is 

an unsupervised algorithm that reduces the number of 

dimensions by identifying principal components that preserve 

the required information for further processing. Various ML 

techniques are applied to the outcome of the PCA.  

ML algorithms take a vast amount of labeled data as input 

and try to analyze it. ML algorithms allow the computer 

system to learn and improve continuously based on the data. 

We have chosen five distinct algorithms to analyze movie 

reviews, each of which is briefly described below. KNN is a 

classification algorithm that classifies data based on ‘k’ nearest 

neighbors. The ANN method is usually used to learn patterns 

from the given dataset. Random forest is a robust method and 

generates multiple decision trees during the training period 

and considers the mean value of individual trees to provide 

a final prediction. SVM uses hyperplanes to separate data into 

classes. Naïve Bayes is a well-known probabilistic-based text 

classifier model having 3 types – Gaussian, Multinomial, and 

Bernoulli - based on data distribution. 

The analysis and findings of our experiment have been run 

on Lenovo Legion Y520 using Python 3.6.5. The major 

packages and libraries used are Scikit-learn, Natural Language 

ToolKit, Keras, Numpy, and Pandas. To evaluate the classifier 

accuracy, we followed an 80:20 train/test split on the 

datasets and performed the k-fold validation to verify the 

results further. K-fold validation is a statistic used to assess 

models in ML. The method splits the entire dataset into ‘k’ 

subsets, or folds. Each iteration uses ‘k-1’ folds for training, 

while the remaining fold is used for testing, ensuring that each 

fold serves as a test set exactly once. This repeated procedure 

provides a better performance metric and less dependence on 

the single train-test split, perfect for small datasets where any 

data usage needs to be maximized. 

The k-fold validation is performed to assess the robustness 

of ML techniques, where k-values vary from 1 to 10. The final 

metric is the mean value of the k iterations, providing a more 

consistent and stable estimate of the model’s generalization 

ability. This technique reduces the possibility of model 

overfitting and is applied to artificial neural networks (ANN), 

KNN, SVM, random forest, and Naïve Bayes, to ensure 

reliability. The data subsets of K-Fold Cross-Validation avoid 

overfitting by cross-validating across different subsets of data, 

which would prevent overfitting against a specific subset. 

Implementing this on models, such as ANN, KNN, SVM, 

random forest, and Naïve Bayes, K-cross-validation can 

ensure the generalizability of the respective models. Iterative 

training on different subsets may mean that every model is 

experimented with varying conditions, promoting 

generalizability and increasing the likelihood of a measure of 

reliability and performance as applied to unseen data. 

 

3. Results and discussion 

3.1 Data and hyperparameters 

The current work considered 3 standard data sets. Dataset v1.0: 

movie review documents labeled by overall sentiment polarity, 

and sentences labeled by subjectivity status or polarity. It has 
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Fig. 1: Flowchart depicting workflow. 

 

an equal number (5331) of positive and negative sentences.[20] 

Dataset v2.0 is a movie review document with 1000 reviews 

for each positive and negative, respectively.[19] Dataset v3.0 is 

a dataset for binary sentiment classification, a set of 25,000 

movie reviews for training and 25,000 for testing.[21]  

Entropy is used as the criteria for the random classifier. 

Radial basis function (RBF) is used for kernel SVM with 

random state set as 1 and degree as 2. The number of neighbors 

is set to 12, with Minkowski distance as the metric for KNN. 

64 neurons (Relu) are set as hidden layers with Adam as an 

optimizer. The number of epochs is set to 10 with a batch size 

of 32. ANN kernel initializer is set to “glorot uniform” with 

Relu as an activation function. 

 

3.2 Data pre-processing 

The dataset is initially loaded, and the contents of each file are 

appended into a list called dataset followed by storing the label 

of each file in a separate list – labels. The English stop words 

are removed by using the NLTK library. These words are non-

informative and are probably overheads. The Porter stemming 

algorithm removes all the suffixes from the words. Words that 

have a common stem usually have the same meanings. It helps 

to reduce the vocabulary size and thus improves the results for 

small datasets. 

 

3.3 Scores for count vectorizer 

The results of various classification algorithms on the dataset 

using a count vectorizer are shown in Table 1, Table 2, and 

Table 3. The settings slightly differ from one another in 

various versions: version 2 limits the max features to 1,500, 

while for version 1, the features are 2,500 with n-grams (0, 4) 

and with binary set to True. Version 3 uses a balanced 

approach but performs fine-tuning of parameters.  

It is observed that Kernel SVM generates the best result 

compared to other methods, raising the mean accuracy to 85% 

and 86%, respectively, for dataset v2.0 and Sentence Polarity 

v3.0. Surprisingly enough, the performance of ANN and NB 

is as good as Kernel SVM for v1.0. However, it is observed 

that Kernel SVM is consistent with a better performance for 

all data sets. Fig. 2, Fig. 3, and Fig. 4 depict the precision, 

recall, F1 score, accuracy with 80:20 train and test ratio, and 

mean accuracy by considering k-fold validation where k is 10 

for v3.0, v2.0, and v1.0 data sets in order. 

 

3.4 Scores for Tf-idf vectorizer 

The Tf-idf vectorizer plays a critical role in ranking the feature 

importance in the corpus across the versions of the Sentence 

Polarity dataset. In v1.0, we limited the maximum number of 

features to 2500 and utilized L2 normalization, while limiting 

the number of features to 1500 and using L1 normalization for 

the second version. For v3.0, the same feature restriction and 

normalization method as v2.0 were applied. 

As we can observe from Table 4, ANN and Kernel SVM 

give the best result with a mean accuracy of 86 % and 85%, 

respectively. 4 layers of the neural network are used with 

glorot uniform as the kernel initializer and Relu as the 

activation function. NB and the Kernal SVM outperformed the 

other methods for v1.0 as shown in Table 5. The Kernel SVM 

and ANN have superior performance on v3.0 as shown in 

Table 6. 
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Table 1: Analysis of various algorithms on sentence polarity V2.0 using count vectorizer. 

Algorithm Precision Recall  F1 Score Accuracy (80:20) K-fold Mean Accuracy 

Random Forest 0.57 0.76 0.65 0.76 0.68 

ANN 0.74 0.84 0.79 0.78 0.84 

Gaussian NB 0.69 0.81 0.74 0.72 0.72 

Multinomial NB 0.80 0.82 0.81 0.81 0.80 

Bernoulli NB 0.70 0.78 0.74 0.73 0.76 

KNN 0.54 0.86 0.67 0.58 0.55 

SVM 0.86 0.77 0.81 0.82 0.80 

Kernel SVM 0.86 0.77 0.81 0.82 0.85 

Table 2: Analysis of various algorithms on sentence polarity V1.0 using count vectorizer. 

Algorithm  Precision Recall  F1 Score Accuracy (80:20) K-fold Mean Accuracy 

Random Forest  0.72 0.71 0.71 0.70 0.61 

ANN  0.74 0.80 0.77 0.75 0.73 

Gaussian NB  0.78 0.65 0.71 0.72 0.70 

Multinomial NB  0.74 0.74 0.74 0.74 0.74 

Bernoulli NB  0.63 0.63 0.63 0.63 0.74 

KNN  0.75 0.51 0.35 0.51 0.63 

SVM  0.70 0.69 0.69 0.68 0.70 

Kernel SVM  0.76 0.74 0.75 0.74 0.73 

Table 3: Analysis of various algorithms on sentence polarity V3.0 using count vectorizer. 

Algorithm Precision Recall  F1 Score Accuracy (80:20) K-fold Mean Accuracy 

Random Forest 0.78 0.77 0.77 0.77 0.78 

ANN 0.84 0.84 0.84 0.84 0.84 

Gaussian NB 0.76 0.75 0.75 0.75 0.76 

Multinomial NB 0.83 0.83 0.83 0.83 0.84 

Bernoulli NB 0.84 0.84 0.84 0.83 0.84 

KNN 0.68 0.62 0.58 0.61 0.65 

SVM 0.85 0.84 0.84 0.84 0.82 

Kernel SVM 0.85 0.83 0.84 0.84 0.85 

 
Fig. 2: Sentence polarity v3.0 using count vectorizer. 
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Fig. 3: Sentence polarity v2.0 using count vectorizer. 

Table 4: Analysis of various algorithms on sentence polarity V2.0 using Tf-idf vectorizer. 

Algorithm Precision Recall  F1 Score 
Accuracy 

(80:20) 
K-fold Mean Accuracy 

Random Forest 0.68 0.67 0.67 0.67 0.68 

ANN 0.94 0.89 0.91 0.92 0.86 

Gaussian NB 0.77 0.77 0.76 0.77 0.74 

Multinomial NB 0.79 0.79 0.79 0.79 0.78 

Bernoulli NB 0.79 0.79 0.79 0.79 0.80 

KNN 0.71 0.71 0.70 0.71 0.67 

SVM 0.85 0.83 0.84 0.84 0.80 

Kernel SVM 0.85 0.83 0.84 0.84 0.85 

 
Fig. 4: Sentence polarity v1.0 using count vectorizer. 
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Table 5: Analysis of various algorithms on sentence polarity V1.0 using Tf-idf vectorizer. 

Algorithm Precision Recall  F1 Score 
Accuracy 

(80:20) 
K-fold Mean Accuracy 

Random Forest 0.71 0.71 0.71 0.70 0.59 

ANN 0.75 0.75 0.75 0.75 0.72 

Gaussian NB 0.75 0.69 0.72 0.72 0.70 

Multinomial NB 0.75 0.75 0.76 0.75 0.74 

Bernoulli NB 0.75 0.75 0.75 0.75 0.74 

KNN 0.75 0.51 0.35 0.51 0.53 

SVM 0.71 0.71 0.70 0.69 0.70 

Kernel SVM 0.77 0.73 0.75 0.74 0.73 

Table 6: Analysis of various algorithms on sentence polarity V3.0 using Tf-idf vectorizer 

Algorithm Precision Recall  F1 Score 
Accuracy 

(80:20) 
K-fold Mean Accuracy 

Random Forest 0.78 0.78 0.78 0.77 0.78 

ANN 0.86 0.86 0.86 0.85 0.86 

Gaussian NB 0.80 0.80 0.80 0.79 0.79 

Multinomial NB 0.84 0.86 0.85 0.84 0.85 

Bernoulli NB 0.85 0.85 0.85 0.84 0.84 

KNN 0.69 0.68 0.67 0.68 0.67 

SVM 0.85 0.85 0.85 0.85 0.82 

Kernel SVM 0.86 0.86 0.86 0.86 0.86 

Fig. 5, Fig. 6, and Fig. 7 depict the precision, recall, f1-score, 

accuracy with 80:20 train and test ratio, and mean accuracy by 

considering k-fold validation where k is 10 by considering 

v3.0, v2.0, and v1.0 data sets, respectively. 

 

3.5 Comparison and validation 

The performance of SVM is better than that of other ML 

methods used in this study as it is suitable for small data sets 

and robust against overfitting. The Naïve Bayes is usually 

preferred for text classification. It performs equally well 

compared to SVM, and its results are closer to SVM. ANN 

also gives promising results. However, it is computationally 

extensive. The random forest is an ensemble method and 

hence slow compared to other methods. Its strength lies in 

handling large data sets, and it might not have produced better 

results due to the smaller data sets considered in this study. 

The recall obtained in KNN is good, but its low precision 

results in a low accuracy. 

We considered a few recent works that used the same data 

sets and similar methods to validate our results. Maulana et al. 

tried to improve the accuracy of sentiment analysis for movie 

reviews with SVM based on information gain.[22] They used 

RBF kernel and 10-fold cross-validation. They attained an 

accuracy of 83% for v2.0, and 86% for v3.0. The accuracy of 

NB was 81% for both the data sets while KNN showed 56% 

for v2.0 and 61% for v3.0. 

Sharma et al. used ML to analyze movie review sentiments 

and observed the highest accuracy of 73% for SVM, and 71% 

for NB by considering v3.0.[3] Table 7 and Table 8 show the 

accuracy obtained in this paper and the accuracies observed by 

Maulana et al.[22] and Sharma et al.[3] by considering the 

common method. This highlights that the results observed in 

our methods are better than the existing work. 

Table 7: Result comparison. 

ML method Maulana et al.[22] Our results 

RBF Kernel SVM  

 

0.83 (v2.0) 

0.86 (v3.0) 

0.85 (v2.0) 

0.86 (v3.0) 

KNN 

 

0.56 (v2.0) 

0.61 (v3.0) 

0.67 (v2.0) 

0.67 (v3.0) 

Table 8: Result comparison. 

ML method Harsh Sharma et al.[3] Our results 

SVM  0.73 (v3.0) 0.85 (v3.0) 

 

4. Conclusions 

Many researchers have proposed various models by 

considering reviews. The present work analyzes the traditional 

ML techniques on the movie review dataset. The data was pre-

processed, and sentence-level polarity was determined. The 

reviews were categorized as positive and negative polarity, 

and the movies were classified as good or bad by referring to 

these polarities. The kernel SVM method gives a better 

accuracy than other techniques for determining polarity using 

count vectorizer and Tf-idf. The accuracy of KNN is not as 

expected as it depends on the value of k. There is a scope to 

improve the KNN results by analyzing various values of k and 

different distance measures. Also, people have different ways 

of writing while sharing their reviews. This might have  
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Fig. 5: Sentence polarity v3.0 using Tf-idf vectorizer. 

 
Fig. 6: Sentence polarity v2.0 using Tf-idf vectorizer. 

 
Fig. 7: Sentence polarity v1.0 using Tf-idf vectorizer. 
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introduced variance in the data and KNN may not be suitable 

for data with variance. The traditional ML methods are less 

prone to overfitting and are better generalized, given a small 

data set, like movie reviews considered in this paper. We 

observed good results for data sets v2.0 and v3.0. However, 

v1.0 results are not encouraging compared to the other 2 data 

sets though class distribution is symmetric. A hybrid model 

with various ML techniques may be regarded to check for 

possible accuracy improvement. Also, other NLP techniques 

can be explored to design a better classifier model as part of 

future work. A generalized model may be developed that 

considers cross-domain reviews like product reviews, tourist 

place reviews, hotel reviews, etc., and is not limited to only 

movie reviews. A larger corpus may be considered and recent 

transformer-based models like BERT and its variants can be 

used to analyze sentiments. 
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