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ABSTRACT 
Purpose – The rapid growth of online movie platforms has produced large 
volumes of user reviews that contain valuable audience opinions. However, 
manual review analysis is inefficient. This study aims to develop a web-based 
sentiment analysis application using TF-IDF feature representation and the 
Multinomial Naïve Bayes algorithm to classify movie reviews into positive and 
negative sentiments. 
Methods – The model was trained and evaluated using the IMDb 50K Movie 
Reviews dataset with an 80:20 train–test split. An additional 600 reviews from 
six different movies were used to demonstrate application-level implementation. 
Text preprocessing included cleaning, lowercase normalization, tokenization, 
stopword filtering, and lemmatization using Natural Language Processing 
techniques. The processed texts were transformed into TF-IDF vectors and 
classified using Multinomial Naïve Bayes with the default smoothing parameter 
(α = 1.0). The trained model was deployed in a Flask-based web application for 
interactive sentiment prediction. 
Findings – The model achieved an accuracy of 84.93%, with precision, recall, and 
F1-score showing relatively balanced performance across positive and negative 
classes. The web application successfully classified movie reviews and displayed 
sentiment distributions through an interactive interface. 
Research implications – The findings indicate that lightweight machine 
learning methods can support practical web-based sentiment analysis with low 
computational demands. However, performance may decline when processing 
sarcasm, irony, or implicit contextual meaning. 
Originality – This study combines benchmark evaluation with web-based 
validation using 600 additional real-world movie reviews, demonstrating 
practical applicability beyond dataset-level testing. 
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INTRODUCTION  

The growing popularity of digital movie platforms has resulted in a large volume of user-contributed 
reviews being published on websites such as IMDb and Rotten Tomatoes. These reviews contain 
valuable information reflecting audience opinions, experiences, and satisfaction with movies, making 
them an important source of feedback for both viewers and content producers [1], [2]. However, the 
continuously growing volume of textual reviews makes manual analysis inefficient and time-
consuming, particularly when timely insights into public opinion are required [3]. Consequently, 
Natural Language Processing (NLP) techniques have become widely adopted to automatically 
analyze textual information and identify sentiment patterns from large collections of user reviews 
[4], [5]. 

Sentiment analysis has attracted considerable attention in recent years because it enables 
researchers to derive meaningful insights from text data that are naturally unstructured. Various 
machine learning algorithms have been applied to sentiment classification tasks, among which 
Multinomial Naïve Bayes remains one of the most widely used approaches due to its computational 
efficiency and satisfactory performance on high-dimensional text data [6], [7]. In parallel, deep 
learning models such as Long Short-Term Memory (LSTM) have demonstrated promising 
capabilities in capturing contextual relationships among words and sentences, although these 
methods generally require greater computational resources and more complex training procedures 
[8], [9], [10]. Furthermore, advances in web technologies have also enabled sentiment analysis 
models to be deployed as interactive applications capable of producing interactive sentiment 
prediction [11]. 

Previous studies have reported competitive performance for Support Vector Machine (SVM) in 
classifying IMDb movie reviews [12]. Other research has shown that combining machine learning 
techniques with emotion analysis can further improve sentiment identification [13]. Comparative 
evaluations between Naïve Bayes and SVM indicate that the effectiveness of each algorithm depends 
on the characteristics of the dataset and the intended application [14]. Nevertheless, Multinomial 
Naïve Bayes continues to be an attractive choice because of its simplicity, scalability, and 
effectiveness when processing sparse textual representations [15]. These characteristics make it 
particularly suitable for sentiment classification tasks involving large volumes of online reviews [16]. 

Feature representation also plays an essential role in determining classification performance. Among 
various text representation methods, Term Frequency–Inverse Document Frequency (TF-IDF) is 
commonly employed to assign weights to terms according to their importance within documents and 
across the corpus [17]. Before feature extraction, preprocessing operations such as data cleaning, 
case folding, tokenization, stopword removal, and lemmatization are typically performed to reduce 
noise and improve text quality [18], [4]. Previous research has demonstrated that appropriate 
feature weighting and preprocessing strategies can substantially enhance classification accuracy 
[19]. Furthermore, the combination of TF-IDF and Multinomial Naïve Bayes has consistently 
produced reliable results in sentiment analysis applications involving opinion mining and textual 
reviews [20], [21]. 

Although previous studies have demonstrated that both machine learning and deep learning 
techniques can achieve promising performance in movie review sentiment classification [12], [13],  
[14], [15], most of them primarily emphasize predictive accuracy or algorithm comparison. Several 
studies have also implemented sentiment analysis within Flask-based web applications; however, 
these implementations commonly rely on computationally intensive deep learning models or focus 
on specific analytical objectives, such as emotion detection or genre-based analysis, with limited 
attention to lightweight deployment, implementation reproducibility, and practical software 
evaluation [11], [16]. Consequently, there remains a need for a web-based sentiment analysis 
framework that combines efficient text representation, computationally efficient classification, 
systematic software implementation, and practical deployment while maintaining reliable predictive 
performance. 
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Based on this research gap, this study develops a web-based sentiment analysis system for English 
movie reviews by integrating TF-IDF feature representation with the Multinomial Naïve Bayes 
algorithm within a Flask framework. Unlike many previous studies that primarily emphasize model 
evaluation, this research combines sentiment classification, practical software implementation, 
functional testing, and application deployment within a single operational framework. The model 
was trained and evaluated using the IMDb 50K Movie Reviews dataset and further demonstrated 
using 600 manually collected IMDb reviews. The proposed framework is expected to provide an 
efficient and reproducible reference for lightweight web-based sentiment analysis applications. 

The remainder of this paper is organized as follows. Section II presents the methodology. Section III 
discusses the experimental results and system implementation. Finally, Section IV concludes the 
study and outlines future work. 

METHOD 

Research Design 

This research adopted the System Development Life Cycle (SDLC) framework as the overall software 
development methodology for developing a web-based sentiment analysis system for IMDb movie 
reviews. This study employs the SDLC framework because the research aims not only to construct a 
sentiment classification model but also to transform the trained model into an operational web 
application. Since the objective of this study includes both machine learning model development and 
software implementation, SDLC was adopted to manage the complete software engineering process 
rather than only the predictive modeling process. In this study, the SDLC framework served as a 
structured guideline for organizing the research workflow, encompassing literature review, data 
collection, data processing, model development, model evaluation, and system implementation. 
Therefore, SDLC was employed to ensure that each development stage was conducted systematically 
from problem identification to application deployment [22].  

Within the proposed SDLC workflow, machine learning techniques were incorporated during the 
data processing, model development, and evaluation activities before the trained model was 
integrated into the web application. The proposed system employs the Multinomial Naïve Bayes 
algorithm to classify movie reviews into positive and negative sentiment categories. Prior to 
classification, the review texts underwent several Natural Language Processing (NLP) procedures, 
including text cleaning, lowercase normalization, tokenization, stopword removal, and 
lemmatization. The processed texts were subsequently transformed into Term Frequency–Inverse 
Document Frequency (TF-IDF) feature vectors before model training [3], [4], [5]. After the 
classification model was trained and evaluated, it was deployed using the Flask framework to provide 
interactive sentiment prediction through a web-based interface [6].  

Figure 1. Research workflow implemented within the SDLC framework. 

Figure 1. illustrates the research workflow implemented within the adopted SDLC framework. The 
process begins with a literature review to identify research gaps and define system requirements, 
followed by data collection and preprocessing, model development using TF-IDF and Multinomial 
Naïve Bayes, model evaluation, and finally implementation of the trained model into a Flask-based 
web application [22]. 
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Table 1. Research Workflow within the SDLC Framework 
Workflow Stage Activities Performed in This Study 
Literature Review Review previous studies, identify research gaps, define research objectives, 

and determine system requirements. 
Data Collection Collect the IMDb 50K Movie Reviews dataset for model development and an 

additional 600 manually collected IMDb reviews for application-level 
demonstration. 

Data Processing 
(Preprocessing + TF-IDF) 

Perform text cleaning, case folding, tokenization, stopword removal, 
lemmatization, and TF-IDF feature extraction. 

Multinomial Naïve Bayes 
(Model Development) 

Train the classifier using the training dataset and serialize the trained model 
and TF-IDF vectorizer for deployment. 

Model Evaluation Evaluate the trained model using the testing dataset through confusion matrix 
analysis, accuracy, precision, recall, F1-score, five-fold stratified cross-

validation, and computational performance measurement. 
System Implementation Integrate the trained model into a Flask-based web application, implement 

the user interface, perform functional testing, and deploy the application in a 
local environment. 

Table 1. summarizes the research activities performed throughout the SDLC-based development 
process. The SDLC served as the overall software engineering framework for organizing the 
development of the proposed web-based sentiment analysis application. Within this framework, the 
machine learning pipeline including text preprocessing, TF-IDF feature extraction, model 
development, model evaluation, and deployment was integrated into the software development 
lifecycle to ensure that both the classification model and the application were systematically 
developed and evaluated [22]. 

Literature Review 

As the initial activity within the proposed SDLC-based research workflow, a literature review was 
conducted to identify previous studies related to sentiment analysis, TF-IDF, Multinomial Naïve 
Bayes, and web-based sentiment analysis systems [5]. This stage also identified limitations in earlier 
research, particularly studies that primarily focused on model development without integrating API-
based services into practical applications [7]. The findings obtained from this review served as the 
foundation for defining the system requirements, formulating the research problem, and establishing 
the objectives of the proposed web-based sentiment analysis system. 

Data Collection 

This study employed two complementary datasets to support both sentiment classification model 
development and application-level evaluation. The primary dataset was the IMDb 50K Movie 
Reviews dataset, which contains 50,000 English-language movie reviews labeled as either positive 
or negative. This publicly available benchmark dataset was used for training and evaluating the 
sentiment classification model [1], [13]. In addition, a supplementary dataset consisting of 600 movie 
reviews was collected to assess the practical performance of the developed web-based application 
under real-world conditions [6]. 

The IMDb 50K Movie Reviews dataset was selected because it is one of the most widely used 
benchmark datasets for sentiment analysis research. Its balanced distribution of positive and 
negative reviews enables objective evaluation of classification models while facilitating comparison 
with previous studies employing the same benchmark dataset [13], [14]. For model development, 
the dataset was divided into 80% training data and 20% testing data using the train_test_split() 
function with random_state = 42 to ensure reproducibility throughout the model training and 
evaluation process. 
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To complement the benchmark evaluation, an additional dataset comprising 600 user reviews was 
manually collected from publicly available user review pages on the IMDb website between October 
and November 2025. The reviews were obtained from six selected movies, namely The Dark Knight, 
Cats (2019), Barbie (2023), Joker (2019), The Emoji Movie, and Spirited Away, with 100 randomly 
selected reviews collected from each movie. These six movies were intentionally selected to 
represent diverse sentiment characteristics, including predominantly positive, predominantly 
negative, and relatively balanced audience responses. The reviews were manually collected without 
utilizing an Application Programming Interface (API) or automated web-scraping techniques. Unlike 
the IMDb 50K dataset, the additional reviews were not used for model training. Since these reviews 
did not contain ground-truth sentiment labels, they were not used to calculate quantitative 
evaluation metrics such as accuracy, precision, recall, or F1-score. Instead, they were employed to 
assess the practical implementation of the developed web-based application by demonstrating its 
ability to classify previously unseen movie reviews under real-world usage conditions [6]. 

All datasets were stored in CSV and XLSX file formats to facilitate data organization, preprocessing, 
feature extraction, model development, and integration with the Flask-based web application. The 
structured dataset organization also supported reproducibility by enabling consistent data 
processing throughout the entire research workflow. 

All movie reviews used in this study were obtained from publicly accessible sources on the IMDb 
platform. The collected reviews were utilized exclusively for academic research purposes and were 
analyzed in aggregated form without attempting to identify, contact, or disclose any personal 
information related to individual users. Consequently, the research did not involve human 
participants or require access to private or confidential data. 

Data Processing 

Before feature extraction and sentiment classification, all movie reviews underwent a series of 
preprocessing procedures to improve data consistency and reduce textual noise. The preprocessing 
pipeline consisted of data cleaning, case folding, tokenization, stopword removal, and lemmatization. 
These procedures were implemented in Python 3.12 using the Natural Language Toolkit (NLTK 
version 3.9.1) for tokenization, stopword removal, and lemmatization, BeautifulSoup4 (version 
4.13.5) for HTML tag removal, and Python's Regular Expression (re) library for text normalization 
[4], [5], [17].  

Data Cleaning 

HTML tags were removed using BeautifulSoup, while numbers, punctuation, emojis, and special 
characters were eliminated using regular expression (regex) operations. This process reduced 

textual noise and generated cleaner review texts for subsequent preprocessing stages [4], [17]. 

Table 2. Data Cleaning 
Before After 

“Amazing movie!!!            10/10 
#bestmovieever” 

“Amazing movie best movie ever” 

Case Folding 

Case folding standardized text by converting all characters into lowercase, ensuring that words 
differing only in letter case were treated as identical features during classification [18]. 

Table 3. Case Folding 
Before After 

“Amazing Movie” “amazing movie” 
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Tokenization 

Each review was segmented into individual words using the word_tokenize() function provided by 
NLTK, producing tokens used for feature extraction and sentiment classification [18]. 

Table 4. Tokenization 
Before After 

“amazing Movie” [“amazing”, “movie”] 

Stopword Removal 

Common English stopwords with limited semantic contribution were removed using the NLTK 
stopword corpus, reducing feature dimensionality while preserving informative terms for sentiment 

classification [4], [18]. 

Table 5. Stopword Removal 
                                  Before       After 
         “this","is","an","amazing","movie” “amazing movie” 

Lemmatization 

The remaining tokens were normalized using WordNetLemmatizer, which converts inflected words 
into their base forms to reduce vocabulary variation and improve feature consistency [4], [18]. 

Table 6. Lemmatization 
Before After 

“movies“, “amazing“, “watching” “movie“, “amazing“, “watch” 

From an implementation perspective, these preprocessing procedures standardized the textual data 
before TF-IDF feature extraction, producing more consistent feature representations for sentiment 
classification using the Multinomial Naïve Bayes algorithm [4], [17], [18]. No explicit negation 
handling strategy was applied during preprocessing. Negation terms such as "not" and "never" were 
preserved as independent tokens and represented through TF-IDF weighting. 

The identical preprocessing pipeline was consistently applied during both the model training phase 
and the web-based prediction process. Applying the same sequence of preprocessing operations 
ensured that the textual features generated during deployment remained compatible with those 
learned by the trained classification model. 

TF–IDF Feature Extraction 

Following the preprocessing stage, the cleaned review texts were transformed into numerical feature 
vectors using the Term Frequency–Inverse Document Frequency (TF-IDF) weighting scheme. TF-IDF 
emphasizes informative terms by assigning higher weights to words that frequently occur within a 
document while reducing the influence of terms that appear across many documents, thereby 
generating more representative features for sentiment classification [5], [19]. 

In this study, the TfidfVectorizer implementation provided by the Scikit-learn library(version 1.6.1) 
was employed with max_features = 5000, while the remaining parameters were kept at their default 
values (min_df = 1, max_df = 1.0, and ngram_range = (1,1)). This configuration retained up to 5,000 
informative textual features for model training. The vectorizer was fitted exclusively on the training 
dataset using the fit_transform() function, whereas the testing dataset was transformed using the 
transform() function. This approach prevented information leakage from the testing dataset and 
ensured an unbiased evaluation of the classification model [5]. 
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The unigram configuration (ngram_range = (1,1)) was selected to maintain a compact feature space 
and reduce computational complexity while preserving the lightweight characteristics of the 
proposed web-based application. Although higher-order n-grams may capture additional contextual 
information, unigram features have been widely adopted in Multinomial Naïve Bayes text 
classification because they provide an effective balance between predictive performance and 
computational efficiency [5], [17]. 

Although unigram features cannot explicitly capture polarity inversion in expressions such as "not 
good", they were Intentionally adopted to preserve computational efficiency and maintain a 
lightweight deployment architecture. 

The resulting sparse TF-IDF feature matrix served as the numerical representation of the review 
texts and was subsequently used as input for training and evaluating the Multinomial Naïve Bayes 
classifier. 

𝑻𝑭(𝒕, 𝒅) =
𝒇𝒕,𝒅

∑ 𝒇𝒌,𝒅𝒌
  (1) 

𝑫𝑭(𝒕) =
𝑵𝒕

𝑵
  (2) 

𝑰𝑫𝑭(𝒕) = 𝐥𝐨𝐠 (
𝑵

𝑫𝑭(𝒕)
) (3) 

𝑻𝑭-𝑰𝑫𝑭(𝒕, 𝒅) = 𝑻𝑭(𝒕, 𝒅) × 𝑰𝑫𝑭(𝒕) (4) 

Model Development (Multinomial Naïve Bayes) 

The TF-IDF feature vectors generated during the feature extraction stage were subsequently used as 
input for the Multinomial Naïve Bayes classifier. The IMDb 50K Movie Reviews dataset was divided 
into 80% training data and 20% testing data using the train_test_split() function with a fixed random 
state of 42 to ensure reproducibility during model development and evaluation. The classifier was 
implemented using the MultinomialNB algorithm from the Scikit-learn library with the default 
smoothing parameter (α = 1.0). After the training process was completed, both the trained 
classification model and the TF-IDF vectorizer were serialized and stored as .pkl files using the Joblib 
library to facilitate integration with the Flask-based web application [3], [6], [8]. 

Multinomial Naïve Bayes applies Bayes' theorem to estimate the probability that a document belongs 
to a particular sentiment class based on the extracted textual features. The posterior probability is 
formulated as follows: 

𝑷(𝑪|𝒅) =
𝑷(𝒅|𝑪)𝑷(𝑪)

𝑷(𝒅)
  (5) 

Since (P(d)) remains constant for all classes, the classification process can be simplified as: 

𝑷(𝑪|𝒅) ∝ 𝑷(𝒅|𝑪) 𝑷(𝑪) (6) 

Assuming conditional independence among words (the naïve assumption), the probability of a 
document given a class is calculated as: 

𝑷(𝒅|𝑪) = ∏ 𝑷(𝒘𝒊|𝑪)𝒏
𝒊=𝟏  (7) 

For the Multinomial Naïve Bayes model, the conditional probability of each word is computed using 
Laplace smoothing: 

𝑷(𝒘𝒊|𝑪) =
𝑵𝒘𝒊,𝑪 

+𝟏

𝑵𝑪+|𝑽|
 (8) 
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Model Evaluation 

The performance of the proposed sentiment classification model was evaluated using the testing 
dataset through a confusion matrix and several standard classification metrics, namely accuracy, 
precision, recall, and F1-score. These evaluation metrics were computed using the Scikit-learn 
evaluation library by comparing the predicted sentiment labels with the corresponding ground-truth 
labels [12], [13]. 

Table 7. Confusion Matrix 
 Predicted 

Positive 
Predicted 
Negative 

Actual 
Positive 

True 
Positive 

False 
Negative 

Actual 
Negative 

False 
Positive 

True 
Negative 

The confusion matrix summarizes the numbers of TP, TN, FP, and FN, which form the basis for 
assessing the classification performance of the proposed model. 

Accuracy: 

𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
 (9) 

Precision: 

𝑻𝑷

𝑻𝑷+𝑭𝑷
  (10) 

Recall: 

𝑻𝑷

𝑻𝑷+𝑭𝑵
 (11) 

F1-Score: 

𝟐 ×
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏×𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝑹𝒆𝒄𝒂𝒍𝒍
 (12) 

System Implementation 

The final stage involved deploying the trained model through a Flask API by integrating the serialized 
Multinomial Naïve Bayes model (model_naive_bayes.pkl) and the TF-IDF vectorizer 
(vectorizer_tfidf.pkl) into the application backend using the Joblib library [21]. The web application 
accepts movie reviews as user input, performs the same preprocessing and TF-IDF transformation 
applied during model training, and subsequently generates sentiment predictions in JSON format 
[16]. To enhance usability, the user interface was developed using HTML, CSS, and JavaScript, 
enabling users to perform sentiment analysis through a web-based interface [6]. The application was 
deployed and evaluated in a local development environment using the Flask framework, where all 
prediction processes were executed locally without relying on external hosting services or cloud-
based infrastructure. The deployment environment consisted of a laptop equipped with an AMD 
Ryzen 5 PRO 4650U processor, 16 GB RAM, running Python 3.12 with Flask 3.1.0, Scikit-learn 1.6.1, 
NLTK 3.9.1, and BeautifulSoup4 4.13.5. 

RESULTS AND DISCUSSION 

Results 

A sentiment classification model was constructed using the Multinomial Naïve Bayes algorithm with 
TF-IDF feature representation. Model training and testing were conducted on the IMDb 50K Movie 
Reviews dataset using an 80:20 data split. Furthermore, 600 reviews obtained from six selected 
movies were utilized to assess the implementation of the web-based application. 
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Table 8. Model Evaluation Results 
Metric Value 

Accuracy 84.93% 
Precision 0.85 

Recall 0.85 

F1-Score 0.85 

Table 8. presents the evaluation results of the proposed model, which achieved an accuracy of 
84.93%, with precision, recall, and F1-score values of 0.85. The evaluation results indicate balanced 
precision, recall, and F1-score values across both sentiment classes. 

Table 9. Classification Report 
Class Precision Recall F1-Score Support 

Negative 0.85 0.84 0.85 4961 
Positive 0.85 0.85 0.85 5039 

Table 9. summarizes the classification results for the positive and negative sentiment classes. The 
similarity of the precision, recall, and F1-score values across both classes suggests that the model 
performs consistently when handling different sentiment categories. The classification report 
demonstrates that the proposed model achieved relatively balanced performance across both 
sentiment categories. The negative sentiment class obtained a recall value of 0.84, while the positive 
class achieved 0.85. The similarity of these values indicates that the classifier does not exhibit 
substantial bias toward a particular sentiment category. The classification report shows similar 
precision, recall, and F1-score values for both sentiment classes.  

A confusion matrix was used to further assess classification performance. The results show that most 
reviews were correctly classified, although a small number of prediction errors remained. 

Figure 2. Confusion Matrix 

Figure 2. shows that the majority of review instances were correctly classified into their respective 
sentiment categories. The confusion matrix shows that most review instances were correctly 
classified, while a smaller proportion were assigned to incorrect sentiment classes. Based on the 
confusion matrix, the proposed model correctly classified 4,306 positive reviews (True Positive) and 
4,187 negative reviews (True Negative). Meanwhile, 774 negative reviews were incorrectly classified 
as positive (False Positive), and 733 positive reviews were incorrectly classified as negative (False 
Negative). These results indicate that the classifier successfully identified the majority of review 
sentiments while maintaining a relatively balanced number of misclassification errors across both 
sentiment classes. 
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To further assess the robustness of the proposed model, five-fold stratified cross-validation was 
performed using the IMDb 50K Movie Reviews dataset. As presented in Table 10, the proposed 
Multinomial Naïve Bayes classifier achieved a mean accuracy of 0.8522 with a standard deviation of 
0.0035. The corresponding mean precision, recall, and F1-score were 0.8480, 0.8582, and 0.8531, 
respectively. The relatively small standard deviations across all evaluation metrics indicate that the 
proposed model maintained stable classification performance under different data partitions. 

Table 10. Five-Fold Stratified Cross-Validation Results 
Fold Accuracy Precision Recall F1-Score 

1 0.8470 0.8441 0.8512 0.8476 

2 0.8566 0.8520 0.8632 0.8575 

3 0.8531 0.8471 0.8618 0.8546 

4 0.8510 0.8464 0.8576 0.8520 

5 0.8532 0.8503 0.8574 0.8538 

Mean ± Std 0.8522 ± 0.0035 0.8480 ± 0.0031 0.8582 ± 0.0047 0.8531 ± 0.0036 

The cross-validation results demonstrate that the proposed model consistently achieved similar 
classification performance across different folds. Although the primary evaluation based on an 80:20 
train-test split yielded an accuracy of 84.93%, the five-fold cross-validation produced a comparable 
mean accuracy of 85.22%. The relatively small standard deviations across all evaluation metrics 
further indicate that the proposed model maintained consistent predictive performance across 
different data partitions. 

The relatively small standard deviations across all evaluation metrics indicate that the proposed 
classifier maintained stable performance under different data partitions. This suggests that the 
reported classification results were consistent and were not strongly influenced by a particular train-
test split. 

After model deployment, the classification model was deployed within a Flask-based web 
application. System demonstration using 600 movie reviews demonstrated varying sentiment 
distributions across different films. Movies such as The Dark Knight and Spirited Away were 
dominated by positive sentiment, whereas Cats and The Emoji Movie received predominantly 
negative sentiment. In contrast, Barbie and Joker exhibited relatively balanced sentiment 
distributions. 

System Implementation Analysis 

Following model training, the classifier was integrated into a Flask-based web application to 
demonstrate practical sentiment analysis using 600 manually collected IMDb reviews. The 
application successfully processed user inputs, generated sentiment predictions, and visualized 
sentiment distributions across the selected movies, demonstrating the operational feasibility of the 
proposed framework in a web environment 

Figure 3. Main Interface 
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Figure 3 illustrates the main interface of the developed application. The homepage provides access 
to movie selection and sentiment analysis features through a simple web interface designed to 
improve usability. 

Figure 4.  Sentiment Analysis Results 

Figure 4 presents the sentiment analysis results generated by the application after preprocessing, 
TF-IDF transformation, and classification. The interface summarizes the predicted positive and 
negative sentiment distributions for the selected movie reviews. 

Figure 5. Sentiment Distribution Across Movies 

Figure 5. compares sentiment distributions across the six evaluated movies. The visualization 
provides a clear overview of audience responses by presenting the proportions of positive and 
negative reviews for each film. Such visual representation allows users to identify sentiment trends 
more efficiently than manual review analysis and may assist in understanding public opinion 
regarding specific movie titles. 

Figure 6. Sentiment Prediction Interface 

Figure 6. illustrates the review prediction interface used for interactive sentiment prediction. The 
interface allows users to enter movie reviews and obtain sentiment predictions through an 
interactive web-based environment. This functionality demonstrates the practical applicability of the 
proposed framework and highlights how sentiment analysis can be delivered as an operational 
service rather than remaining solely as an experimental model. 

The developed application integrates text preprocessing, TF-IDF feature extraction, and Multinomial 
Naïve Bayes classification within a single Flask-based environment. Submitted reviews are processed 
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automatically through the prediction pipeline, and sentiment results are presented interactively 
through the web interface. These findings demonstrate that lightweight machine learning models can 
be effectively deployed for practical sentiment analysis while maintaining responsive prediction 
performance. 

Overall, the implementation results demonstrate that the proposed system can effectively represent 
public opinion through a web-based sentiment analysis platform. Furthermore, integrating the 
machine learning model into a Flask API provides opportunities for future applications in other 
domains, including product reviews and social media analysis [20], [21]. The successful deployment 
of the model also confirms that lightweight machine learning approaches can be integrated into 
practical applications while maintaining satisfactory predictive performance and efficient response 
process. 

To complement the classification performance evaluation, computational performance was also 
assessed by measuring the prediction latency of the deployed web application. The latency 
measurement was conducted in the local deployment environment by processing 100 movie reviews 
through the Flask API while recording the elapsed processing time required for sentiment prediction. 
This evaluation was performed to examine the responsiveness of the developed application during 
practical use. 

Table 11. Deployment Environment and Latency Measurement 
Metric Value 

Deployment Environment Local Flask API 

Processor AMD Ryzen 5 PRO 4650U 

Memory 16 GB RAM 

Dataset Processed 100 movie reviews 

Average Prediction Time 29.84 ms 

Table 11. summarizes the deployment environment and latency measurement of the developed web-
based sentiment analysis application. The experiment was conducted by processing 100 movie 
reviews using the locally deployed Flask API. The developed application processed 100 movie 
reviews with an average prediction time of 29.84 ms in the evaluated local deployment environment. 
These results indicate that the proposed TF-IDF and Multinomial Naïve Bayes framework provides 
responsive prediction performance while maintaining low computational overhead, supporting its 
suitability for interactive web-based sentiment analysis. 

Functional Testing 

To verify that the developed web-based sentiment analysis application operated correctly, black-box 
functional testing was performed on all major application features. The evaluation covered movie 
search, movie selection, sentiment analysis, visualization, manual prediction, comparison 
functionality, and input demonstration. The testing focused on verifying whether each system 
function produced the expected output from the user's perspective. 

Table 12. Functional Testing Results 
No Function Test Scenario Expected Result Actual Result Status 
1 Homepage Open the web 

application 
Homepage and movie 
selection interface are 
displayed successfully 

Homepage 
displayed 
correctly 

Pass 

2 Movie Search Enter a movie title 
in the search box 

Matching movie is displayed 
according to the entered 

keyword 

Search results 
displayed 
correctly 

Pass 

3 Movie Selection Select one of the six 
available movies 

Selected movie is 
highlighted and ready for 

analysis 

Movie selected 
successfully 

Pass 
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No Function Test Scenario Expected Result Actual Result Status 
4 Movie Sentiment 

Analysis 
Click the Analyze 
Sentiment button 

System analyzes the 
selected movie reviews and 
displays sentiment statistics 

Sentiment 
analysis 

completed 
successfully 

Pass 

5 Sentiment 
Distribution 
Visualization 

Analyze a selected 
movie 

Positive and negative 
sentiment distribution chart 

is displayed correctly 

Chart displayed 
successfully 

Pass 

6 Review-Level 
Sentiment 

Classification 

Analyze a selected 
movie 

Individual reviews with 
predicted sentiment labels 
and confidence scores are 

displayed 

Review 
predictions 
displayed 
correctly 

Pass 

7 Movie 
Comparison 

Select two or more 
movies and click 

Compare 

Comparative sentiment 
chart is generated for the 

selected movies 

Comparison chart 
displayed 

successfully 

Pass 

8 Manual 
Sentiment 
Prediction 

Enter a custom 
movie review and 

click Predict 
Sentiment 

System predicts the 
sentiment of the entered 

review 

Prediction 
displayed 

successfully 

Pass 

9 Empty Input 
Handling 

Submit an empty 
manual review 

Warning message is 
displayed and prediction is 

not executed 

Warning message 
displayed 
correctly 

Pass 

10 Model Loading Start the Flask 
application 

The serialized Multinomial 
Naïve Bayes model and TF-
IDF vectorizer are loaded 

successfully 

Model and 
vectorizer loaded 

successfully 

Pass 

Table 12. summarizes the functional testing results of the developed web application. All evaluated 
features operated according to the expected system requirements. All evaluated functionalities 
operated according to the expected system behavior, indicating that the integration between the 
trained classification model and the Flask-based application was successfully implemented. 

The testing results demonstrate that the integration between the Flask-based web application and 
the trained Multinomial Naïve Bayes model was successfully implemented. User inputs were 
processed correctly through the preprocessing pipeline, TF-IDF feature extraction, and sentiment 
prediction stages before being presented through an interactive web interface. These findings 
indicate that the developed application is functionally reliable for demonstrating web-based 
sentiment analysis of movie reviews. 

Discussion 

The proposed framework achieved an accuracy of 84.93%, demonstrating that TF-IDF feature 
representation combined with the Multinomial Naïve Bayes algorithm can effectively classify English 
movie reviews while maintaining low computational complexity suitable for lightweight web-based 
deployment. 

The balanced precision, recall, and F1-score values observed across both sentiment classes further 
indicate that the classifier did not exhibit a strong tendency to favor either positive or negative 
predictions. This balanced behavior is important for practical sentiment analysis because both 
classes can be identified with comparable reliability. 

The effectiveness of the proposed model is largely attributed to TF-IDF weighting, which emphasizes 
informative terms while reducing the influence of less relevant words. This representation improves 
feature quality and enables balanced sentiment classification without requiring computationally 
intensive deep learning models [5]. 

The obtained accuracy is consistent with previous studies employing Multinomial Naïve Bayes and 
TF-IDF for sentiment classification [14], [15]. Although transformer-based and Support Vector 
Machine approaches generally achieve higher predictive performance [10], [12], [17], they typically 
require greater computational resources. In contrast, the proposed framework offers a practical 
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trade-off between classification accuracy, computational efficiency, and deployment simplicity for 
lightweight web-based sentiment analysis. 

Table 13. Direct Comparison with Previous MNB-Based Studies 

Study Dataset Method Accuracy Precision Recall 
F1-

Score 
Main 

Contribution 

[14] 
IMDb 
50k 

Multinomial 
NB + TF-IDF 

0.8764 0.8879 0.8600 0.8737 

Optimized TF-
IDF-based 

Multinomial 
Naïve Bayes for 
IMDb sentiment 

classification 

[15] 
IMDb 
50k 

Multinomial 
NB 

 

0.8617 0.8613 0.8599 0.8606 

Comparative 
evaluation of 

multiple 
machine 
learning 

classifiers 

This 
Study 

IMDb 
50k 

TF-IDF + 
Multinomial 
NB + Flask 

0.8493 0.8500 0.8500 0.8500 

Lightweight web 
deployment and 
application-level 
demonstration 

using 600 
manually 

collected IMDb 
reviews 

Table 13 shows that although the proposed framework achieved slightly lower accuracy than 
previous Multinomial Naïve Bayes studies, it maintained balanced precision, recall, and F1-score 
values while extending previous work through deployment as a Flask-based web application. The 
additional application-level demonstration using 600 manually collected IMDb reviews further 
highlights that practical web deployment can be achieved without substantially compromising 
classification performance. 

Table 14. Contextual Comparison with Alternative Approaches 

Study Method Accuracy Precision Recall F1-Score 
Main 

Contribution 

[12] 

SVM + TF-
IDF + 

NRCLex 
Emotion 

Detection 

0.9000 0.9000 0.9000 0.9000 

Integration of 
emotion 

detection 
with 

sentiment 
classification 

[15] Linear SVM 0.8948 0.8882 0.9016 0.8949 

Performance 
comparison 

of traditional 
ML classifiers 

[16] 
RoBERTa + 
CNN + Flask 

0.9150 0.9200 0.9200 0.9100 

Deep 
learning with 

contextual 
embeddings 

and 
Interactive 
prediction 

Flask 
deployment 

Table 14. shows that although several machine learning and deep learning approaches achieved 
higher classification performance, the proposed framework offers a practical balance between 
predictive performance, computational efficiency, and deployment simplicity. Rather than focusing 
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solely on benchmark evaluation, this study complements previous work by implementing the trained 
classifier within a Flask-based web application for interactive sentiment prediction. 

To better understand the classification errors, a qualitative analysis was conducted on 75 randomly 
selected misclassified reviews from the IMDb 50K testing dataset. Most errors occurred in reviews 
containing mixed sentiment, where positive and negative opinions appeared simultaneously, making 
the dominant sentiment difficult to determine. Additional errors were associated with long review 
structures, context-dependent expressions, and ambiguous wording, which reduced the 
effectiveness of TF-IDF in representing the overall semantic meaning. Only a few errors involved 
explicit negation. These findings suggest that the primary limitation of the proposed TF-IDF and 
Multinomial Naïve Bayes framework lies in its bag-of-words representation, which does not explicitly 
capture contextual relationships between words. 

This observation reflects a common limitation of frequency-based text classification methods. 
Although TF-IDF effectively identifies important terms, it does not preserve word order or contextual 
relationships between words [18]. Consequently, reviews containing nuanced or context-dependent 
expressions remain challenging to classify accurately, encouraging the adoption of contextual 
language models in recent sentiment analysis research. 

Another limitation of the proposed framework is the handling of negation expressions. Although 
words such as not and never were retained during preprocessing, they were treated as independent 
features rather than as contextual modifiers. As a result, reviews containing complex negation 
patterns or implicit contextual meanings may still lead to incorrect sentiment predictions. 
Representative examples of the identified misclassification patterns are presented in Table 15 to 
illustrate the characteristics of reviews that challenged the proposed classifier. 

Table 15. Representative Examples of Misclassified Reviews 

Review Snippet Actual Predicted Possible Cause 

"...this is not a 
masterpiece, but a good 

old-fashioned scary 
movie... that's rather 

rare nowadays." 

Positive Negative Mixed Sentiment 

"...the movie would not 
be completely great... 
however, I agree one 
hundred percent..." 

Positive Negative 
Context-dependent 

expression 

"...I'm glad they got rid of 
the rest of the team... the 

writing, acting and 
animation are top 

notch..." 

Positive Negative 
Long and complex 

review 

The successful deployment of the classifier within a Flask-based application demonstrates its 
practical applicability beyond benchmark evaluation. The system enables users to analyze movie 
reviews and visualize sentiment distributions through an interactive web interface [16], [21]. From 
a scientific perspective, the results confirm that TF-IDF and Multinomial Naïve Bayes remain effective 
for movie review sentiment classification when supported by appropriate preprocessing and feature 
engineering [10], [17]. From a practical perspective, the developed Flask-based application enables 
users to perform interactive sentiment analysis through an accessible web interface, demonstrating 
the feasibility of deploying lightweight machine learning models for real-world opinion mining. 
Overall, the proposed framework provides a practical balance between classification performance, 
computational efficiency, and deployment simplicity. 

Implications 

The findings demonstrate that lightweight machine learning techniques can provide reliable web-
based sentiment analysis while requiring relatively modest computational resources. The proposed 
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framework therefore offers a practical solution for resource-constrained environments where 
efficient sentiment prediction is required. 

Beyond movie reviews, the developed application may be adapted for product reviews, customer 
feedback analysis, and social media opinion mining. From an academic perspective, the integration 
of NLP preprocessing, TF-IDF feature extraction, Multinomial Naïve Bayes classification, and Flask 
deployment provides a complete reference framework for future sentiment analysis research. 

Research Contribution 

This study provides two main contributions. First, it demonstrates that the integration of TF-IDF 
feature representation and the Multinomial Naïve Bayes algorithm can achieve reliable sentiment 
classification performance for English movie reviews while maintaining relatively low computational 
complexity. The findings further support the continued applicability of conventional machine 
learning methods for text classification tasks, particularly in resource-constrained environments. 

Second, this study extends previous work by implementing the trained sentiment classification 
model as a functional Flask-based web application. Unlike studies that primarily focus on model 
evaluation, the proposed framework integrates text preprocessing, feature extraction, sentiment 
prediction, and result visualization into a single operational system capable of providing interactive 
sentiment prediction analysis. This implementation demonstrates the practical applicability of 
machine learning models beyond experimental evaluation and provides a reference framework for 
future web-based sentiment analysis applications. 

Limitations 

Despite the encouraging results, several limitations remain. The current study is restricted to 
English-language movie reviews and only considers binary sentiment categories. In addition, the 
classification approach relies on statistical word representations, which may limit its ability to 
accurately interpret contextual expressions such as sarcasm, irony, and implicit meanings. The 
evaluation was also conducted using a single benchmark dataset and a limited collection of movie 
reviews. Therefore, the generalizability of the proposed model to other domains, languages, and 
sentiment classification settings requires further investigation. 

Suggestions 

Future work may focus on incorporating more advanced language modeling techniques, including 
transformer-based architectures and deep learning approaches, to improve contextual 
understanding. Expanding the dataset to include multilingual reviews and additional sentiment 
categories may further enhance model generalization. Moreover, the integration of explainable 
artificial intelligence methods could improve the transparency and interpretability of prediction 
results. 

CONCLUSION 

A web-based sentiment analysis system for English movie reviews was designed and implemented 
in this study by combining TF-IDF weighting and Multinomial Naïve Bayes classification. Evaluation 
using the IMDb 50K Movie Reviews dataset produced an accuracy of 84.93%, with balanced 
precision, recall, and F1-score values. The results suggest that the developed model can effectively 
distinguish positive and negative sentiments while remaining computationally efficient. 

The implementation of the trained model through a Flask API further demonstrated its practical 
applicability by enabling interactive sentiment prediction in a web environment. Demonstration 
using 600 reviews from six different movies confirmed that the developed application could 
effectively present sentiment distributions and support interactive analysis of user opinions. 

Despite these promising results, the current approach remains limited in handling reviews 
containing complex contextual expressions such as sarcasm and irony. Future research may 
investigate transformer-based or deep learning models, incorporate multilingual datasets, and 
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explore explainable artificial intelligence techniques to further improve contextual understanding 
and prediction interpretability. 
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