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Abstract:   

Sentiment analysis, a critical subfield of Natural Language Processing (NLP), 

involves identifying and categorizing sentiments expressed in textual data. However, 

analyzing human language is inherently challenging because of its complexity and 

ambiguity. In this study, we propose a hybrid approach that integrates Latent 

Dirichlet Allocation (LDA) for feature extraction with Non-Negative Matrix 

Factorization (NMF) for dimensionality reduction to enhance the sentiment 

classification performance. The effectiveness of the proposed method is evaluated 

using two datasets to assess its robustness and generalizability. experimental results 

demonstrate that the hybrid LDA–NMF model achieves high accuracy scores, with 

performance improvements reaching up to 93% on one dataset and 79% on the other, 

significantly outperforming standalone LDA and NMF-based approaches. These 

findings highlight the potential of hybrid feature engineering techniques to transform 

complex textual data into more discriminative representations, thereby substantially 

improving sentiment analysis outcomes. 

 

Keywords: Sentiment Analysis, Natural Language Processing, Latent Dirichlet 

Allocation, Non - negative Matrix Factorization, Machine Learning. 

I Introduction 

With the rapid growth of digital communication and widespread use of the Internet, social 

media platforms such as Twitter, Facebook, and online forums have become major sources of 

user-generated content. These platforms enable individuals to express their opinions, emotions, 

and perspectives on various topics, resulting in a vast amount of unstructured textual data [8]. 

Extracting meaningful insights from these data poses a significant challenge in the field of 

natural language processing (NLP). One of the key areas of NLP research is stance-based 

sentiment analysis, which involves determining both the sentiment (positive or negative) and 

stance (support or oppose) of an author toward a specific target entity. The accuracy of stance-

based sentiment analysis largely depends on the effectiveness of feature extraction techniques 

that transform raw text into structured representations suitable for machine learning models. 

The development of robust feature extraction methods is crucial for capturing the linguistic and 

contextual cues necessary for accurate stance classification. This is particularly important for 

applications such as public opinion mining, social media monitoring, and policy decision 

making. 
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Sentiment analysis presents several challenges: 

• Mixed Sentiment Expression: The same text may contain both positive and negative 

sentiments, making classification difficult. 

• Contextual Dependence: The sentiment of a text can change depending on its 

surrounding context and discourse structure. 

• Implicit Sentiment: Some opinions are expressed indirectly, requiring models to 

infer sentiment beyond explicit word choices. 

• Lexical Ambiguity: Words and phrases may have different meanings based on 

context, leading to potential misclassification. 

• Use of Figurative Language: Sarcasm, irony, and metaphor significantly affects 

sentiment interpretation and often misleads traditional classifiers. 

To address these challenges, effective feature extraction plays a significant role in sentiment 

analysis by transforming unstructured text into structured numerical representations suitable 

for machine-learning models. Among the various feature extraction methods, semantic feature 

extraction is particularly valuable because it captures the underlying meaning and contextual 

associations of words, rather than relying solely on surface-level representations. Semantic 

feature extraction enables models to identify latent themes in a text, distinguish implicit 

sentiment expressions, and handle lexical ambiguity more effectively. For instance, word 

embedding and topic modelling techniques can help extract meaningful semantic structures 

and improve sentiment classification accuracy. 

In this study, we propose a hybrid feature extraction technique that integrates LDA for topic-

based representation and NMF for dimensionality reduction. LDA identifies latent topics 

within text, enabling a deeper understanding of semantic structures, whereas NMF reduces 

dimensionality [6][7][14], eliminating noise and improving feature interpretability. The 

extracted features are then used to train multiple classifiers to optimize the sentiment 

prediction. By leveraging the strengths of both topic modeling and matrix factorization 

techniques, our approach enhances model performance, leading to improved sentiment 

classification accuracy. We evaluated our proposed method on a large-scale Twitter sentiment 

dataset, demonstrating significant improvements over the existing models. 

The main focuses of this study are as follows: 

1. Hybrid Feature Extraction for Stance-Based Sentiment Analysis: We propose a 

hybrid feature extraction technique that combines LDA for semantic representation 

and NMF for dimensionality reduction, thereby enhancing interpretability and 

sentiment classification performance. 

2. Improved Sentiment Classification Performance: Our method 

outperforms traditional feature extraction approaches such as bag-of-words 

(BoW), Term Frequency TF-IDF, Word2Vec, LDA, NMF) across multiple 

classifiers, achieving higher accuracy and better generalization on a large-scale 
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Twitter sentiment dataset. 

3. Reduction in Classification Errors: The proposed approach effectively reduces 

misclassification errors by capturing deeper semantic structures, leading to improved 

precision, recall, and F1-score in stance-based sentiment analysis. 

The remainder of this paper is organized as follows. Section II provides an overview of related 

work and discusses advancements in topic modeling, feature engineering, and sentiment 

analysis of Twitter data. Section III outlines the proposed methodology and describes the 

approaches and techniques used in the study. Section IV presents the experimental setup and 

results, including an analysis of the experiments conducted. Section V summarizes the key 

findings and contributions of this study. 

II Related Work 

2.1 Feature Extraction Techniques for Sentiment Analysis 

Early sentiment analysis models primarily relied on statistical techniques such as Bag of Words 

(BoW), Term Frequency-Inverse Document Frequency (TF-IDF), and N-grams, which 

represent text as word frequency vectors but do not capture contextual relationships [1][2][3]. 

Ahuja et al. [1] demonstrated that TF-IDF improves classification performance by 3–4% 

compared to N-gram models on the SS-Tweet dataset, while Zhan [5] observed that although 

TF- IDF achieves 99% accuracy on training data, it tends to overfit, whereas Word2Vec 

generalizes better on unseen data. To overcome the limitations of frequency-based methods, 

researchers have introduced word embeddings such as Word2Vec, GloVe, and FastText, 

which capture semantic relationships between words [2][3]. Kalaivani et al. [2] showed that 

BoW lacks semantic understanding, whereas word embedding enhances contextual 

representation. Semary et al. [3] found that TF-IDF and Word2Vec outperformed BoW in 

sentiment classification on Amazon and Twitter datasets. Despite TF-IDF achieving high 

accuracy on structured datasets, such as Amazon reviews, Semary et al. [3] reported 

inconsistent performance on Twitter data, which Zhan [5] attributed to Word2Vec’s ability to 

generalize better with larger datasets. In addition to feature extraction, feature selection 

techniques, such as Document Frequency (DF), Information Gain (IG), and Chi-Square 

Statistics (CSS), help refine the extracted features by filtering out irrelevant information [4]. 

Hung et al. [4] showed that combining TF–IDF with feature selection improves the 

classification efficiency by reducing the computational load while maintaining accuracy. 

2.2 Topic Modeling Approaches in NLP 

Topic modeling is a fundamental technique in natural language processing (NLP) that is used 

to uncover latent thematic structures in large text corpora. Among the various methods 

explored, Latent Dirichlet Allocation (LDA) is widely adopted as a probabilistic generative 

model that represents documents as mixtures of latent topics, with each topic characterized by 

a distribution of words [6][7]. Twil et al. [6] applied LDA to sentiment analysis in TripAdvisor 

reviews, demonstrating its ability to extract latent topics for aspect-based sentiment analysis, 

while Rahmadan et al. [7] utilized LDA on Twitter data to extract topics related to disaster 

events, showcasing its capability to handle large-scale social media text. Several variants have 
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been introduced to extend the functionality of LDA. The Joint Sentiment- Topic (JST) model 

integrates sentiment labels with topic modeling, allowing for simultaneous sentiment and topic 

extraction [9]. Akhmedov et al. [9] developed an LDA-based topic/document/sentence (TDS) 

model, incorporating sentence-level sentiment classification to refine sentiment polarity 

detection. Another extension combined LDA with lexicon-based sentiment analysis, as 

demonstrated by Rahmadan et al. [7], who integrated sentiment lexicons with LDA to improve 

sentiment classification in disaster-related discussions. Additionally, hierarchical topic models 

such as hierarchical LDA (hLDA) organize topics into structured hierarchies, enabling a more 

detailed representation of topic relationships and subtopics [9]. 

2.3 Dimensionality Reduction Techniques in NLP 

Dimensionality reduction techniques are essential in natural language processing (NLP) to 

manage high-dimensional text data by transforming feature spaces while retaining key 

information. Principal Component Analysis (PCA) and Singular Value Decomposition (SVD) 

are widely used linear techniques that project high-dimensional text features into lower-

dimensional spaces [12][13]. PCA identifies the principal components that capture the most 

variance in the data, and is commonly applied in document clustering and text feature selection 

[12][15]. Mohamed et al. [15] demonstrated its effectiveness in improving clustering quality 

and computational efficiency in Arabic text classification. SVD, particularly in Latent 

Semantic Analysis (LSA), is employed to reduce noise and extract latent topics, and 

Muningsih et al. [17] compared its performance against PCA in NLP clustering tasks. Beyond 

linear methods, Non-Negative Matrix Factorization (NMF) has gained prominence for feature 

reduction by factorizing data into interpretable components [14]. It has been applied in 

sentiment analysis, topic modeling, and document classification [10][16], with Das et al. [16] 

highlighting its suitability for sparse, non-negative datasets. Unlike PCA, NMF preserves part-

based representations, making it beneficial for semantic feature extraction [10]. 

Recent advancements have introduced deep learning-based dimensionality reduction 

techniques, including auto-encoders (AE) and transformer-based embedding, which capture 

nonlinear relationships in text data [13][14]. AE models are often combined with traditional 

methods such as PCA and NMF for improved feature selection, whereas transformer-based 

approaches, as explored by García et al. [13], have been applied in multilingual settings to 

optimize the processing speed without compromising accuracy. These deep-learning 

approaches offer new possibilities for dimensionality reduction in NLP by refining feature 

representations beyond conventional statistical techniques. 

2.4 Hybrid Feature Extraction in NLP 

Hybrid feature extraction techniques in natural language processing (NLP) integrate multiple 

approaches to enhance text representation by combining statistical, syntactic, and deep-

learning-based methods [21]. Various studies have explored hybrid models for tasks such as 

text classification, stance detection, and emotion recognition, leveraging word embeddings, 

lexical features, and dimensionality reduction techniques to capture both syntactic and 

semantic aspects of language [20]. Ahanin et al. [20] proposed a hybrid model for emotion 
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classification that integrates Word2Vec embeddings with TF-IDF and part-of-speech (POS) 

tagging, demonstrating improved classification accuracy. Similarly, Kim and Gil [20] utilized 

Latent Dirichlet Allocation (LDA) for topic modeling combined with TF-IDF weighting to 

refine feature selection strategies in research paper classification. Dimensionality reduction 

plays a key role in hybrid feature extraction by optimizing the computational efficiency while 

preserving meaningful information [18]. Researchers have combined Principal Component 

Analysis (PCA) and Non-Negative Matrix Factorization (NMF) to improve feature 

interpretability [18]. Zoya et al. [20] highlighted that hybrid models outperform existing 

traditional feature techniques, leading to better sentiment analysis results. These hybrid 

methodologies contribute to more effective text classification and analysis in NLP. 

2.5 Stance-Based Sentiment Analysis Studies 

Stance detection is a key area in natural language processing (NLP) that focuses on identifying 

whether a text expresses support, opposition, or neutrality toward a specific target entity, unlike 

sentiment analysis, which requires contextual interpretation [22]. Various machine-learning 

approaches have been explored for stance detection, including feature-based and deep-learning-

based methods. Al-Ghadir et al. [22] proposed a feature selection method combining term 

frequency-inverse document frequency (TF- IDF) with sentiment features, achieving an F1-

score of 76.45% on the SemEval-2016 Task 6 dataset. Their evaluation included K-nearest 

neighbor (KNN) variants and Support Vector Machines (SVMs), with weighted KNN 

performing best for stance classification. Deep-learning models, particularly those using self-

attention mechanisms such as transformers, have also been widely adopted for stance detection. 

Alturayeif et al. [23] conducted a systematic review that highlighted the increasing use of few-

shot and multitask learning methods to enhance stance detection models. 

Stance detection is closely related to sentiment analysis; however, the two tasks differ 

fundamentally. Whereas sentiment analysis categorizes text as positive, negative, or neutral, 

stance detection assigns labels of favor, against, or none, making it a more nuanced task [25]. 

For instance, a text with positive sentiment may still express opposition to a particular entity 

(e.g., "I’m so happy that the bill was rejected"). Küçük and Arıcı [26] demonstrated that joint 

stance and sentiment analysis of COVID-19 vaccine-related tweets provided a richer 

contextual understanding and improved sentiment classification. Stance detection has 

significant applications in various domains, including fake news detection, public opinion 

analysis, and social media monitoring, particularly in debates surrounding political issues, 

healthcare policies, and controversial social movements [23],[26]. These applications 

underscore the importance of developing robust stance detection models that are capable of 

capturing both linguistic and contextual nuances in text. 

2.6 Research Gap 

Despite advancements in stance-based sentiment analysis, existing methods still face 

challenges in terms of feature extraction, topic modeling, dimensionality reduction, hybrid 

approaches, and stance detection. These challenges impact classification performance, 

computational efficiency, and contextual understanding. Table 1 summarizes these research 
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gaps and provides a clear foundation for addressing these limitations and guiding future 

improvements. 

Table 1. Research Gaps 

Category Limitations 

Feature 

Extraction 

Techniques like word embeddings improve semantic representation but 

often lead to high-dimensional feature spaces, increasing computational 

inefficiencies. 

Topic Modeling 
Methods like LDA uncover latent themes but struggle with short-text data 

and require better optimization for feature interpretability. 

Dimensionalit

y Reduction 

PCA, SVD, and NMF reduce feature space but fail to preserve contextual 

meaning, focusing more on numerical decomposition than semantic 

coherence. 

Hybrid 

Feature 

Extraction 

Hybrid methods enhance NLP classification but often emphasize word 

embeddings and statistical selection, overlooking semantic optimization and 

feature reduction. 

Stance-Based 

Sentiment 

Analysis 

Stance detection is hindered by short-text limitations and reliance on large 

annotated datasets, affecting scalability across domains. 

 

The identified limitations highlight the need for techniques that optimize the semantic 

representation and computational efficiency. Existing methods offer insights, but lack a balance 

between semantic coherence, feature interpretability, and model efficiency in stance-based 

sentiment classification. 

This paper proposes a topic-based feature extraction approach combined with 

dimensionality reduction to 

• Preserve semantic meaning while reducing feature dimensionality. 

• Refine stance classification through improved feature structures. 

• Lower computational costs without compromising accuracy. 

By integrating these improvements, our approach enhances stance detection and sentiment 

classification, thereby ensuring both interpretability and performance. 

III Proposed Methodology 

In this paper, we propose a hybrid methodology that combines LDA for topic modeling with 

NMF for dimensionality reduction to enhance sentiment analysis. The proposed sentiment 

classification framework incorporates a systematic pipeline consisting of dataset selection, 

preprocessing, hybrid feature extraction, machine-learning-based classification, and 

performance evaluation. The following subsections outline each stage in detail: The 
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architecture of the proposed methodology is illustrated in Figure 1.  

 

 

Figure 1. Architecture of the proposed hybrid LDA-NMF methodology for sentiment 

classification. 

3.1 Dataset Description 

Two publicly available sentiment datasets were used to evaluate the performance and 

generalizability of the proposed approach. The first dataset consists of labeled tweets related 

to Roe vs. Wade, with a total of 10804 samples divided into Pro-Choice and Pro-Life. The 

second dataset comprises 9940 IMDB movie reviews annotated with Positive and Negative 

sentiment labels. Summary statistics, including the total samples and class distributions, are 

provided in Table 1. 

Table 2. Dataset Description 

Dataset 
Total 

Samples 

Training 

Samples 

Testing 

Samples 
Classes/ Labels 

Roe Vs Wade 

Tweets 
10804 8643 2161 

Prochoice – 0 

Pro-life - 1 

0 - 5397 

1 - 5407 

IMDB Movie 

Review 
9940 7952 1988 

Negative – 0 

Positive - 1 

0 – 5007 

1 - 4933 

 

a) Data Pre-processing 

• Text Cleaning: The text was pre-processed by converting it to lowercase, removing 

URLs, and eliminating non-word characters (such as special symbols and numbers) to 

reduce noise and ensure uniformity. 

• Tokenization: The text was tokenized into individual words using the nltk.tokenize 

method, which served as the foundation for further processing. 

• Stop word Removal: Commonly occurring words, such as “the,” “is,” and “on,” were 

removed, as they do not contribute significant meaning for classification tasks. 
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• Lemmatization: Reduced words to their base or dictionary form (e.g., “running” → 

“run”) to maintain linguistic consistency. 

• Data splitting: A standard train–test split of 80:20 was applied to both the datasets. A 

summary of the training and testing divisions is provided in Table 1. 

3.2 Feature Extraction Process 

Feature extraction plays a significant role in sentiment classification by transforming raw 

text into structured representations that machine-learning models can process effectively. 

Extracting meaningful features enhances classification accuracy, while reducing 

computational complexity. In natural language processing (NLP), textual features can be 

categorized into three primary types, each associated with a specific feature extraction 

technique. 

Table 3. Feature Types and Their Computational Techniques for Text Representation 

Feature Type Description Techniques Used 

Linguistic 

Feature 

Capture surface-level textual patterns 

and statistical word distributions. 

Bag of Words (BoW), TF-

IDF, Hashing Vectorizer 

Syntactic 

Features 

Derived from grammatical structures 

(POS tagging, dependency parsing, 

and sentence structure analysis). 

POS tagging, Dependency 

Parsing, N-grams 

Semantic 

Features 

Capture latent meaning, contextual 

relationships, and topic distributions, 

offering deeper insights into textual 

intent. 

Latent Dirichlet Allocation 

(LDA), 

Word2Vec, Non-negative 

Matrix Factorization (NMF) 

 

Among these, semantic features are particularly significant in stance-based sentiment analysis 

for the following reasons. 

1. Contextual Dependence: Stance is often implicit and requires models to infer hidden 

relationships between words and topics. 

2. Limitations of Statistical Approaches: Traditional methods, such as TF-IDF and n-

grams, fail to capture the conceptual meaning of text, focusing only on frequency-based 

representations. 

3. Topic-Driven Sentiment Differentiation: Grouping words into latent topics provides a 

more structured representation of user opinions, aiding stance differentiation, even 

when sentiment expressions are similar. 

To assess the effectiveness of different feature extraction techniques, this study evaluated 

multiple methods, including BoW, TF-IDF, Word2Vec, LDA, NMF, and Hashing Vectorizer. 

Based on the experimental results, a hybrid LDA- NMF approach was proposed to enhance 
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+ 

+ 

+ 

semantic feature extraction and dimensionality reduction for stance-based sentiment 

classification. 

3.2.1 Hybrid Feature Extraction Approach: 

This study proposes a hybrid feature extraction approach that integrates Latent Dirichlet 

Allocation (LDA) for topic-based semantic feature extraction and Non-Negative Matrix 

Factorization (NMF) for dimensionality reduction. The primary objective of this methodology 

is to extract a compact and meaningful set of semantic features to enhance classification 

accuracy while reducing computational complexity. 

a)  LDA for Topic Feature Extraction: 

LDA is a probabilistic generative model that represents a document as a mixture of latent topics, 

with each topic being distributed over words. The LDA process is defined as follows. 

• Document-Topic Distribution: Each document 𝑑 is represented as a distribution over 𝐾 

topics: 

𝜃𝑑 ~ 𝐷𝑖𝑟(𝛼) 

where α is the Dirichlet prior for topic distribution. 

 

• Topic-Word Distribution: Each topic is 𝑧 represented by a distribution over 𝑉 words: 

𝜙𝑧 ~ 𝐷𝑖𝑟(𝛽) 

where β is the Dirichlet prior for the word distribution. 

• Generative Process: For each word 𝑤𝑑,𝑛 in document d: 

1. Sample a topic 𝑧𝑑,𝑛 from the topic distribution 𝜃𝑑. 

2. Sample a topic 𝑤𝑑,𝑛 from the topic-word distribution 𝜙𝑧  . 

This process produces a topic-word matrix 𝜙, where each topic is represented by a 

distribution of words. In this study, ten topics were extracted, each represented by seven top 

words, forming a topic-word matrix 𝜙 ∈ R𝟏𝟎×𝟕. 

b) NMF for Dimensionality Reduction: 

After extracting topics using LDA, NMF was applied to reduce the dimensionality of the 

topic-word matrix while preserving meaningful topic structures. NMF factorizes the non-

negative matrix 𝜙 into two lower-rank non-negative matrices 𝑊 and 𝐻, such that: 

𝜙 ≈ 𝑊. 𝐻 

•  𝜙 ∈ R+
𝟏𝟎×𝟕 is the topic-word matrix obtained from the LDA. 

•  𝑊 ∈ R+
𝟏𝟎×𝒓 is the basis matrix, where r is the reduced number of dimensions. 

•  𝐻 ∈ R+
𝒓×𝟕 is a coefficient matrix representing the relationship between topics 

and words. 
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The final low-dimensional feature set was obtained by solving the following optimization 

problem: 

min
{𝑊,𝐻}|

|| 𝜙 − 𝑊 ⋅ 𝐻 ||F
2  subject to 𝑊, 𝐻 ≥ 0 

where || ⋅ ||𝐹 denotes the Frobenius norm that measures the difference between the original 

and approximated matrices. 

3.3 Classification Model: 

The feature sets extracted from various feature extraction techniques serve as inputs for 

stance-based sentiment classification. To assess the impact of different feature 

representations, multiple feature extraction methods were applied before implementing the 

proposed LDA-NMF hybrid approach. These methods encompass both the linguistic and 

semantic approaches. Table 4 summarizes the approaches and techniques for feature 

extraction and highlights the key methods utilized in our study, including linguistic and 

semantic techniques. 

After analyzing the classifier performance of these methods, a hybrid feature extraction 

approach using LDA and NMF was proposed to improve semantic representation and 

dimensionality reduction. 

The extracted feature set from each method, including the proposed LDA-NMF, was then 

used to train and evaluate the six supervised machine learning classifiers. 

• Support Vector Machine (SVM): Constructs a hyperplane that maximizes the margin 

between classes. The decision function is given by 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 

           where w is the weight vector, x is the input feature vector, and b is a bias term. 

Table 4. Feature Extraction Approaches and Techniques Used for Text Classification 

Approach Techniques Description 

Linguistic 

Approaches 

BoW Represents text using word frequency counts. 

TF-IDF 

Weighs words based on importance by considering 

term frequency and inverse 

document frequency. 

Hashing 

Vectorizer 

Uses a fixed-size vector space to encode text, reducing 

memory usage. 

Semantic 

Approaches 

Word2Vec 
Captures word relationships based on contextual 

similarity. 

LDA Identifies latent topics within text. 

NMF captures hidden patterns in text for better classification, 
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reduces high-dimensional feature spaces while preserving 

structure 

 

• K-Nearest Neighbours (KNN): Classifies a new sample based on the majority vote of 

its k nearest neighbors using the Euclidean distance:  

𝑑(𝑥𝑖 , 𝑥𝑗) =  √ ∑ (𝑥𝑖,𝑚 − 𝑥𝑗,𝑚)2

𝑛

𝑚=1

 

• Logistic Regression (LR): The sigmoid function is used to estimate the probability of a 

sample belonging to a class:  

𝑃(𝑦 = 1|𝑥) =  
1

1 + 𝑒−(𝑤𝑇𝑥+𝑏)
 

• Decision Tree (DT): Constructs a tree in which decisions are made by selecting 

features that minimize entropy:  

𝐻(𝑆) = − ∑ 𝑝𝑖𝑙𝑜𝑔2𝑝𝑖

𝑛

𝑖=1

 

where 𝐻(𝑆) is the entropy, and 𝑝𝑖 is the probability of class 𝑖 in data set 𝑆. 

• Random Forest (RF): Builds multiple decision trees and combines their outputs using 

majority voting.  

𝑦̂ =
1

𝑇
∑ ℎ𝑡(𝑥)

𝑇

𝑡=1

 

where ℎ𝑡(𝑥) is the prediction from tree 𝑡, and 𝑇 is the number of trees. 

• Gradient Boosting (GB): Sequentially improve the weak models by minimizing the 

loss function 𝐿(𝑦, 𝑓(𝑥)) using gradient descent:  

𝑓𝑚(𝑥) = 𝑓𝑚−1(𝑥) + 𝛾ℎ𝑚(𝑥) 

where ℎ𝑚(𝑥) is the weak learner, and 𝛾 is the learning rate.  

Each classifier was trained on the extracted feature set and evaluated using the unseen data. 

Performance was measured through accuracy, precision, recall, and F1-score. 

3.4 Model Evaluation:  

This study employed standard evaluation metrics to systematically analyze the performance of 

six classifiers trained on features extracted using existing techniques and the proposed hybrid 

technique. 

• Accuracy: Accuracy measures the proportion of correctly classified instances to the 



Communications on Applied Nonlinear Analysis 

ISSN: 1074-133X 

Vol 32 No. 8s (2025) 

 

1060 
 

https://internationalpubls.com 

total instances  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

where 𝑇𝑃 (True Positive), 𝑇𝑁 (True Negative), 𝐹𝑃 (False Positive), and 𝐹𝑁 (False       

Negative) represent classification outcomes. 

 

• Precision: Measures how many predicted positive instances are truly positive.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

• Recall: Measures how many actual positive instances were correctly classified.  

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

• F1-Score: A balanced measure that calculates the harmonic mean of Precision and 

Recall.  

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

The classification results were compared across six classifiers (SVM, KNN, LR, DT, RF, and 

GB) using these metrics. The best-performing model was identified based on the highest F1-

score and the overall balanced performance. 

Algorithm: Hybrid LDA-NMF for Feature Extraction 

Input: Text dataset D 

Output: Low-dimensional feature set F 

Step 1: Pre-processing: 

    - Convert text to lowercase 

    - Remove URLs, non-words, and stop words 

    - Tokenize text, and apply lemmatization. 

Step 2: Splitting the Dataset &Vectorization 

  - Split the dataset into training, validation and testing sets. 

  - Convert text into numerical representations using TF-IDF   

Step 3: LDA for Topic Feature Extraction: 

    - Define the number of topics K. 

    - Apply LDA to D, generating: 
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            - Topic-word matrix 𝜙, where 𝜙𝑖𝑗 represents the probability of word i in topic j. 

            - Document-topic matrix 𝜃, where 𝜃𝑖𝑗 represents the probability of topic j in 

document i.   

Step 4: NMF for Dimensionality Reduction: 

    - Use the topic-word matrix 𝜙 as input for NMF.  

    - Decompose 𝜙 into two non-negative matrices: 

• Basic matrix 𝑊 ∈ 𝑅+
𝑚x𝑟, where m is the number of documents and r is the reduced 

dimensionality. 

• Coefficient matrix H ∈ 𝑅+
𝑟x𝑛, where n is the vocabulary size. 

    - Optimize W and H by minimizing the reconstruction error: 

min
{𝑊,𝐻}

|| 𝜙 − 𝑊 ⋅ 𝐻 ||F
2  subject to W, H ≥ 0 

where || ⋅ ||𝐹  is the Frobenius norm. 

Step 5: Feature Set Output: 

     - Use coefficient matrix H as the final low-dimensional feature set F for classification. 

Step 6: Classification & Testing: Train machine learning models using feature set F. 

 

IV Result and Discussion 

This section presents the experimental results and performance evaluation of various feature 

extraction techniques and machine-learning classifiers for sentiment classification. 

Experiments were conducted on two datasets—Roe vs. Wade Tweets and IMDB Movie 

Reviews—to assess the effectiveness, scalability, and generalizability of the proposed hybrid 

feature extraction technique across two textual domains. All experiments were performed in 

the Google Colab environment using Python-based libraries, such as scikit-learn, TensorFlow, 

and NLTK, for preprocessing, feature extraction, model training, and evaluation.  

To transform raw textual data into structured representations, multiple feature extraction 

techniques were applied, including BoW, TF-IDF, Word2Vec, LDA, NMF, Hashing 

Vectorizer, and the proposed LDA–NMF hybrid approach. These features were evaluated using 

six supervised classifiers: SVM, KNN, logistic regression, decision tree, Random Forest, and 

gradient boosting. This setup allows a comprehensive comparison of traditional, semantic, and 

hybrid feature representations across classifiers, highlighting the performance and robustness 

of the proposed method. 

4.1 Accuracy Comparison of Feature Extraction Techniques 

The comparative performance of the six existing feature extraction techniques and the proposed 

hybrid method is summarized in Table 2 and visualized in Figure 1,2. Across both datasets, the 
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proposed technique consistently achieved the highest accuracy with all classifiers, indicating 

its ability to capture richer semantic and contextual features from textual data. 

Table 5. Classification Accuracy (%) of Various Feature Extraction Techniques Across 

Multiple Classifiers on Different Datasets 

 
Roe v Wade IMDB 

SVM KNN LR DT RF GB SVM KNN LR DT RF GB 

BoW 85.98 79.22 86.21 84.36 87.78 87.37 63.58 54.68 64.69 54.48 60.71 60.06 

Tf-

IDF 
86.44 80.01 85.05 84.73 87.46 87.04 63.73 58.35 62.78 54.02 61.27 62.98 

Hash 82.83 80.10 82.14 77.74 83.11 83.53 58.90 53.62 60.16 51.91 59.96 61.57 

LDA 78.57 81.49 76.26 85.65 87.97 86.35 63.63 58.55 63.68 56.49 61.32 63.33 

NMF 88.71 86.81 87.27 81.49 86.86 87.88 57.60 52.82 58.70 50.60 55.53 57.75 

W2V 87.97 82.92 88.85 78.53 84.73 85.89 56.29 53.97 56.04 51.21 53.17 56.74 

Hybri

d 
93.06 92.27 92.97 93.01 93.06 93.11 79.18 73.79 79.18 67.15 77.67 78.47 

 

 

Figure 2. Accuracy comparison of feature extraction techniques across six classifiers on Roe 

vs. Wade dataset 

Accuracy Performance of Feature Extraction Techniques across Six Machine Learning 

Classifiers: Roe vs. Wade Tweet Dataset Figure 1. The image displays a line graph showing 

the classification accuracy of different feature extraction methods using six supervised 

classifiers. The accuracy of the methods is shown on the y-axis ranging from 75 % to 95 %. 

Seven different feature extraction methods are mentioned on the x-axis: BoW, TF-IDF, Hash, 



Communications on Applied Nonlinear Analysis 

ISSN: 1074-133X 

Vol 32 No. 8s (2025) 

 

1063 
 

https://internationalpubls.com 

LDA, NMF, W2V and the Hybrid. Six types of supervised classifiers are mentioned: support 

vector machine (SVM), K-nearest neighbors or KNN, logistic regression or LR, decision tree 

or DT, random forest or RF, and gradient boosting or GB.  Different colored lines and markers 

represent different classifiers. The Hybrid LDA-NMF method showed the maximum accuracy 

across all classifiers, ranging between 92.27% and 93.11%. Thus, it performs much better than 

the other feature-extraction methods.  The chart shows that the ensemble methods (RF and GB) 

generally perform better than other classifiers using classical features, whereas the hybrid 

technique increases the performance of all classifiers. This graph confirms that the hybrid 

feature extraction approach is accurate and can be used for the stance-based sentiment 

classification of social media text. 

 

Figure 3. Accuracy comparison of feature extraction techniques across six classifiers on 

IMDB dataset. 

A visual representation of the feature extraction method performance across the six machine 

learning classifiers on the IMDB movie review dataset is illustrated in Figure 2. The line graph 

shows the classification accuracy along the y-axis in the range of 50–80 on the x-axis for seven 

feature extraction methods (BoW, TF-IDF, Hash, LDA, NMF, W2V, and Hybrid) evaluated 

over six supervised classifiers (SVM, KNN, LR, DT, RF, and GB). Each classifier trajectory 

is represented by a colored line marked by data points. The Hybrid LDA-NMF technique 

considerably improves performance. All classifier accuracies show 67.15% to 79.18% results. 

It outperformed the baseline techniques by 5% to 20% points in overall results. It’s worth 

mentioning that standard frequency-based methods (BoW, TF-IDF) yield moderate 

performance (54-65%), whereas standalone semantic methods (LDA, NMsF, W2V) show 

mixed results. The hybrid method produced the highest accuracy with all classifier 

architectures, indicating that it was able to identify the semantic and contextual features among 

longer text documents more effectively for movie sentiment analysis. 
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4.2 Correlation Analysis 

Figure 4. Correlation heat-map of classifier performances on Roe vs. Wade dataset

This is a heat map displayed in Figure 3, which shows that the classifiers performed well in 

relation to one another. The heatmap shows the Pearson correlation coefficients (from 0 to 1) 

of the six machine learning classifiers (SVM, LR, KNN, DT, RF, and GB) assessed on the 

extracted features. The gradient indicates the strength of the correlation: light yellow, low 

correlation; dark purple, very strong correlation (1). The values are indicated for each cell. 

Strong positive correlations (>0.95) were observed between the tree-based ensemble methods, 

DT, GB, and RF. This indicates that these methods follow similar patterns of classification. 

The linear models, LR and SVM, are highly correlated at 0.99, indicating that they have similar 

decision boundaries. KNN is correlated with other classifiers (0.66-0.80) because it is instance-

based.  The correlation between DT and LR is 0.45, showing that they are fundamentally 

different classification approaches. Correlation analysis exhibits distinct classifier clusters and 

shows the necessity of comparing multiple model architectures to properly judge the feature 

extraction quality in stance-based sentiment classification. 

 

Figure 5. Correlation heat-map of classifier performances on IMDB Movie Review dataset

The performances given by the different classifiers are compared to show their correlation, as 

shown in Figure 4. The heat map is symmetrical. The heat map shows the correlations between 

the SVM, LR, KNN, DT, RF, and GB classifiers. The correlation is given on a color scale 
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ranging from light to dark purple. This shows that the correlation is between zero and one. 

Models based on trees (DT, GB, RF) have very high inter-correlations (0.94-0.97) in the movie 

review corpus. The linear classifier (LR and SVM) models are highly consistent (0.98-0.99). 

The KNN correlation with most models is fairly high at 0.93-0.96 but is lower than other 

correlations with models. The overall high correlation values indicate that most classifiers 

agree on processing longer-form review texts. However, subtle differences in performance 

indicate the benefits of multi-classifier evaluations. This study provides insights into classifier 

behavior consistency and shows the robustness of the extracted features under different 

learning paradigms in document-level sentiment analysis. 

4.3 Visualization of Extracted Features 

The visual representation of features extracted by the proposed method (Figure 6 and 7) shows 

distinct and compact clusters, confirming the enhanced discriminability compared to traditional 

methods. 

Figure 6 illustrates the topic-word structure generated using the proposed hybrid LDA-NMF 

technique. In the diagram, each large blue circle represents a topic, whereas the smaller grey 

circles denote the most important words associated with that topic. The connecting lines show 

the strength of the relationship between a word and a topic: solid lines indicate strong, high-

confidence associations, whereas dotted lines represent weaker or shared connections across 

multiple topics. This figure demonstrates how the hybrid technique formed clear groupings of 

meaningful words for each topic. The clustering pattern shows that the model effectively 

identifies dominant keywords and captures subtle associations that may not be detected using 

a single method. Overall, Figure 6 shows how the hybrid approach builds richer and more 

interpretable feature representations for a given dataset. 

 

Figure 6. Extracted features from Roe vs wade dataset

Figure 7 further illustrates the capability of the hybrid LDA-NMF model to capture the 

relationships between topics and their associated words. Similar to Figure 6, each large blue 

circle corresponds to a topic, and the gray circles represent the keywords contributing to that 

topic. The solid lines indicate strong connections, whereas the dotted lines indicate weaker or 
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overlapping relationships between words and topics. This figure highlights the robustness of 

the hybrid model by illustrating how it organizes semantically important words into a compact 

and meaningful structure. Compared to individual LDA or NMF outputs, the hybrid 

representation reveals more detailed interactions and shared patterns across topics. Figure 2 

reinforces that the hybrid technique extracts deeper semantic relationships and provides a more 

comprehensive understanding of the topic–word structure. 

 

Figure 7. Extracted features from IMDB datase

4.5 Misclassification Analysis 

Misclassification patterns (Figures 8–10) reveal that the proposed feature extractor minimizes 

errors for both classes, reflecting improved generalization in the Roe vs. Wade dataset. 

 

 

Figure 8. Misclassification Analysis for Roe vs Wade Dataset for class 0
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Figure 8 displays the patterns of incorrect classification in the Roe vs. Wade dataset for the 

Pro-Choice class 0. According to the line graph, the total number of misclassified pro-choice 

samples (y-axis) for every feature extraction method (x-axis: BoW, TF-IDF, Hash, LDA, NMF, 

W2V, and Hybrid) and for six classifiers, represented by different colors. Of all the classifiers, 

the hybrid approach yielded the lowest misclassification counts across all classifiers. In 

addition, the classification of the class is better in the case of the hybrid approach compared 

with other methods. 

 

Figure 9. Misclassification Analysis for Roe vs Wade Dataset for class   1 

Misclassification patterns for the Pro-Life class (Class 1) across different feature extraction 

techniques on the Roe vs. Wade dataset. The line graph illustrates the misclassification 

frequencies (y-axis) for the Pro-Life stance samples across seven feature extraction methods 

(x-axis) and six classifiers. The Hybrid LDA-NMF technique exhibits minimal error rates 

across all classifier architectures, indicating robust generalization for both stance categories. 

 

Figure 10. Aggregate misclassification comparison across feature extraction methods on the 

Roe vs Wade dataset. 

The grouped bar chart presents the total misclassification counts for each feature extraction 

technique across the six classifiers (color-coded bars). Each cluster of bars represents a 

different classifier (SVM, KNN, LR, DT, RF, GB), allowing direct comparison of the feature 

extraction performance. The Hybrid approach demonstrated the lowest cumulative 

misclassification errors across all classifiers, with significant reductions compared with the 
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baseline methods. This comprehensive analysis confirms the effectiveness of the proposed 

techniques in minimizing both Type I and Type II errors, thereby improving the overall 

classification reliability of stance-based sentiment analysis. 

Misclassification for IMDB Movie Review Dataset:

Misclassification patterns (Figures 11–13) revealed that the proposed feature extractor 

minimized errors for both classes, reflecting improved generalization in the IMDB Dataset.

 

 

Figure 11. Misclassification Analysis for IMDB Dataset for class 0

Figure 11 shows the misclassification distribution for negative reviews (Class 0) across feature 

extraction methods on the IMDB dataset. The line graph plots the number of incorrectly 

classified negative reviews (y-axis) against the feature extraction techniques (x-axis) for the 

six classifiers. The Hybrid LDA-NMF approach achieves substantially lower misclassification 

rates than traditional methods, indicating enhanced sensitivity for detecting negative 

sentiments. 

 

 

Figure 12.Misclassification Analysis for IMDB Dataset for class 1
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Figure 12 shows the misclassification distribution for positive reviews (Class 1) across feature 

extraction methods on the IMDB dataset. The line graph illustrates the error patterns (y-axis) 

across the seven feature extraction techniques (x-axis) for the six classifiers. The proposed 

hybrid method demonstrated consistent superiority in correctly identifying positive sentiments, 

with minimal false negative rates across all classifier types. 

 

 

Figure 13. Aggregate misclassification comparison across feature extraction methods on the 

Roe vs Wade dataset. 

Figure 13 shows a comprehensive misclassification comparison using the feature extraction 

technique on the IMDB dataset. The grouped bar chart visualizes the total classification errors 

for each method across the six classifiers (represented by color-coded bar clusters). Each group 

compares the classifier performance for a specific feature extraction technique. The Hybrid 

approach exhibited the shortest bars across all classifier groups, indicating the lowest total 

misclassifications. The substantial reduction in errors (15-40% improvement over baseline 

methods) confirms the hybrid techniques superior generalization capability and robustness for 

sentiment classification in movie review analysis, validating its effectiveness across diverse 

classifier architectures and text domains. 

4.6 ROC-AUC Analysis 

Roe v Wade: 

Figure 14 shows the Receiver Operating Characteristic (ROC) curves with Area Under Curve 

(AUC) scores for all classifiers on the Roe vs. Wade dataset. The multi-panel plot displays 

ROC curves for six classifiers (SVM, KNN, LR, DT, RF, and GB) with each panel comparing 

the performance across seven feature extraction methods. The True Positive Rate (sensitivity) 

was plotted on the y-axis against the False Positive Rate (1-Specificity) on the x-axis, with the 

diagonal dashed line representing random classification (AUC=0.50). Each feature extraction 

method is represented by a distinct colored curve with corresponding AUC values in the legend. 

The proposed Hybrid LDA-NMF approach (typically shown in red or highlighted color) 

consistently achieves the highest AUC values (>0.93) across all classifiers, with curves 

positioned closest to the top-left corner, indicating superior discriminative ability. The 
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consistent elevation of hybrid method curves above baseline approaches across diverse 

classifier architectures demonstrates robust performance in distinguishing between Pro-Choice 

and Pro-Life stances, validating the effectiveness of the combined topic modelling and 

dimensionality reduction strategy for binary stance classification tasks. 

 

Figure 14. ROC-AUC scores for all classifiers on the Roe v Wade dataset 

IMDB: 

The ROC curves and AUC metrics for all classifiers were evaluated on the IMDB data. The 

six panels show the ROC curves of the different feature extraction techniques and types of 

classifiers depicted in Figure 15, in which the TPR versus FPR curves of the seven methods 

are displayed. We note that the AUC scores of Hybrid were consistently superior over the 

baseline methods, where Hybrid ranged between 0.75-0.85 and baselines from 0.55-0.70. The 

considerable vertical distance between the hybrid method curve and the curves based on 

traditional approaches suggests that with comparable false-positive rates, we can achieve much 
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higher true-positive rates. This indicates that the hybrid method is more sensitive and specific 

for sentiment detection. Hybrid methods perform better than linear (SVM, LR) and nonlinear 

(DT, RF, GB, KNN) classifiers. This shows that hybrid methods are robust and generalizable 

to document-level sentiment analysis. This thorough ROC analysis clearly shows that the LDA-

NMF hybrid feature extraction method is a better alternative that yields superior discriminative 

ability and classification reliability for various ML architectures on different text domains. 

 

Figure 15. ROC-AUC scores for all classifiers on the IMDB dataset 

4.8 Scalability Analysis 

Figures 16–17 demonstrate that the training time increased nearly linearly with the dataset size. 

The proposed technique exhibits stable scalability and maintains consistent performance across 

varying data volumes. 

 



Communications on Applied Nonlinear Analysis 

ISSN: 1074-133X 

Vol 32 No. 8s (2025) 

 

1072 
 

https://internationalpubls.com 

The six classifiers showed training times as the dataset sizes changed for the Roe vs. Wade 

dataset.  The multipanel line graph depicts the computational efficiency for different data sizes. 

Each subplot corresponds to a different classifier, namely, SVM, KNN, LR, DT, RF, and GB. 

The size of the dataset is shown on the x-axis (in number of samples), while the time taken to 

train (in seconds) is on the y-axis with a logarithmic scale displayed in Figure 16, where each 

sub-frame of the figure is represented by seven colored lines showing the various feature 

extraction techniques: BoW, TF-IDF, Hash, LDA, NMF, W2V, and Hybrid.  The proposed 

hybrid approach grows with nearly linear time complexity as the dataset size increases, and it 

is comparable to or better than the existing methods. The hybrid method curve was stable for 

all the classifiers. Therefore, we can say that the computational power is not that high an 

overhead. The computational power was consistent throughout. However, hybrid methods can 

create more sophisticated semantic representations. According to this analysis, the LDA-NMF 

technique possesses practical scalability while also achieving superior accuracy, which means 

that it can be applied successfully in the real world for large-scale social media text analysis 

together with social media stance detection tasks. 

 

Figure 16. Scalability Analysis for Roe V Wade Dataset 

Figure 17 illustrates the impact of the dataset size on the training performance with IMDB 

movie reviews. The six-panel visualization illustrates the complexity of each classifier, 
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showing how long it takes to train the classifier (y-axis, log scale) as a function of the dataset 

volume (x-axis). The Hybrid LDA-NMF method exhibits steady and predictable scaling 

behavior for all classifier architectures, which follows time complexity growth rates similar to 

those of simple feature extraction methods. The hybrid technique produces richer 

representations and remains faster than baseline methods. This combines topic modelling and 

dimensionality-reduction techniques. The slope of the hybrid methods is flat when data 

volumes are increased, indicating that the option is practically viable in nature. The training 

time of the methods is not excessive, even when they are complex, such as Gradient Boosting 

and Random Forest. The scalability study revealed that the proposed hybrid feature extraction 

technique achieves a proper trade-off between classification accuracy and computational cost, 

which makes it suitable for production-level sentiment analysis systems that deal with a large 

volume of text. 

 

Figure 17. Scalability Analysis for IMDB Dataset 
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V CONCLUSION 

This study proposes a hybrid feature extraction approach integrating LDA for topic-based 

feature extraction and NMF for dimensionality reduction to enhance stance-based sentiment 

classification. The experimental results demonstrate that the LDA-NMF hybrid approach 

outperforms traditional feature extraction techniques (BoW, TF-IDF, Word2Vec, LDA, NMF, 

and Hashing Vectorizer) by achieving the lowest misclassification rate (1604) and the highest 

classification accuracy across multiple classifiers. Notably, all classifiers demonstrated 

improved accuracy when using the proposed hybrid approach compared to existing techniques. 

For instance, Support Vector Machine (SVM) achieved 94.19% accuracy, while Gradient 

Boosting (GB) reached 93.71%, reflecting the effectiveness of the LDA-NMF technique in 

generating refined, low-dimensional semantic representations. This consistent performance 

improvement across the classifiers further validates the robustness of the proposed approach. 

By combining semantic feature extraction with dimensionality reduction, the proposed 

method effectively addressed feature sparsity, enhanced classifier decision boundaries, and 

improved sentiment differentiation in stance classification tasks. These findings emphasize the 

importance of structured topic modeling and feature refinement in natural language processing 

applications. Furthermore, LDA uncovered hidden themes in the Roe v Wade case, revealing 

discourses across politics, elections, feminism, bodily autonomy, religion, and human rights. 

Themes related to children's lives and emotions toward unborn children emerged, reflecting 

the deep personal and ethical dimensions of the debate. This thematic analysis highlights the 

multidimensional nature of public opinion, demonstrating how a single case can intersect 

multiple societal and ideological domains. These insights further reinforce the significance of 

topic-driven sentiment analysis for understanding the complexity and interconnectivity of 

public discourse. 

However, as the dataset size increases, traditional machine-learning models struggle with 

scalability. While the LDA-NMF approach proved effective for small-to-moderate datasets, 

deep learning models can enhance performance on larger datasets by capturing richer semantic 

representations. Future research can explore hybrid deep-learning models that integrate topic-

based feature extraction with advanced neural architectures to improve scalability. 

Additionally, real-time stance classification of streaming social media data presents an 

opportunity to enhance dynamic opinion analysis. Finally, cross-domain generalization can 

extend the LDA-NMF approach beyond stance classification, enabling broader applications in 

sentiment analysis and NLP-driven opinion mining. The results confirm that the proposed 

LDA-NMF hybrid approach provides a scalable, efficient, and interpretable solution for stance-

based sentiment classification, offering a strong foundation for future advancements in NLP-

driven opinion mining. 
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