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Abstract: 

Feature-based opinion mining plays a vital role in understanding customer sentiments at a granular level, 

particularly in product review analysis. This study presents a novel stacking ensemble learning framework 

to enhance the accuracy of feature-level sentiment polarity classification. The proposed approach 

integrates Naïve Bayes, Support Vector Machine, and K-Nearest Neighbor classifiers as base learners, 

while a Support Vector Machine is employed as the meta-classifier to effectively combine their 

predictions. To capture contextual sentiment information, a structured dataset comprising Feature–

Opinion–Negation triples is constructed using domain-specific knowledge. The proposed ensemble 

framework is developed and validated using a corpus comprising 4,096 customer reviews related to laptop products. 

Performance evaluation reveals that the stacking-based ensemble significantly outperforms individual models, 

achieving an opinion polarity classification accuracy of 92.5315% at the feature level. The findings confirm that 

leveraging complementary strengths of multiple classifiers through stacking significantly improves 

sentiment classification effectiveness compared to individual learning models. 

 

Keywords— Feature-based opinion mining; Sentiment analysis; Stacking ensemble learning; Meta-classifier; 

Feature–Opinion–Negation triples; Polarity classification; Machine learning 

 

1. Introduction 

The widespread use of online platforms has led to a 

significant increase in user-generated customer 

reviews, which play a crucial role in influencing 

consumer decisions and business strategies. 

However, analyzing these reviews is challenging 

due to their unstructured nature and the presence of 

implicit opinions. Opinion mining, also known as 

sentiment analysis, provides automated techniques 

to extract subjective information from textual data 

and has become an important research area in 

natural language processing. 

Feature-based opinion mining, commonly 

referred to as Aspect-Based Sentiment 

Analysis (ABSA), focuses on identifying 

sentiments expressed toward specific product 

features rather than determining an overall 

review polarity. This fine-grained analysis 

offers deeper insights into user preferences and 

product strengths and weaknesses. Various 
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techniques have been proposed to address this 

problem, including lexicon-based methods and 

machine learning approaches. Among them, 

machine learning techniques have shown superior 

performance due to their ability to learn complex 

patterns from labeled datasets. 

Machine learning models are generally categorized 

into supervised and unsupervised methods. 

Supervised learning approaches often provide 

higher accuracy but may suffer from limitations 

when relying on a single classifier. To address this 

limitation, ensemble learning strategies integrate the 

outputs of several classification models to enhance 

prediction accuracy and strengthen overall model 

stability. These approaches are commonly 

categorized into three principal types: bagging, 

boosting, and stacking. 

Stacking, often referred to as stacked generalization, 

is a powerful ensemble approach in which 

predictions generated by diverse base learners are 

fused through a higher-level meta-model that learns 

the most effective way to aggregate their outputs. In 

this paper, a stacking ensemble learning model is 

proposed for feature-based opinion mining. The 

ensemble architecture consists of Naïve Bayes, 

Support Vector Machine, and K-Nearest Neighbor 

classifiers at the base level, with a Support Vector 

Machine acting as the meta-classifier. The proposed 

approach enhances feature-level sentiment 

classification accuracy and provides an effective 

framework for opinion mining and sentiment 

summarization. 

 

 

2. Related Work 

Opinion mining has been extensively explored 

to analyze sentiments expressed in user-

generated reviews. Early studies mainly 

focused on document-level and sentence-level 

sentiment classification, which failed to 

capture opinions associated with specific 

product features. To overcome this limitation, 

feature-based opinion mining or Aspect-Based 

Sentiment Analysis was introduced. Initial 

approaches relied on lexicon-based and rule-

based methods, but these techniques often 

struggled with domain dependency and 

linguistic complexity. Algorithms such as 

Naïve Bayes, Support Vector Machines, and 

K-Nearest Neighbor have consistently 

exhibited enhanced predictive capability in 

machine learning-based classification tasks. 

More recently, ensemble learning methods, 

particularly stacking, have been adopted to 

enhance feature-level sentiment classification 

accuracy. 

 

3. Overview of the Proposed Stacking 

Ensemble Model 

The proposed stacking ensemble model is 

designed to improve feature-based opinion 

polarity classification by combining the 

strengths of multiple heterogeneous classifiers. 

The model follows a two-level architecture 

consisting of a base learning layer and a meta-

learning layer. This structure enables effective 

integration of diverse decision boundaries 

learned by individual classifiers. 
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At the base level (Level 0), three supervised 

machine learning algorithms—Naïve Bayes (NB), 

Support Vector Machine (SVM) and K-Nearest 

Neighbor (KNN) models are developed using an 

identical annotated dataset. Each learner separately 

captures sentiment-related characteristics from the 

Feature–Opinion–Negation triplets and generates 

initial predictions for opinion polarity. The diversity 

among the base learners helps capture different 

perspectives of the data, thereby reducing individual 

model bias. 

The outputs generated by the base classifiers are 

then used as input features for the meta-level (Level 

1). At this level, a Support Vector Machine acts as 

the meta-classifier and learns how to optimally 

combine the predictions from the base models. By 

analyzing the relationships between base-level 

outputs and true sentiment labels, the meta-

classifier generates the final sentiment polarity 

decision. 

This stacking strategy enhances generalization 

capability and improves classification accuracy 

compared to single classifiers. The overall 

framework effectively addresses challenges such as 

feature dependency, opinion ambiguity, and 

negation handling, making it suitable for fine-

grained opinion mining and sentiment 

summarization tasks. 

 

 

4. Experiments 

A series of experiments was carried out to 

assess the effectiveness of the proposed 

stacking-based ensemble framework on a 

dataset of 4,096 laptop product reviews. Each 

review was preprocessed to extract Feature–

Opinion–Negation triples, ensuring that 

sentiments associated with specific product 

attributes were captured accurately. Standard 

text preprocessing techniques, including 

tokenization, stop-word removal, and 

stemming, were applied to prepare the data for 

training. 

The ensemble model consists of three base 

classifiers—Naïve Bayes, Support Vector 

Machine, and K-Nearest Neighbor—at Level 

0, with a Support Vector Machine as the Level 

1 meta-classifier. The dataset was divided into 

training and testing subsets in an 80:20 ratio, 

and a five-fold cross-validation was employed 

to ensure reliable performance evaluation. 

The model was trained on the base classifiers, 

and their predictions were passed to the meta-
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classifier. Accuracy, precision, recall, and F1-score 

metrics were computed to assess classification 

performance. Comparative experiments were also 

conducted using individual classifiers to highlight 

the advantage of stacking. The results demonstrate 

that the proposed model significantly improves 

feature-level sentiment prediction, effectively 

handling opinion ambiguity, feature dependency, 

and negation. 

 

 

 

Feature-Opinion-Negation Dataset (First 10 Records) 

 

5. Evaluation Metrics 

The performance of the proposed stacking ensemble 

model for feature-based opinion mining was 

assessed using widely accepted calculation metrics 

for arrangement responsibilities. The following 

metrics were computed: 

1. Accuracy: Procedures the overall accuracy of the 

typical by scheming the quantity of properly forecast 

cases to the total number of instances. 

Accuracy �
�� � ��

�� � ��� �� � ��
 

 

2. Precision: Estimates the percentage of properly 

predicted encouraging cases among all cases 

projected as constructive. High accuracy 

specifies fewer false positives. 

Precision �
��

��� ��
 

 

3. Recall (Sensitivity): Procedures the 

percentage of properly forecast constructive 

cases between all real constructive occurrences. 

It indicates the model’s ability to identify 

relevant cases. 

Recall �
��

�� � ��
 

 

4. F1-Score: The consonant mean of exactness 

and recollection, providing a balanced measure 

of model performance, particularly when class 

distributions are imbalanced. 

F1-Score � � �
Precision� Recall

Precision� Recall
 

 

Where TP, TN, FP, and FN represent True 

Positives, True Negatives, False Positives, and 

False Negatives, respectively. 

These metrics together offer a inclusive 

valuation of the model’s facility to categorize 

feature-level sentiments accurately and handle 

imbalanced or ambiguous data in the Feature–

Opinion–Negation dataset. 

 

6. Results 

The experimental results demonstrate the 

effectiveness of the proposed stacking 

ensemble model for feature-based opinion 

polarity classification. The model was 

evaluated on a dataset of 4,096 laptop product 

reviews represented using Feature–Opinion–
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Negation triples. Performance was measured using 

accuracy, precision, recall, and F1-score. 

The proposed stacking ensemble achieved an 

overall accuracy of 92.5315%, outperforming 

individual base classifiers. Among the single 

models, Naïve Bayes showed faster computation 

but comparatively lower accuracy, while K-Nearest 

Neighbor exhibited sensitivity to feature 

distribution and dataset size. Support Vector 

Machine provided better performance than other 

individual classifiers; however, it was further 

improved when integrated within the stacking 

framework. 

The meta-classifier effectively scholarly from the 

calculation forms of the corrupt classifiers and 

adjusted their different misclassifications. This led 

to upgraded accuracy and recall standards, 

representing that the proposed model successfully 

reduced both false positives and false negatives. 

The F1-score also showed a significant 

improvement, confirming the balanced performance 

of the ensemble model. 

The results clearly indicate that combining 

heterogeneous classifiers through stacking enhances 

generalization capability and robustness in feature-

level sentiment analysis. The proposed model 

efficiently handles opinion ambiguity and negation, 

making it suitable for fine-grained opinion mining 

tasks. Overall, the stacking ensemble approach 

provides a reliable and accurate solution for feature-

based opinion polarity identification compared to 

standalone machine learning models. 

 

 

7. Conclusions and Future Work 

This paper presented a stacking ensemble 

learning approach for feature-based opinion 

mining to accurately identify sentiment 

polarity at the feature level. By integrating 

Naïve Bayes, Support Vector Machine, and K-

Nearest Neighbor classifiers as base learners 

and employing a Support Vector Machine as 

the meta-classifier, the proposed model 

effectively leveraged the complementary 

strengths of heterogeneous classifiers. The use 

of Feature–Opinion–Negation triples enabled 

more precise sentiment representation, 

particularly in handling contextual 

dependencies and negation. Experimental 

results on a dataset of 4,096 laptop product 

reviews demonstrated that the proposed 

stacking ensemble model achieved an accuracy 

of 92.5315%, outperforming individual 

classifiers and confirming the effectiveness of 

the ensemble strategy. 

Despite the promising results, several 

directions remain for future research. The 

current model relies on manually extracted 

features and supervised learning, which 

requires labeled data. Future work can explore 

automated feature abstraction using deep 

learning systems such as convolutional or 

transformer-based representations. 

Additionally integrating devotion mechanisms 

may further increase the handling of implicit 

features and complex linguistic structures. The 

proposed framework can also be extended to 

multilingual datasets and real-time opinion 
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streams from social media platforms. Finally, 

hybrid models combining ensemble learning with 

deep neural architectures may further improve 

scalability and sentiment classification performance 

across diverse domains. 
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