	

	Comparative Analysis of Machine Learning Algorithms for Sentiment Classification of IMDb Movie Reviews

	The chapter focuses on case-based applications using partial and complete datasets, emphasizing step-by-step verification, measurable goodness, and reproducibility. Examples include educational datasets and simplified industry-inspired scenarios.
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First of all, what is the process being capable of producing numeric data from texts? (text mining? LLM-support?)


[bookmark: _Toc221634924]Chapter 3. Research Methodology
…here, it is necessary to introduce the entire third chapter…
[bookmark: _Toc221634925]3.1 Research Design and Methodological Framework
Sentiment analysis of user-generated movie reviews is a challenging task due to the inherent complexity of natural language, including high lexical variability, frequent use of sarcasm and irony, negation structures, mixed opinions within individual reviews, and the incorporation of domain-specific slang or highly subjective expressions. To tackle these issues in a controlled, reproducible, and computationally efficient manner, this thesis adopts a classical machine learning-based methodological framework specifically designed for binary sentiment classification (positive versus negative.
The framework prioritizes reproducibility through fixed random seeds and repeated runs, and it uses lightweight, interpretable models that run efficiently on standard hardware. Evaluation is standardized across algorithms using identical data partitions and feature representations, and misclassifications are examined through structured error analysis.
The overall pipeline is visualized in Figure 3.1, which illustrates a clear, sequential workflow beginning with raw data ingestion and progressing through preprocessing, feature extraction, model training, evaluation, robustness testing, error inspection, and final comparative analysis. This structured approach ensures that every stage contributes to transforming noisy, unstructured text into reliable sentiment predictions while enabling meaningful comparisons between algorithms.

Figure 3.1 End-to-end experimental pipeline for sentiment classification. (source: own presentation?)
[bookmark: _Toc221634926]3.2 Dataset and Sampling Strategy
Tables/figures may never be placed into the first line…
 Table 3.1. Dataset summary (columns, sample size, and class distribution). Source: https://miau.my-x.hu/miau/329/imdb2/...xlsx sheet = … range = …
	Property
	Value

	Project Title
	Comparative Analysis of ML Algorithms for Sentiment Classification

	Dataset source 
	IMDB Movie Reviews https://www.kaggle.com/datasets/mwallerphunware/imbd-movie-reviews-for-binary-sentiment-analysis

	Total Samples
	25000

	Class Distribution
	Balanced: 12,500 positive (50%), 12,500 negative (50%)

	Training Samples
	20000 (80% stratified split)

	Testing Samples
	5000 (20% stratified split)

	Algorithms Tested
	5



The experiments use the IMDb movie review dataset, a widely adopted benchmark for binary sentiment classification originally introduced by Maas et al. (2011) and commonly distributed via Kaggle (URL=…). The working dataset contains 25,000 English-language reviews, evenly balanced between 12,500 positive and 12,500 negative instances, which supports fair comparison across algorithms without bias from class imbalance.
Each record consists of two primary fields: review, containing the raw user-written text, and sentiment, indicating the polarity label (“positive” or “negative”). For implementation, labels were encoded as negative = 0 and positive = 1 to support model training and evaluation in scikit-learn.
To evaluate generalization performance, the dataset was split into 80% training (20,000 reviews) and 20% testing (5,000 reviews) using stratified sampling to preserve the class distribution in both sets. The test set was held out and used only for final evaluation, ensuring that the reported results reflect performance on unseen data.
[bookmark: _Toc221634927]3.3 Text Preprocessing Pipeline
…
Table 3.2. Preprocessing operations with examples (before/after).
	Preprocessing operation
	Lowercasing
	HTML tag removal
	URL removal
	Remove non-alphabetic characters (keep spaces)
	
	Whitespace normalization
	
	
	

	Before (example)
	This MOVIE Was AMAZING!!
	<br />This film is great<br />
	More info: https://example.com/review
	10/10!!! Best movie ever :)
	
	
	great acting and story
	
	
	

	After (example)
	this movie was amazing!!
	this film is great
	more info
	best movie ever
	
	
	great acting story
	
	
	



Raw review text was preprocessed to reduce noise and improve feature quality before vectorization. The pipeline includes lowercasing, removal of HTML tags and URLs using regular expressions, removal of non-alphabetic characters while preserving whitespace, stopword removal using the NLTK English stopword list, and whitespace normalization (collapsing multiple spaces). These steps reduce vocabulary size and eliminate tokens that contribute little to sentiment discrimination. Stemming and lemmatization were not applied, as unigram TF–IDF representations with stopword removal typically provide strong baselines on the IMDb benchmark without aggressive morphological normalization.
[bookmark: _Toc221634928]3.4 Feature Extraction Using TF-IDF
After preprocessing, the cleaned textual reviews must be converted into a numerical format suitable for machine learning algorithms. This transformation is achieved through Term Frequency-Inverse Document Frequency (TF-IDF) vectorization, one of the most widely used and effective feature representation methods for text classification tasks, especially in sentiment analysis. Feature extraction was performed using scikit-learn’s TfidfVectorizer with the following settings: up to 5000 features, ngram_range = (1, 1) (unigrams only), and default document frequency thresholds. The resulting vectors were L2-normalized by the vectorizer’s default configuration.
[bookmark: _Toc221634929]3.4.1 TF–IDF Representation
TF-IDF combines two complementary concepts to assign weights to each term (word) in the vocabulary:
· Term Frequency (TF) measures how often a term appears within a single document (review). It is typically calculated as the raw count of the term divided by the total number of terms in that document, or sometimes normalized with sublinear scaling. Higher TF values indicate that a term is important to the specific review.
· Inverse Document Frequency (IDF) down-weights terms that appear frequently across the entire corpus (collection of all reviews), as these are usually common words (e.g., “the”, “and”, “movie”) that carry little discriminative power for sentiment. The IDF is computed as the logarithm of the total number of documents divided by the number of documents containing the term:

Where  is the total number of documents and  is the document frequency of term .
The final TF-IDF weight for a term  in document  is the product of its TF and IDF values:

This weighting scheme ensures that rare but highly relevant terms (e.g., “brilliant”, “disappointing”, “masterpiece”, “boring”) receive high scores, while common stop words or generic movie-related terms receive low scores, making TF-IDF particularly effective at highlighting sentiment-bearing vocabulary in IMDb reviews.
[bookmark: _Toc221634930]3.4.2 Choice of Unigram Features
In this thesis, only unigrams (single words) were used as features, rather than bigrams (word pairs) or trigrams (word triplets). This decision was motivated by several practical and empirical considerations. Unigrams produce a manageable vocabulary size while capturing the majority of sentiment signals in movie reviews, where individual opinionated words (“great”, “terrible”, “amazing”, “awful”) often dominate. Including bigrams or higher n-grams would significantly increase the feature space (potentially millions of unique n-grams), leading to higher memory usage, longer training times, and greater risk of overfitting on a 25,000-sample dataset. Prior studies on the IMDb benchmark (e.g., Maas et al., 2011; many Kaggle notebooks) have shown that unigram TF-IDF already achieves strong baseline performance (~85–89% accuracy with classical models), and adding n-grams yields only marginal gains at substantial computational cost — a trade-off not justified within the scope of this bachelor's thesis.
The resulting TF-IDF representation transforms each review into a sparse numerical vector of length 5,000, where most entries are zero (due to the absence of the majority of terms in any single document). This format is highly compatible with the linear and tree-based models used in this study, enabling efficient training and meaningful feature importance analysis in later stages. The TF-IDF vectors were L2-normalized to reduce the impact of document length differences and to stabilize training for linear classifiers.
[bookmark: _Toc221634931]3.5 Experimental Setup and Evaluation Metrics
The performance of the machine learning models in this thesis is assessed using four standard binary classification metrics: accuracy, precision, recall, and F1-score. All metrics are reported as weighted averages (via scikit-learns average='weighted' parameter) to appropriately account for the perfectly balanced class distribution (50% positive and 50% negative reviews) in the 25,000-sample IMDb subset. For implementation, labels were encoded as negative = 0 and positive = 1. The test set was held out and used only for final evaluation, ensuring that reported metrics reflect generalization to unseen data
[bookmark: _Toc221634932]3.5.1 Accuracy
Accuracy is one of the most straightforward and widely used performance metrics in binary classification tasks. It quantifies the proportion of correct predictions made by the model relative to the total number of predictions. In the context of sentiment classification on the IMDb movie reviews dataset, accuracy directly indicates how often the model correctly identifies a review as positive or negative.
The formula for accuracy is given by:

where:
· TP = true positives (reviews correctly predicted as positive),
· TN = true negatives (reviews correctly predicted as negative),
· FP = false positives (negative reviews incorrectly predicted as positive),
· FN = false negatives (positive reviews incorrectly predicted as negative).
[bookmark: _Toc221634933]3.5.2 Precision
Precision measures the proportion of predicted positive (or negative) instances that are actually correct, reflecting the model’s reliability when it assigns a particular class label. In sentiment analysis on IMDb movie reviews, high precision means that when the model labels a review as positive, it is very likely to be genuinely positive (and similarly for negative labels). This is particularly valuable in applications where false positives carry significant costs, such as incorrectly recommending a poor movie based on a misclassified negative review as positive.
The formula for precision, computed per class, is:

[bookmark: _Toc221634934]3.5.3 Recall
Recall, also known as sensitivity or true positive rate, quantifies the proportion of actual positive (or negative) instances that the model correctly identifies. In the context of IMDb sentiment classification, high recall indicates that the model successfully captures most genuine positive reviews (e.g., enthusiastic fan opinions) and most genuine negative reviews (e.g., strong criticisms), minimizing missed sentiments.
The formula for recall, computed per class, is:

[bookmark: _Toc221634935]3.5.4 F1-score
The F1-score is the harmonic mean of precision and recall, providing a single balanced measure that penalizes large discrepancies between the two. It is particularly useful in sentiment analysis because it effectively summarizes a model’s ability to both avoid false positives (high precision) and capture true positives (high recall) without favoring one over the other.
The formula for the F1-score, computed per class, is:

[bookmark: _Toc221634936]3.5.5 Reproducibility and Experimental Control
All experiments were designed to be reproducible. Fixed random seeds were used for the train-test split and for model initialization where applicable. In addition, robustness was assessed by repeating the train–test split and evaluation across multiple random seeds (0, 1, 2, 3, 4), reporting mean performance and variability across runs the complete pipeline (preprocessing, TF-IDF feature extraction, training, evaluation, and error analysis) was implemented in Python using scikit-learn.
[bookmark: _Toc221634937]3.6 Machine Learning Models Investigated
Table 3.3. Algorithms and key parameter settings used in the experiments.
	Algorithm
	scikit-learn Class
	Key Parameters Used
	Rationale for Parameters

	Logistic Regression
	LogisticRegression
	max_iter=1000, random_state=42
	Ensures convergence on high-dimensional data; fixed seed for reproducibility.

	Naive Bayes
	MultinomialNB
	Default (=1.0 Laplace smoothing)
	Defaults optimal for text; no tuning needed.

	Linear Support Vector Machine
	LinearSVC
	random_state=42, max_iter=1000
	Linear kernel implicit; increased iterations for convergence; fixed seed.

	Random Forest
	RandomForestClassifier
	n_estimators=100, random_state=42, n_jobs=-1
	100 trees balance accuracy/speed; parallel processing for efficiency.

	Decision Tree
	DecisionTreeClassifier
	random_state=42
	Fixed seed for reproducibility; defaults allow full tree growth to show overfitting.



Five widely adopted classical machine learning algorithms are selected for comparison, each representing a distinct learning paradigm: Logistic Regression as a linear probabilistic classifier, Multinomial Naive Bayes as a generative probabilistic model particularly optimized for text data, Linear Support Vector Machine as a maximum-margin linear classifier, Random Forest as an ensemble of decision trees, and Decision Tree as a single-tree classifier serving as a baseline for interpretability and to illustrate overfitting tendencies. Each model is trained on the training vectors and evaluated on the held-out test set, with both training and prediction wall-clock times recorded to provide insight into computational efficiency—an important consideration for practical deployment in resource-constrained environments.
[bookmark: _Toc221634938]3.6.1 Logistic Regression
Logistic Regression is a linear probabilistic classifier that models the probability of the positive class using the logistic (sigmoid) function applied to a linear combination of input features. It optimizes the log-loss (binary cross-entropy) to find the best-fitting weights that separate positive and negative reviews in the high-dimensional TF-IDF space. Due to its probabilistic output and strong regularization, it is highly interpretable and generalizes well even when features greatly outnumber samples.

Performance on sparse TF-IDF vectors
 Logistic Regression typically performs very well on sparse high-dimensional text data such as IMDb TF-IDF features. Its linear nature aligns with the separability of sentiment signals in word importance patterns, it is computationally fast, and it is robust to irrelevant features, making it one of the strongest classical baselines for sentiment analysis. Logistic Regression was trained using scikit-learn with increased iteration limit (max_iter = 1000) to ensure convergence on high-dimensional sparse TF–IDF features; other parameters were left at library defaults.
[bookmark: _Toc221634939]3.6.2 Naive Bayes
Naive Bayes is a generative probabilistic classifier based on Bayes’ theorem with the strong “naive” assumption that features (words) are conditionally independent given the class. It estimates class probabilities from word frequency statistics and is extremely efficient because it only requires simple counting and multiplication operations during training and prediction. Despite the unrealistic independence assumption, it often delivers surprisingly competitive results on text data.

Performance on sparse TF-IDF vectors
 Multinomial Naive Bayes is an extremely fast and strong baseline on bag-of-words and TF-IDF representations. It excels when sentiment is driven by individual word frequencies and is particularly valuable when training speed and low memory usage are priorities, though it can be outperformed by discriminative models on more complex patterns.
[bookmark: _Toc221634940]3.6.3 Linear Support Vector Machine
Linear Support Vector Machine (LinearSVC) seeks to find the maximum-margin hyperplane that best separates positive and negative classes in the feature space, while allowing a controlled number of margin violations via the regularization parameter. It optimizes the hinge loss with L2 regularization, focusing on the most discriminative examples near the decision boundary. This makes it robust to noisy or redundant features common in text data.


Performance on sparse TF-IDF vectors
LinearSVC generally performs very well — often among the top classical methods — on sparse high-dimensional text data. Its maximum-margin property helps identify strongly opinionated words while ignoring less relevant ones, although training can be slightly slower than Logistic Regression on very large feature sets.
[bookmark: _Toc221634941]3.6.4 Random Forest
Random Forest is an ensemble learning method that constructs many decision trees on bootstrapped subsets of the training data and random subsets of features at each split, then aggregates predictions via majority voting. The randomization and averaging reduce variance and overfitting compared to a single tree, making it more robust to noise and outliers.

Performance on sparse TF-IDF vectors
Random Forest can deliver reasonable performance and is robust to some noisy features, but it is usually noticeably slower in both training and prediction and often generalizes worse than good linear models on very high-dimensional sparse text data, as tree splits struggle to exploit the many weak but complementary sentiment signals
[bookmark: _Toc221634942]3.6.5 Decision Tree
A single Decision Tree recursively partitions the feature space by selecting the feature and threshold that most improve node purity (typically using Gini impurity or information gain), creating an interpretable hierarchy of if-then rules. While simple and easy to visualize, single trees are prone to high variance and severe overfitting, especially in high-dimensional settings.

Performance on sparse TF-IDF vectors
Single decision trees usually perform poorly on very high-dimensional sparse text data. They tend to overfit severely by creating deep, complex trees that capture noise rather than general sentiment patterns, and they cannot effectively combine the many weak signals that linear and ensemble methods exploit.
[bookmark: _Toc221634943]3.7 Error Analysis Methodology
Table 3.4. Error categories with definitions and one example each (Negation, Sarcasm, Mixed sentiment, Slang/Vocabulary, Long review, Other).
	Error Category
	Short Definition
	FP and FN counts
	Example (shortened)

	Negation
	Fails to handle negation words/phrases (e.g., “not bad” → positive)
	2
	“did not disappoint me at all” (predicted negative, actual positive)

	Sarcasm
	Misinterprets ironic/sarcastic language as literal sentiment
	4
	“sterling example of bad porn movies” (high-confidence positive)

	Mixed sentiment
	Review has both positive and negative opinions; overall label unclear
	4
	“acting fantastic, plot incoherent” (predicted negative)

	Slang/Vocabulary
	Unusual slang, domain terms, or phrasing confuses the model
	7
	“mug their lines… snob” (misclassified due to vocabulary)

	Long review
	Long/complex reviews dilute key sentiment signals
	3
	“students… inbred cannibals…” (long horror description)

	Other
	Errors not fitting above categories
	0
	—



Beyond aggregate metrics, error analysis was conducted to identify systematic weaknesses of the TF–IDF bag-of-words representation. Confusion matrices were generated for each algorithm to support inspection of class-specific error patterns. For the best-performing model (Logistic Regression), a focused qualitative analysis examined false positives (negative reviews predicted as positive) and false negatives (positive reviews predicted as negative).
To prioritize informative mistakes, the analysis extracted the highest-confidence misclassifications. Here, confidence is defined using the model’s predicted probability of the positive class: high-confidence false positives correspond to negative reviews assigned the highest positive probabilities, while high-confidence false negatives correspond to positive reviews assigned the lowest positive probabilities. Using the test split produced with random seed 0, the top 10 false positives and top 10 false negatives were selected and manually categorized into linguistically motivated error types commonly challenging for bag-of-words approaches, including negation, sarcasm/irony, mixed sentiment, slang or domain-specific vocabulary, and long or structurally complex reviews. This categorization supports the discussion of limitations and motivates potential improvements such as richer n-gram features or contextual neural models.

Chapter 4 result and discussion 
4.1 Implementation Overview
4.3 Comparative Results (with your exact numbers)
4.4 Robustness (seeded results summary if you want it)
4.5 Confusion Matrix paragraph
4.6 Error analysis paragraph
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TF–IDF vectorization (unigrams, 5,000 features)


Train/test split (stratified, 80/20)


Model training (5 algorithms)


Evaluation (Acc/Prec/Rec/F1 + confusion matrix)


Robustness (multiple random seeds)


Error analysis (FP/FN categories)


Reporting (tables + figures)
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Positive

With all this stuff going down at the moment with MJ i've started listening to his music, watching the odd documentary here and there, 

watched The Wiz and watched Moonwalker again. Maybe i just want to get a certain insight into this guy who i thought was really cool in the 

eighties just to maybe make up my mind whether he is guilty or innocent. Moonwalker is part biography, part feature film which i remember 

going to see at the cinema when it was originally released. Some of it has subtle messages about MJ's feeling towards the press and also the 

obvious message of drugs are bad m'kay.  Visually impressive but of course this is all about Michael Jackson so unless you remotely like MJ in 

anyway then you are going to hate this and find it boring. Some may call MJ an egotist for consenting to the making of this movie BUT MJ and 

most of his fans would say that he made it for the fans which if true is really nice of him.  The actual feature film bit when it finally starts is 

only on for 20 minutes or so excluding the Smooth Criminal sequence and Joe Pesci is convincing as a psychopathic all powerful drug lord. 

Why he wants MJ dead so bad is beyond me. Because MJ overheard his plans? Nah, Joe Pesci's character ranted that he wanted people to 

know it is he who is supplying drugs etc so i dunno, maybe he just hates MJ's music.  Lots of cool things in this like MJ turning into a car and a 

robot and the whole Speed Demon sequence. Also, the director must have had the patience of a saint when it came to filming the kiddy Bad 

sequence as usually directors hate working with one kid let alone a whole bunch of them performing a complex dance scene.  Bottom line, 

this movie is for people who like MJ on one level or another (which i think is most people). If not, then stay away. It does try and give off a 

wholesome message and ironically MJ's bestest buddy in this movie is a girl! Michael Jackson is truly one of the most talented people ever to 

grace this planet but is he guilty? Well, with all the attention i've gave this subject....hmmm well i don't know because people can be different 

behind closed doors, i know this for a fact. He is either an extremely nice but stupid guy or one of the most sickest liars. I hope he is not the 

latter.

Positive

'The Classic War of the Worlds' by Timothy Hines is a very entertaining film that obviously goes to great effort and lengths to faithfully 

recreate H. G. Wells' classic book. Mr. Hines succeeds in doing so. I, and those who watched his film with me, appreciated the fact that it was 

not the standard, predictable Hollywood fare that comes out every year, e.g. the Spielberg version with Tom Cruise that had only the slightest 

resemblance to the book. Obviously, everyone looks for different things in a movie. Those who envision themselves as amateur 'critics' look 

only to criticize everything they can. Others rate a movie on more important bases,like being entertained, which is why most people never 

agree with the 'critics'. We enjoyed the effort Mr. Hines put into being faithful to H.G. Wells' classic novel, and we found it to be very 

entertaining. This made it easy to overlook what the 'critics' perceive to be its shortcomings.'


