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ABSTRACT 

Social media platforms like X platform (formerly Twitter) and online review websites 

like Amazon Reviews allow people to express their opinions about a brand’s products 

or services. To obtain competitive intelligence, brands can leverage this online user-

generated content, through opinion mining, to extract useful insights to help them 

monitor their online reputation. Existing methods of brand reputation monitoring are 

mostly manual or automated to perform direct opinion mining with respect to a specific 

brand. In contrast, comparative opinions convey much more precise opinions about a 

specific brand relative to its competitors. Research in comparative opinion mining is 

rapidly gaining traction because of its extensive range of applications in areas such as 

brand reputation monitoring. Past studies utilizing machine-learning approaches have 

largely focused on applying single machine-learning models to perform direct opinion 

mining, targeting opinions about single entities. Results from the resultant tools are 

often misleading because they disregard opinions expressed towards other entities in 

comparative opinion data. Mentioning multiple entities in a comparative text 

potentially alters the polarity of opinions towards a target brand. Typically, existing 

models were built and tested using a limited number of comparative opinion labels and 

datasets, and were applied to a couple domains. Consequently, their reported 

performance may not be optimal in multi-label classification problems, comparative 

opinion mining, other application domains, and with larger datasets. Attempts at 

comparative opinion mining have largely focused on comparative sentence extraction 

using single machine learning models, thereby not leveraging the benefits of hybrid 

machine-learning models. In contrast, multi-label classification and exploitation of 

hybrid models consisting of machine learning models and/or deep learning models have 

shown performance improvements in model accuracy, transfer learning, data sparsity 
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handling, domain adaptation, robustness, and model generalization even on complex 

and huge datasets. Through systematic literature analysis, data analysis, empirical 

analysis, and statistical analysis methods, the researcher developed and validated a 

hybrid machine-learning model for comparative opinion mining using datasets from 

multiple domains. The model was applied to brand reputation monitoring for target 

brands as a proof of concept. The Multilayer Perceptron (MLP), which is a deep 

learning model, served as the base model because of its improved flexibility in feature 

extraction, minimization of prediction errors, and ease of integration with single models 

like Random Forest (RF) that served as the top-level model. The hybrid models 

outperformed the single models in accuracy and f1-score across multiple datasets, 

leveraging count vectors and trigram features. The lowest classification accuracy was 

92.1%, while the highest was 93.0%. The MLP and RF hybrid model outperformed the 

other hybrid models and had a prediction efficiency of 0.1 milliseconds. The statistical 

tests show a significant difference between the performance (accuracy) of hybrid 

models and single models. Engaging three human experts in validating the hybrid 

model revealed that the hybrid models were generally more accurate and efficient than 

the single models. This is because hybrid models leverage the strengths while 

diminishing the weaknesses of single models. Therefore, hybrid models are more 

suitable for applications like brand reputation monitoring.  
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CHAPTER ONE 

INTRODUCTION 

1.1 Background Information  

The quest for advanced intelligent business acumens derived from consumer opinions 

is snowballing predominantly attributable to globalization, the swift acceptance of 

mobile as well as web computing tools, and stiffening rivalry owing to intensified 

promotion competition between brands in the same business sector (Vidya et al., 2015). 

An opinion is a subjective appraisal, judgment, emotion, or view regarding an entity or 

subject matter, and it consists of a target and sentiment (Liu, 2012a). Opinion entities 

consist of products and/or services of various business brands, events, issues, and topics 

of interest. Opinions are conveyed directly (involving one entity) or comparatively 

(involving multiple compared entities). An instance of a direct opinion is “iPhone is 

good.” In this case, the opinion has a positive sentiment towards iPhone because of the 

positive opinion word “good.” In other cases, opinions can target multiple entities. An 

example of this is “iPhone is better than Nokia.” In this example, the reviewer has a 

more positive opinion towards iPhone, relative to Nokia. Regular or direct sentences 

have no comparisons between entities. Mining of direct opinions is relatively easy 

because the expressed opinion relates directly with the only mentioned entity in a text. 

 

Comparative opinion sentences, on their part, express opinions by referring to multiple 

entities; hence, they present unequivocal arrangements amid various objects pertaining 

to the definite measurable properties  (Varathan et al., 2017). An instance of a 

comparative opinion is, "iPhone is better than Nokia.” In this example, the opinion 

holder (reviewer) indicates his/her preference of iPhone (entity 1) over Nokia (entity 2) 

based on aspects of comparison not mentioned in the review. This example used the 
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comparative word “better.” Comparative words establish a directional relationship 

between two entities in a comparative opinion. Superlatives, conversely, are used to 

compare more than two entities, depicting the utmost grade in terms of the compared 

feature. One case of an opinion using a superlative is, “Mercedes is the best brand for 

cars.” In this example, the opinion holder has the positive view or sentiment that 

Mercedes brand is better than any existing brand on matters concerning cars (a product). 

This comparison does not explicitly mention the other entities in the opinion text.  

 

Opinion mining refers to the application of  natural language processing (NLP), 

computational linguistics, as well as text analysis in the identification and extraction of 

subjective information from textual material (Varathan et al., 2017). This involves 

using specialized computational resources to explore the opinions, sentiments, 

attitudes, and emotions of a person. It therefore presents immense discernments for 

business entities (Liu, 2015). It is one of the techniques brands used to monitor their 

online reputation (van Doorn et al., 2010; Gürsoy et al., 2017; Passon et al., 2019). 

Opinion mining offers a massive potential for commercial businesses, exclusively due 

to the amplified acceptance and substantial electronic customer data that businesses can 

be able to leverage from the data. Consequently, social media analysis has its core 

rooted in opinion mining (Liu, 2015). The huge volumes of data associated with 

customer opinions is cumbersome to evaluate, calling for automated methods for 

obtaining generalized opinion summaries (Ravi and Ravi, 2015). Opinion mining is 

also known by two alternative terms: sentiment analysis and opinion analysis (Ravi & 

Ravi, 2015; Varathan et al., 2017; Ligthart et al., 2021; and Wankhade et al., 2022).  

 



3 

 

 

  

Comparative opinion mining is a technique that involves comparing opinions about 

various brands in a particular market segment or industry. Brand reputation monitoring 

is important for any business that wants to gain key insights into how their customers 

as well as their competitors perceive the brand. This aids the businesses to make timely 

and informed decisions, enhances their customer relations, and aids the brand to remain 

competitive in their respective market (Li, 2012a). Businesses can apply comparative 

opinion mining to perform competitor analysis by comparing the opinions attributed to 

their brands versus those attributed to their competitor brands mentioned in the same 

texts (Baziotis et al., 2017). Brands can also leverage comparative opinion mining to 

determine customer preferences to help them develop business strategies in favor of 

customer preferences and better brand reputation (Kumar et al., 2010). These lead to 

market positioning based on strengths and weaknesses identified in customer opinions 

(Lee & Jeong, 2022). Lastly, comparative opinion mining is critical in brand reputation 

monitoring by providing real-time feedback through programmed monitoring of brand 

associated opinions on platforms available online.  

 

To apply comparative opinion mining in brand reputation monitoring, several 

challenges must be overcome. First, the quality of comparative opinion texts needs to 

be improved for use by automated tools. Second, online comparative opinion texts may 

be dynamic and domain-specific (Pang & Lee, 2008), making it difficult for humans to 

handle in an effective and efficient manner. Third, handling comparative opinions that 

contain superlatives require that comparative opinion mining models be trained on 

adequate domain-centric datasets to learn the highest number of possible entities, 

features, and relations that could exist in comparative opinion texts that use comparative 

and superlative words (Ravi and Ravi, 2015). This challenge has proven difficult for 
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existing statistical and lexical approaches to handle. Lastly, humans cannot cope with 

the vast amounts of online opinions (Ravi & Ravi, 2015). For these reasons, brands 

require to leverage the benefits of automated comparative opinion mining models to 

automatically monitor their online reputation in a more effective and efficient manner.  

 

Beyond the traditional approach of using direct opinion mining, a brand could monitor 

the performance of its reputation in relation to its rival brands. This is critical in helping 

the brand make informed decisions in support of its business operations as well as 

forecasting business performance (Gürsoy et al., 2017; Chen et al., 2017; and Younis, 

2015). Traditional opinion mining methods demand that human agents manually 

classify or categorize and summarize opinions from text data. Consistent with this, 

business data analysts therefore utilize various feedback platforms such as online 

review sites and social media platforms to extract useful opinions, which help in 

monitoring the broad customers’ feelings concerning the brand –an  indicator of the 

brand’s online reputation (Wang & Li, 2016; Wang et al., 2015). However, this method 

is sluggish and costly although useful in labeling opinion datasets (Vidya et al., 2015). 

 

In keeping with Asghar et al. (2014), distinctive computerized scrutiny of opinion data 

for brand reputation monitoring  can be achieved through opinion mining. Because of 

the benefits of using computing technologies, several research works have concentrated 

on how automated opinion mining may profit brands. To accomplish this, past studies 

have dissimilar automated models with varying performance results in comparative 

opinion mining. This is partly for the reason that diverse performance metrics as well 

as datasets are applied in diverse experimentations. Numerous studies have intensely 

researched on the exploitation of supervised ML methods, involving algorithms such 

as Random Forest, and Stochastic Gradient Descent (Vidya et al., 2015). Other studies 
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have involved DL models like the Multilayer Perceptron (Ondara et al., 2023), 

Convolutional Neural Networks, Long Short-Term Memory, and Recurrent Neural 

Networks, in line with Gulli and Pal (2017) and Ligthart et al. (2021).  

 

Jindal and Liu (2006) conducted a pioneering study in comparative opinion mining, 

proposing the comparative sentence mining (CSM) and comparative sentence 

identification (CSI) tasks for identifying comparative sentences and extracting pre-

defined comparative quintuples (subject, comparative aspect, object, comparison type, 

and relation word) from user-generated content. Their approach incorrectly assumed 

that all comparative opinion texts have single comparative relations (Liu, Xia, & Yu, 

2021). Yang and Ko (2011) applied ML models including support vector machines 

(SVM) to extract comparisons. Pachenko et al. (2019) and Ma et al. (2020) used 

comparative preference classification (CPC) for the identification of explicit 

comparative preference (ECP) between two entities. However, CPC required pre-

annotated entities, making its implementation unfeasible (Liu, Xia, & Yu, 2021). 

Besides, ECP relied on keywords like “better,” “none,” and “worse,” which sometimes 

lead to ambiguities. To overcome this challenge, Liu, Xia, and Yu (2021) extended the 

work by Jindal and Liu by adding more textual contexts such as adverbs and adjectives 

that follow relation words like “less” or “more.” This was besides handling negation in 

the comparisons. They recommended the use of deep learning models in future studies.  

 

This chapter is organized as follows: - Section 1.2 presents the statement of the 

problem, followed by 1.3 on justification. Section 1.4 presents the research objectives, 

1.5 covers research questions and 1.6 presents the research hypotheses. Section 1.7 

covers the significance of the study, while section 1.8 outlines the scope and limitations. 

Assumptions are in Section 1.9. Lastly, 1.10 presents the language convention used.  
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1.2 Statement of the Problem  

Brands with online presence are keen to benefit from the mentions of their brands 

(including products or services) alongside competitor brands, expressed in comparative 

opinion reviews. leveraging the mentions can help them improve customer satisfaction 

and manage their reputation (Weitzl, 2019). At present, direct opinion, mining models 

are largely in use. Their main problem, however, is that they disregard opinions about 

other mentioned brand entities. In contrast, comparative opinions offer precise, 

competitive information about an entity based a customer’s experience with other 

entities (Gao et al., 2018). The presence of multiple entities in opinionated text 

potentially changes the opinion polarity towards a brand (Yueyang & Wang, 2019). 

Direct opinions present opinion judgment errors (Varathan et al., 2017). Comparative 

opinion mining attempts to address this. Hitherto, research on the extraction of 

comparative elements (sentences, entities, aspects/features, and relations) has been 

done. Still, lexical and statistical approaches have proven inadequate in handling 

language nuances like unusual comparison words and comparative words like 

“compare” and “comparison.” These problems often require machine-learning and/or 

deep learning models to analyze such intricate language patterns and entity relations 

(Bengio et al., 2013). The hybrid model’s performance could be improved through 

manual inputting of entity names, which would be more efficient than carrying out 

named entity recognition. Accuracy in feature selection could be improved through a 

deep learning algorithm such as a Multilayer Perceptron, which has the capacity to 

automatically learn and extract important features from the data.  A machine learning 

algorithm such Random Forest, with known high accuracy in feature selection 

capabilities could be used too. In the hybrid model, features are selected using the base 

model such as Random Forest.  
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After examining numerous state-of-the-art machine-learning and deep-learning models 

for comparative opinion mining, the researcher observed that the current models do not 

have optimal performance. Araque et al. (2017) and Liu, Xia, and Yu (2021) 

recommend the use of deep learning in comparative opinion mining. Most studies have 

used single models yet each model has its strengths and weaknesses. Performance could 

be improved through hybrid classification models, which have proven to outperform 

single models in opinion classification accuracy by leveraging the strengths of the 

combined single models (Wankhade et al., 2022). Despite this, the researcher still found 

limited studies on the exploitation of hybrid machine-learning models in COM. 

According to Varathan et al. (2017), 88% of online customers trust online reviews in 

making transaction-related decisions. However, there are few studies on the application 

of comparative opinion mining models in brand reputation monitoring (Varathan et al., 

2017). Therefore, this study aimed at developing a hybrid machine-learning model for 

comparative opinion mining in brand reputation monitoring.  

 

1.3 Justification  

Existing brand reputation monitoring tools are either manual, semi-automated, or 

automated but with the limitation of focusing on direction opinion mining (with 

potential opinion class judgment errors). Existing machine learning based tools for 

brand reputation monitoring primarily perform direct opinion mining, ignoring the fact 

that 10% of user-generated content has comparative opinions that communicated 

precise user opinions about specific brands and their competitors (Varathan et al., 2017; 

Liu et al., 2021). There is, therefore a need to develop a model that performs 

comparative opinion mining and apply it to brand reputation monitoring for improved 

competitive intelligence for brands. (Z. Liu et al., 2021)  
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1.4 Objectives 

1.4.1 General Objective  

To develop a hybrid machine-learning model for comparative opinion mining based on 

data analysis, theoretical analysis, and empirical results from the performance of 

objectively selected existing machine-learning models for comparative opinion mining. 

 

1.4.2 Specific Objectives 

1. To perform an empirical analysis of objectively selected, existing machine 

learning and deep learning models for comparative opinion mining. 

2. To develop a hybrid machine-learning model for comparative opinion mining. 

3. To evaluate the performance of the hybrid machine learning model using 

primary and secondary data.    

 

1.5 Research Questions 

RQ1: How would a hybrid machine learning model for performing comparative 

opinion mining on different datasets be designed using machine learning classifiers? 

 

RQ2: What is the efficiency of the different machine learning techniques in performing 

comparative opinion mining on different datasets for online user reviews? 

 

RQ3: Which one is the most efficient opinion mining classifier based on the 

comparison of different machine learning classifiers (hybrid classifiers versus single 

classifiers)? 
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1.6 Hypotheses 

H01: There are no statistically significant performance differences between the hybrid 

ML models and the single ML models in COM. 

HA1: There are statistically significant performance differences between the hybrid ML 

models and the single ML models in COM. 

 

H02: There are no statistically significant performance differences in COM between the 

different hybrid ML model. 

HA2: There are statistically significant performance differences in COM between the 

different hybrid ML models in COM. 

 

H03: There are no statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of dataset choice. 

HA3: There are statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of dataset. 

 

H04: There are no statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of feature extraction technique. 

HA4: There are statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of feature extraction technique. 

 

1.7 Significance of the Study  

Brand managers can use the hybrid ML model for COM developed in this study to 

monitor their online reputation by leveraging the model’s capability to analyze 

comparative reviews to gauge the reputation of a brand relative to a competitor brand. 

This is achieved through the preferred brand indicator. 
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A corporate or individual brand with an online presence may leverage the hybrid ML 

model developed in this study to detect key words and aspects that represent what 

online customers / consumers are engaging on more frequently whenever a certain 

brand is mentioned. This could help brands identify specific brand, product, or service 

aspects that are performing poorly for the purposes of making improvements. 

 

For researchers in artificial intelligence, machine learning, and natural language 

processing, this study could be important in selecting the right approach to 

implementing classification models for comparative opinion mining. This is because 

the results of this study show that hybrid machine-learning models outperform 

individual machine learning models on average. 

 

Developers of machine learning and deep learning tools can use the findings of this 

study to select classification algorithms and feature extraction techniques with optimal 

results in COM tasks. This study’s findings may be the default or preferred choice. 

 

Business competitors may use the results obtained from the hybrid ML model in this 

study to monitor the performance of their competitors for purposes of competitive 

intelligence. This may translate to getting a competitive advantage in the industry. 

Policymakers could use the results of this work to influence the making of online 

reviews and social media data freely accessible to enhance studies in COM. The 

findings of this study show that people trust only reviews. Therefore, public opinions 

on online platforms may need to be made freely or cheaply accessible. 
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1.8 Scope and Limitation 

1. This research was limited to applying the model to two brands (entities). The 

computational complexity of handling more than two entities was a limiting factor. 

2. Free comparative opinion datasets involve global brands. The researcher created 

datasets on local brands for benchmarking (Liu et al., 2021) but the sizes were small.   

3. This study focused more on understanding opinion classes in relation to brands. 

Due to time and technical implementation constraints, aspect mining was minimal.   

4. Pioneering studies used Chinese and Korean datasets. However, due to language 

constraints, this work used datasets in English langue, which are fewer smaller. 

5. Opinion spam detection is a multifaceted issue. The developed hybrid model 

handled this at a basic level, by ignoring identical opinions from the same user.   

 

1.9 Assumptions 

This study assumed that the data used had balanced opinion classes. It assumed that the 

opinions in the data were trustworthy. The study also assumed that the computing 

environment used did not affect the effectiveness of the models in COM.  

 

1.10 Language Convention 

Published literature on opinion mining uses some technical words interchangeably in 

spite of the inherent technical differences between them. For uniformity, this study uses 

these phrases or words as were found in the original sources.  
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Phrase Often, Loosely Used Alternative Phrase 

Deep Learning Algorithm Deep Learning Technique 

Feature Extraction Technique Feature Extraction Model 

Hybrid Model Hybrid Machine Learning Model 

Machine Learning Algorithm Machine Learning Technique 

Opinion Sentiment 

Opinion Class Opinion Label / Polarity / Sentiment Class 

Opinion class Opinion polarity / Sentiment Class (Polarity) 

Opinion Mining  Sentiment Analysis 
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CHAPTER TWO  

LITERATURE REVIEW 

2.1 Introduction  

For at least ten years now, the Internet, supported by Information and Communications 

Technologies has enabled people to share their opinions vis-à-vis different entities 

including brands, brand products and services on online platforms (Alsaeedi & Khan, 

2019). These online platforms include social media sites like X platform (formerly 

Twitter), microblogging sites, discussion forums, blogs, and product review websites, 

for instance, Amazon Reviews website (Younis, 2015; Saberi & Saad, 2017). In the 

year 2010, Amazon published 500,000 reviews about its electronic gadgets. After three 

years, this number rose to 2.5 million reviews (Marneffe & Manning, 2012). By the 

year 2023, this number grew to 18.3 million according to McAuley Lab (2023).  Data 

Science experts forecasted a 4300% percentage increase in the next 10 years (Chen & 

Manning, 2014). Consequently, various enterprises exploit online reviews and social 

media in monitoring brand perceptions and seeking to fight off stiff business rivalry.  

 

A survey carried out by the American Futures Group revealed that more than 90% of 

Forbes top-performing 500 global companies and 82% of large businesses adopt 

competitive intelligence (CI) for their risk management and strategic decision-making. 

To identify possible risks, such firms gather and scrutinize information on their rivals’ 

plans and products. This in turn helps the firms learn the comparative strengths and 

weaknesses of their individual products and/or services for purposes of designing better 

campaigns and products or services that can countervail those of their rivals. 

Traditionally, CI information was obtained from trade journals and analyst reports, both 

of which were in the format of press releases. Recently, news sites and competitor sites 
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have proved useful sources of CI information. However, the information from these 

two sources is limited, and its objectivity is questionable. Fortunately, with the rapid 

proliferation of Web 2.0, there is a rising number of consumers with the prospect to 

define their opinions and sentiments about products and services of brands through 

diverse channels and platforms, such as social media network sites, online shopping 

sites, and blogs. Opinions gathered from these sources are a natural source for the CI 

needs of firms (Xu et al., 2011).  

 

Here is an example of a comparative opinion: Nokia C34 has a stronger signal than 

iPhone 6. Many studies have largely concentrated on identifying opinion polarities that 

customers express towards products. Unfortunately, this does not address the main CI 

problem, which is to gather and analyze information about their competitors in a bid to 

identify potential risks and prepare appropriate strategies to compete better. Users 

frequently prefer comparing several competitive products that share some functions or 

features (Kessler & Kuhn, 2013). Consequently, customer reviews have become a rich 

source of comparative opinions used to identify the strong selling points and 

weaknesses of products, design new business strategies and products, and analyze 

threats and risks from a brand’s competitors (Xu et al., 2011).  

 

This chapter entails a comprehensive review and critique of published literature relating 

to opinion mining with an emphasis on comparative opinion mining. Section 2.2 

presents the theoretical framework, highlighting theories behind the value of opinion 

mining as well as those for selecting ML algorithms and feature extraction techniques. 

Section 2.3 presents the fundamentals of brand reputation monitoring, while Section 

2.4 introduces opinion mining. Section 2.5 presents the opinion mining process model. 

Section 2.6 covers comparative opinion mining. Section 2.7 handles comparative 
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opinion mining, while Section 2.8 addresses opinion-mining approaches. Sections 

presents ML algorithms used in opinion mining followed by Section 2.10 that covers 

DL algorithms used in opinion mining.  

 

Section 2.11 documents existing hybrid machine-learning models. Section 2.12 

presents the criteria for selecting ML algorithms for classification tasks while Section 

2.13 addresses the Ensemble learning method for developing hybrid ML models. 

Feature extraction techniques are covered in Section 2.14, followed by model / 

algorithm performance evaluation metrics described in Section 2.15. Statistical tools 

and libraries for opinion mining are described in Section 2.16 followed by datasets in 

Section 2.17. The applications of comparative opinion mining are presented in Section 

2.18 while the challenges of opinion mining are in Section 2.19. Section 2.20 presents 

the specific challenges in comparative opinion mining, followed by Section 2.21 

covering the research gaps in comparative opinion mining. The conceptual model 

underpinning this study is in Section 2.22. Section 2.23 presents the conceptual process 

model. Finally, Section 2.24 summarizes this chapter.  

 

2.2 Theoretical Framework 

This section presents some of the relevant theories behind comparative opinion mining, 

brand reputation monitoring, the criteria for selecting machine-learning or deep-

learning algorithms, and the criteria for feature selection techniques in comparative 

opinion mining. 
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2.2.1 The Affective Control Theory  

The meaning that a person extracts from a given word is a fundamental aspect that is 

associated with the Symbolic Interactionism paradigm, which avers that the actions of 

people towards other individuals or things relies on the meanings they ascribe to the 

them (Money, 2023). The meaning associated with words excludes any emotive 

response that such words conjure in the minds of their users. The affective Control 

Theory asserts that people sharing a language and/or customs within a cultural 

background attribute explicit meanings to some words, which may differ across 

different cultures. Therefore, deprived of suitable contextualization, words could 

convey incorrect affective meaning. A word’s transient meaning is based on the context 

of word in its usage, which is a key aspect in opinion mining particularly in determining 

opinion class. In return, opinion polarity could be used to assess brand reputation.  

 

The semantic differential technique is used to detect objective meanings of different 

words used within compound dimensional semantic spaces (Ploder & Eder, 2015). Each 

dimension represents a scale such as good versus bad and cheap versus expensive. 

These dimensions were most substantial in defining the peculiarities amid the several 

meanings of words, which diminishes the semantic space to a three dimensional cube. 

An instance of a 3D dimension is Evaluation in the form of good versus bad. This 

evaluation is behind the creation of culture-precise dictionaries for specific countries 

like the United Kingdom and Japan.  
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2.2.2 Dissonance Theory 

This theory postulates that consumers have some apparent differences as they interact 

with each other in relation to products or services offered by specific brands. According 

to the pioneer of this theory, dissonance depicts non-fitting connections amidst diverse 

cognitions. People experience some psychological disquiet when their opinions diverge 

from those of other people on the same subject matter (e.g. brand). A different study 

holds that customers engaging with a brand whose products or services are not so 

distinct from their rivals often also experience this dissonance (de Vries et al., 2023) 

and often end up sharing their opinions with other people about the specific entities 

they are currently engaged with. 

 

Thus, out of dissonance, many customers engage in sharing their opinions about the 

products or services of specific brands in a bid to strengthen their belief or seek a better 

alternative from other reviewers with better experience in using rival products and 

services. Brands, using such reviews, end up launching comparative advertising to help 

bolster their competitive advantage (Soscia et al., 2017). This theory is useful in this 

study as it underpins the essence of opinion generation and reaction by users. The fans 

or customers of a specific brand are unhappy when their brand is mentioned negatively 

as this is a source of discomfort or dissonance. In brand reputation monitoring, brand 

managers are interested in understanding the positive or negative mentions about their 

brands, which helps them gauge the reputation of their brand over time.  
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2.2.3 Self-Categorization Theory and Social Identity Theory 

These two theories help people to know that the individualities of persons combined 

with their group affiliations have a chief part to play in shaping an individual’s attitudes 

as well as beliefs about different things within the same social or organizational setting 

that promotes teamwork and socialization (Reynolds et al., 2015). Therefore, the social 

identity of a person is a function of more than a few factors comprising social 

categorization, group membership worth, and group appraisal. As a result, a positive 

social identity leads to positive self-esteem among the people involved, while on the 

other hand, a negative social identify results in enduring rivalry and social movement 

activities to help produce a positive perception or reputation for the group one belongs. 

The incentive behind an individual member of a group contributing in social 

comparison is for such people to develop or promote positive distinctiveness of their 

group (Trepte & Loy, 2017). For this reason, the researcher of this work believed that 

whenever people publish online comparative reviews, they are motivated by the fact 

that the product or service of their brand may not be serving them better than a 

competitor’s product or service.  

 

2.2.4 Theories for Feature Selection Techniques 

One of the critical factors in ML is feature selection, which hugely affects the prediction 

power and accuracy of a ML model (Hamdard & Lodin, 2023). It helps eliminate 

additional variables in a given dataset thereby reducing the overall model complexity. 

The utmost factor in opinion classification accuracy is the choice of relevant features 

(Gürsoy et al., 2017). Hence, much attention should be given to feature selection 

process. Accordingly, there are two crucial theories that could aid the efficient selection 

of features in ML projects.  
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i. Information Theory – this theory proposes the use of the Point-wise Mutual 

Information to characterize related information amid data features as well as classes 

(Medhat et al., 2014). PMI is used to measure the association involving comparing 

the probability of any two events happening together to the probability of such 

events happening independently. In this study, this theory was used to establish the 

relationship between variables (brand entities and their respective opinion 

polarities). For instance, the probability of an opinion towards a certain brand being 

positive when the brand is mentioned together with another brand as compared to 

the probability of the brand being positive when it is mentioned alone. This is 

critical when considering direct opinion mining in relation to comparative opinion 

mining with the understanding that comparative opinion mining provides much 

more precise opinion polarities about a certain brand unlike direct opinion mining. 

In a comparative opinion-mining model, determining the opinion classes for each 

entity in comparative opinion text may give different opinion results than when 

direct opinion mining is performing, assuming that only one entity was mentioned.  

 

ii. Rhetoric Structure Theory – this theory is applicable in the chunking and 

tokenization tasks during data preprocessing before model training (Medhat et al., 

2014). This may explicate the acceptance of n-grams in addition to word vector 

features. This has its application behind data pre-processing, involves breaking 

down text into tokens and vectors. For instance, in data preprocessing when 

carrying out comparative opinion mining, an opinion review may be broken down 

into words to form n-grams such as unigrams, bigrams, and trigrams, depending on 

the count of words combined to form a block. These blocks of words could be 

opinion words, brand entities, relation words, or features for use in COM.  
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2.2.5 Theories for Selecting Machine Learning Algorithms 

A key theory in the selection of ML algorithms is the No Free Lunch (NFL) theorem. 

NFL theory advances that there does not exist an algorithm that has universally superior 

performance across different problem domains and tasks. Every ML algorithm exhibits 

complex relationship with the nature of the task or problem it was developed to solve. 

Therefore, there is no universal algorithm for various ML projects (Rushing, 2022).  

 

2.3 Brand Reputation Monitoring 

Considering the attractiveness of social media platforms like X and online customer 

review sites like Amazon Reviews, it is at this time beneficial for enterprises to leverage 

these platforms for business insight on their clients’ perception of their brands. This is 

for the reason that online consumers certainly utilize these platforms in making product 

or service reviews, or simply share their feedback on their experience with specific 

businesses. Their feedback often carries a positive or negative with respect to the brands 

or entities of interest. Any recognized negative view (opinion) could help the reviewed 

brand to take corrective action to care for their reputation (Sebastiani et al., 2012). 

 

2.3.1 Brand Reputation Fundamentals 

The speedy propagation of electronic commerce across the globe has been driven by 

the snowballing implementation of mobile as well as web computing technologies. 

These two technologies have amplified the ease of access to online consumer reviews. 

This has made it possible for different brands to have an online presence. Subsequently, 

online consumers have an opportunity to interact with their favorite brands. For 

instance, the Amazon reviews website provides Amazon’s customers with a chance to 

provide opinions on the goods they have purchased from the retailer, through the 

website. The feedback is typically, as a product reviews. Gürsoy et al. (2017) maintain 
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that such reviews benefit likely consumers in attaining a superior appreciation of a 

merchandise before concluding on buying it. Brands, alternatively, exploit these online 

reviews to screen the opinions of their customers concerning their products and brand  

(Gürsoy et al., 2017; Passon et al., 2019).  

 

Accordingly, review websites are a prospective treasure house for brands that want to 

gauge the perceptions and engagement levels of  their customers in relation to the brand 

(Neri et al., 2012). Brand innovation and online user interaction influence the reputation 

of a brand (Al-Dmour et al., 2023). However, because online users interact based on 

the products and services of a brand, capturing their opinions will also lead to capturing 

opinions relating to innovation factors that influence a brand's reputation. This is 

because; opinions targeting a brand are usually above a specific product or service of 

that brand. The Semantic Differential model finds its use in quantifying consumer 

responses concerning brands (Ploder & Eder, 2015).  

 

The connection between a brand and its clients may be delicate. Before Web 2.0 and 

mobile computing technologies, the institution of online product review websites and 

social media platforms, customers' voices were secluded from the structure of managing 

a brand's reputation, as their voices were not able to extend to multitudes of other 

customers. Fortunately today,  platforms like Amazon Reviews, X platform, and 

YouTube allow their clients to share their opinions about an entity they are interested 

in (Ahmad et al., 2018). Thus, it is stress-free for a grievance (negative opinion) from 

a discontented customer to the reach of many people instantly. These digital platforms 

also make it stress-free for prompt brand reputation disruptions for cogent or irrational 

purposes, with the potential of heaping immense pressure on the brand’s consumer 

rapport by adjusting how customers perceive a brand. This is often a cause for anxiety 
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among reputable brands. Businesses try to uphold a decent relationship with their 

clienteles to mitigate their brands against market impulses including customer churn.  

 

To exemplify the impact of online consumer reviews, in the year 2011, Taco Bell 

restaurants were forced to swiftly react using both YouTube campaign and additional 

digital sources to address an alarm raised by a particular group. The group was calling 

for the United States Food and Drug Administration to measure the quantity of drugs 

in the company’s foods. In a different instance, Domino Pizza were obligated to 

confrontation the problem of a YouTube video showing a member of staff inserting a 

pizza into his nose in advance of serving it to a customer. This unfortunate event took 

the company's president to reply similarly, through YouTube. The president confirmed 

that the assertions made against the business were derived from on a hoax video, 

possibly, a case of intentional reputation damage by a rival. In addition, the president 

made an apology to his loyal customers and highlighted the actions the establishment 

would take against the individual or individuals behind the fake YouTube video. These 

examples shows that actions taken by customers or competitors regarding a business 

brand can quickly ruin the company’s reputation, lead to loss of loyal customers and 

hence revenue, and by extension, cause customer churn (Ahmad et al., 2022).  

 

Therefore, business entities need to be a little more vigilant to safeguard their reputation 

in the wake of the progressively increasing number of enthusiastic online roles of 

consumers comprising opinion influencer in addition to consumer regulator (Shang et 

al., 2023). Accordingly, businesses need to find a tactic of relating with their shoppers, 

responding to their queries, solving bogging disputes, and supporting themselves. Thus, 

businesses should have vigorously involved Chief Executive Officers and other teams 
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across the various functions to address the reputational risks linked to negative business 

brand mentions online.  

 

Setiawan and Sutarso (2023) found that persistent brand reputation monitoring, chiefly, 

in exceedingly interactive environments like online reviews, and social media 

platforms, must be addressed to manage the threats to a brand’s online reputation. 

Nonetheless, the motive for brand reputation monitoring irrespective of the platform 

used or data source involved should be to shape and sustain customer trust via well-

timed responses to voiced concerns along with enhancing consumer trust. Tripopsakul 

and Puriwat (2023) found that trust issues are common in brand reputation 

management. Online consumers have high levels of trust in blogs. This level is lower 

on opinions conversed via Facebook and X platform (Tripopsakul & Puriwat, 2023).  

 

A research carried out by Invoke Solutions generated numerous acumens into the types 

of central features in the advancement of trust concerning consumers and their preferred 

brand. Foremost, they established that a website that allowed online participants to post 

positive as well as negative opinions was trusted more than the websites that restricted 

or prohibited the posting of negative reviews. Second, they observed that good websites 

had superior content, making reputation monitoring more statistically appropriate. 

Their observations demonstrate that the size of audience or the length of one’s stay on 

a certain website or platform does not affect trust levels. Subsequently, a website or 

social media platform with several reviews generates better-quality results in a bid to 

define customer opinions towards the business the online customer reviewed. Online 

reviews in addition to social media are convenient; they have enormous amounts of 

data, which can leverage to gauge the reputation of a brand based on the opinions shared 
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by the online consumers. Due to intensified commercialization of goods and services 

in the worldwide market, customers are additionally attracted to genuine brands. Brand-

linked notions for instance brand equity and brand loyalty have been delved into. Given 

the attractiveness of digital social media platforms for instance X, many companies 

endorse their merchandise online, through these platforms (Alsaeedi & Khan, 2019).  

 

2.3.2 Techniques for Measuring Brand Reputation Online  

To measure brand reputation online, one would need to track and analyze different 

metrics associated with a brand’s presence and perception online (van Doorn et al., 

2010). This section presents some of the methods commonly used to measure the 

reputation of a brand. 

 

i. Brand mentions:  This entails regularly monitoring the rate of recurrence and 

context in which a specific brand is mentioned online (Lusch & Vargo, 2014). 

Currently, tools such as Sprout Social, HootSuite, and Google Alerts help with 

tracking the mentions of a brand on news sites, social media platforms, and blogs 

(van Doorn et al., 2010).  

 

ii. Sentiment Analysis: This technique entails the application of NLP together with 

machine learning algorithms to analyze the sentiment of online conversations 

about a brand. Examples of such tools are NetBase, Mention, and Brandwatch. 

These tools identify both negative and positive sentiments towards a brand.  
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iii. Social Media Engagement: This entails tracking brand metrics like comments, 

followers, shares, and likes on a brand’s social media platform. A strong 

reputation and strong customer loyalty are depicted by high levels of social media 

engagement. Social media analytic tools like Buffer are applicable in measuring 

social media engagement levels pertaining to a brand (van Doorn et al., 2010; 

Smith et al., 2012).  

 

iv. Online Reviews and Ratings: This entails tracking and consequently analyzing 

both online reviews and online ratings of a brand on sites like Amazon, Google 

My Business, and Yelp. The baseline is that both high ratings and positive reviews 

are deemed to depict a positive (good) brand reputation while low ratings and 

negative reviews translate to negative brand reputation (van Doorn et al., 2010).  

 

v. Web Traffic: This entails measuring the volume and sources of web traffic 

flowing into a brand’s website. Useful tools for this include Google Analytics, 

which  tracks and identifies sources of referral traffic to a brand’s website (van 

Doorn et al., 2010).  

 

2.3.3 Online Reviews and X Platform as Sources of Opinion Reviews Data 

There are four leading gains for brand monitoring via social media data and online 

reviews: 

1) The X platform provides a rich source of comparative opinions for brand reputation 

monitoring (Fronzetti Colladon, 2019). 

2) At times, users create X platform handles, targeting a specific brand to discuss a 

particular issue. This sometimes brings about viral content that can shape or kill a 

brand’s reputation depending on the overall opinion polarity (Kaur, 2016).  
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3) Social media platforms including X and YouTube have vast data volumes. This 

provides sufficient data for reliable model testing and validation (Liu et al., 2017). 

4) Finally, X platform data is available to developers via a Developer API. At the time 

of carrying out the pilot test, X platform data was freely available. However, later, 

when branding changed from Twitter to X platform, charges were introduced for 

accessing tweets. Nonetheless, opinion data on X platform is good for brand 

reputation monitoring using opinion mining tasks and processes (Das et al., 2018).  

 

There are many reasons for choosing Online Reviews 

1) Effectively, the whole lot of information on online reviews relate to a brand (a 

brand’s products or services). This makes it easier for ML algorithms to detect 

entities like brand names, and service names to increase operational proficiency. 

2) Products registered on Amazon.com, for instance, have accurate product / brand 

names. A classification algorithm applied to such data would demand less 

computational resources and still achieve high efficiency and effectiveness. 

3) Online reviews such as Amazon reviews website often have a five-star rating 

system, which can be applied to cross-reference, confirm, or moderate outcomes 

from opinion mining. A 5-star rated review should have a positive opinion / view. 

4) Online reviews are accessible via a Developer’s Application Programming 

Interface (API). 
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2.4 Opinion Mining 

As stated by Liu et al. (2017), a useful review involves some form of argument. 

Captivatingly, online reviews carry proof and motives behind one’s opinion about a 

reviewed product / service besides just the sentiment. Ngo-Ye & Sinha (2014) applied 

a mishmash of text data and features like fiscal value to aid envisaging the efficacy of 

analyses acquired from online review websites like Amazon Reviews. This study 

benefitted from appreciating that online reviews are advantageous to online shoppers 

interested in making acquisitions at e-commerce platforms like Amazon and EBay.  

 

2.4.1 Introduction to Opinion Mining  

An opinion is a personal statement, assessment, view, feeling, or attitude expressed 

towards an entity from the perspective of an opinion holder (Liu, 2012a; Sebastiani et 

al., 2012). Opinion mining, which is otherwise also known as sentiment analysis is a 

common research area in  research fields for instance NLP, Information Retrieval, Data 

Mining, Text Mining, and Web Mining for the extraction and analysis of diverse 

opinions frequently presented in the form of text (Saranya et al., 2016).  

 

According to (Varathan et al., 2017), opinion mining is the application of NLP, 

Computational Linguistics, in addition to Text Analysis in the identification and 

extraction of subjective information found in textual content or materials. Opinion 

mining is therefore a key component in the advancement of better-quality products and 

services as well as aiding good business administration. Repeatedly, this leads to the 

analysis and classification of opinions about a certain entity (ideasov.com, 2019).   
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2.4.2 Applications of Opinion Mining 

Recent times have witnessed a rapidly growing interest in opinion mining because it 

offers a plethora of tools for the scrutiny of public opinions on different topics 

(Varathan et al., 2017). 

i. Business intelligence – the utilization of opinion mining in an enterprise to 

obtain the views of their customers towards different product and/or services 

for purposes of improving product quality or other aspects like pricing model 

(Diamantini et al., 2019). 

ii. Would-be customers of a given merchandise or service benefit from the 

opinions of past customers in deciding whether or not to buy a product / service 

(Vidya et al., 2015) 

iii. Governments could use opinion mining to understand the wants and needs of 

their citizens for the purposes of prompt action (Arunachalam & Sarkar, 2013).  

iv. Politicians could benefit from opinion mining in their bid to understand the 

thoughts of their voters regarding them (Laver, Benoit, & Garry, 2003). 

There are four common types of opinions: 

i. Direct opinions – these are opinions about a certain entity without comparing 

that entity with another entity. These opinions are also known as regular 

opinions. For example:  

“The durability of a Dell Laptop is good.” 

ii. Comparative opinions, on the other hand, are opinions concerning an entity but 

with respect to comparable entity. In essence, this is achieved through 

comparative statements. Here is an illustration of a comparative opinion 

statement: 

“The durability of Dell laptops is better than that of HP laptops.” 
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iii. Explicit opinions – opinions stated unequivocally in a statement/sentence. For 

instance:  

“The resolution of Sony Cameras is amazing.” 

iv. Implicit opinions – opinions conveyed indirectly in a neutral sentence. For 

instance: 

“The smartphone stopped charging yesterday.” 

 

2.5 Opinion Mining Process Model 

This section describes the generic process of performing opinion mining. 

Notwithstanding there being considerable exploration in the area of opinion mining, the 

researcher found limited information that could help create a standardized model for 

comparative opinion mining. A case in point, Arora and Bansal (2020) used a six-step 

model. In their model, the initial step is data extraction. This is then followed by pre-

processing, results and finally, making inferences. Then again, El Haddaoui et al. 

(2018) preferred an opinion mining model that is made up of four steps. Their model 

begins with data acquisition and finishes with results visualization.  

 

However, from literature analysis, the entire model of opinion mining entails the 

subsequent major steps as presented: Data Collection, Data Preprocessing, Feature 

Extraction, Opinion Classification, Model Validation and Evaluation, as well as 

Integration (Kane et al., 2016). These steps may still be classified into four: Data 

Gathering, Data Preprocessing, Model Training, Opinion Classification, and Model 

Results (Kalaivani & Thenmozhi, 2019). Based on the model described earlier, for 

instance, data pre-processing includes feature extraction while the model excludes the 

integration phase as found in the model by Kane et al. (2016). Bjurstrom and 

Plachkinova (2015) developed the Desktop Methodology and endorsed it for the 
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development of opinion mining models. They used X data. The methodology involved 

three phases: Data collection, opinion mining, and visualization. Data pre-processing, 

model training and classification are grouped into a single step.  

 

2.5.1 Data Collection and Feature Extraction 

Opinion mining begins with the collection of opinion data. This data is used to develop 

an opinion-mining model, a process that involves training an algorithm on the collected 

data to learn the features that could help it predict opinion classes when presented with 

new unlabeled data. After data collection, the process involves feature extraction. 

Features may include opinion words, entities, natural language features like syntactic 

and semantic features, and machine features like n-grams. These features are obtained 

from textual data. The classification algorithm (also known as the classifier) then 

converts the mined features into a statistical representation. This numeric representation 

is usually in the form of a vector. Usually, each vector element denotes the rate of 

recurrence of a word as found in a lexicon (dictionary of polarized words. This is the 

vectorization process, also known as the feature extraction process. Characteristically, 

this consist of by means of bag-of-n-grams. A more topical improvement in feature 

extraction saw the creation of word embedding or word vectors to help capture 

synonyms of words with the sole aim of enhancing opinion classification accuracy. 

 

2.5.2 Model Training  

To carry out opinion mining, a classification model is first developed. This involves 

model training and validation using opinion data. During model training process, the 

selected algorithm learns from the presented text input, which is known as a training 

dataset. This dataset corresponds to precise outputs with respect to the test samples –

provided through model training. The feature extractor transfers the input into a feature 
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vector. The sets of feature vectors with their associated outputs or tags are input the ML 

algorithm to create the ML model. During prediction, the feature extraction technique 

converts unfamiliar inputs to corresponding feature vectors. These are then input the 

ML model to produce predicted outputs. Usually, the outputs are in the form of opinion 

classes, which include positive and negative for binary classification or positive, 

negative, and neutral for trinary classification. 

 

2.5.3 Classification of Opinions 

This step consists of using ML models like Random Forest (RF) or DL algorithms such 

as Multilayer Perceptron (MLP) to classify opinions from the provided data in keeping 

with the corresponding opinion polarities.  

 

Figure 2. 1 Opinion Mining Process (Source: Rathor et al., 2018). 

Upon effecting this stage and classifying opinions according to their polarities, the 

ensuing phase involves making a summary of the opinions gotten. Along with Arboleda 

et al. (2017), the bottommost level of opinion summarization yields raw summative 
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opinions specially for several reviews thus finalizing with the aggregate numeral of 

opinions that are positive versus opinions that are negative. This approach is common. 

One more method involves mining descriptive words or phrases or sentences that are 

most regularly be revealed in the dataset. In conclusion, summarization of opinions may 

concentrate on displaying how the extracted opinions concern a definite product or 

subject contained in the source of data. 

 

Figure 2. 2 The Process of Opinion Mining  (Source: Rathor et al., 2018). 

2.5.4 Lexicons or Dictionaries for Opinion Mining 

There are many lexicons in use in opinion mining. These include but is not limited to 

Opinion Lexicon for Opinion Mining, SentiWordNet, Emoticon Sentiment Lexicon, 

and Sentiment Lexicons for 81 languages.  

 

2.6 Comparative Opinion Mining  

This section presents the fundamental of COM, how to mine comparative opinion 

elements (sentences, entities, features, and relations).  
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2.6.1 Fundamentals of Comparative Opinion Mining 

Comparative opinion mining is a sub-field of opinion mining concerning the 

identification and extraction of information that is expressed in a comparative way 

(Varathan et al., 2017). They present a comparison of at least two entities such as brands 

from the perspective of an opinion holder. An example of a comparative sentence is 

“Nokia smartphones are more durable than Samsung smartphones.” This sentence 

depicts a user’s attitude towards the two brands based on the durability aspect of their 

smartphones. In the evaluation of various entities, comparative opinion mining is very 

significant given that it offers a point of reference for the comparison. Unlike direct 

opinion mining, which has witnessed significant research, COM has not been widely 

researched as it is an emerging field that concentrates on the expansion of approaches 

and tools for the automatic detection of opinionated information and subsequent 

determination of the opinion polarity towards  a particular target (Varathan et al., 2017). 

Often, an opinion target is a named entity like a brand, topic, or event. This makes 

opinion mining a suitable area of interest for researchers interested in extracting 

valuable information regarding public views. 

 

While comparative opinions are often expressed using comparative or superlative 

adjectives or adverbs, there exists comparative sentences that implicitly use 

comparative words or even those that use comparative words in a non-comparative 

sentence (Varathan et al., 2017). As such, mining comparative opinions is an exciting 

exploration area since comparisons are used in marketing and brand monitoring. 

Comparative opinions necessitate a dissimilar definition than direct opinions (Liu, 

2015a; Xu et al., 2011). The following are five examples of comparative opinions, 

showing various language nuances in depicting comparisons between two entities.  
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For each instances above, the product features and the relationship between the two 

entities are placed in parentheses. For instance, Example 1 shows that there are two 

entities in the comparative text: Nokia N95, and iPhone. The feature upon which these 

two product entities are compared is the camera of the two phone products. The entity 

relation uses the comparative word “better” to separate Nokia N95 to the left and iPhone 

to the right. The flow of the opinion polarity indicates that the first entity (Nokia N95) 

and the second entity (iPhone). The “>” shows that the first entity is better than the 

second entity. The “<” shows that the second entity is better than the first entity. One 

could infer that the brand behind iPhone (i.e. Apple) needs to improve the camera 

quality of the compared iPhone to avoid revenue loss (Xu et al., 2011).  

 

2.6.2 Mining Comparative Elements 

In opinion research, comparative opinions are characterized by four elements, which 

require special techniques for handling, according to (Varathan et al., 2017). These four 

elements constitute four difficult tasks that are not easy to compare hence the need for 

different techniques to detect and handle them separately. These four elements 

constitute comparative opinion data. For this study, therefore, at least two entities were 
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required to ensure that there are relations to detect and analyze in order to establish 

directional opinions. In this study, the entities were represented by brand names. The 

features were the brand, product, or service aspects mentioned in the opinion while the 

relation is attributed to the opinion holder’s attitude towards one brand relative to 

another by use of comparative words and phrases.  

 

Table 2.1 Elements of Comparative Opinion Mining 

Element Description Technique 

Sentence This is a comparative sentence. Sentence detection 

Entity Comparative sentences have multiple comparable 

entities (e.g. brands) mentioned together. 

Entity detection 

Relation This is the association/link between or among the 

entities mentioned in the comparative sentence. 

Relation detection 

Feature This is an aspect forming the basis for the 

comparison of entities mentioned together. 

 

Feature detection 

2.6.3 Comparative Opinion Sentence Detection 

A pioneering study on mining or extracting comparative sentences was carried out by 

Jindal et al. (2006). The intent in this study was to detect and extract sentences that had 

comparisons between entities. However, a study by Li et al. (2011) attempted extracting 

product comparisons from comparative texts. In general, research works spanning nine 

years (2006 to 2015) on COM concentrated on comparative opinion sentence detection 

using various approaches. The approaches studied included machine learning, lexicon 

approaches, and associative rule mining. The focus was largely on supervised learning 

methods like lexicon approach as well as association rule mining (Wang et al., 2015). 
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2.6.3.1 Sentence Detection Using Machine Learning Techniques 

Recently, the primary techniques for detecting and extracting comparative opinion 

sentences are machine-learning based. This is evidenced in the upsurge in the number 

of studies exploring the application of machine learning techniques in comparative 

sentence detection or extraction. For example, SVM, which is a supervised machine 

learning technique to detect comparative sentences (Wang et al., 2015). However, this 

technique was integrated with a rule mining technique. A different study worked on 

identifying comparative sentences in Chinese texts using rule mining approaches 

(Sebastiani et al., 2012). In a number of these studies, rules were applied while in other 

studies; NLP approaches like syntactic and semantic rules were incorporated in 

identifying comparative sentences for final extraction using a ML technique.  

 

2.6.3.2 NLP Techniques  

A few studies have covered the application of syntactic approaches to comparative 

sentence detection. Gu and Yoo (2010) who used statistics and sentence structures to 

identify comparative sentences carried out one such study. In their study, any sentence 

that contained specific comparative words like “more” and “than” were extracted for 

eventual classification as being comparative sentences.  

 

2.6.3.3 Association Rule Mining  

Liu et al. (2013) studied the application of rule mining technique that was supervised 

learning based on the identification of comparative sentences. Again, this study 

involved Chinese texts, using syntactic structures. In later studies, sentence structures 

were explored. Dependency trees have also been studied to establish their effectiveness 

in mining comparative sentences. Unfortunately, for quite some time, past research 

focused on mining comparative sentences instead of comparative opinion sentences. 
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Sentences can have comparisons without any opinions stated in the sentence. Such 

sentences should not be mined or identified as comparative opinion sentences.  

 

2.6.4 Entity Detection 

This yields valuable information; which consumers need when making decisions on 

what product or service they should opt for while the same information helps business 

organizations to identify their present business rivals in a bid to handle their competition 

better. In the context of opinion mining, an entity has many representations such as a 

product, person, service, or other. However, for purposes of entity detection, the focus 

is in identifying the name of a brand or model. In comparative sentences, the 

identification of entities is a challenging task because in user-generated content, the text 

is often in non-standard form, the names are not always properly written or abbreviated, 

the spellings may be erroneous, and the grammar of the text may be improper. Thus, in 

comparative opinion mining, the researcher need to be more careful when performing 

entity detection to overcome the above nuances. Thus, entity detection in comparative 

opinions requires much more specific or specialized techniques than when dealing with 

handling formal texts since comparative opinions are expressed in informal language. 

There are four popular ways of carrying out entity detection for COM: 

 

2.6.4.1 Entity Detection Using Machine Learning Techniques  

Conditional Random Fields (CRF) technique has been applied to entity detection in 

comparative sentences. CRF is applied in entity identification by means of end word 

present in every element phrase in a specific domain knowledge. Liu et al. (2013) found 

that the CRF is better than the baseline technique in terms of recall and precision that 
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techniques that that rely on every word in a sentence to detect an entity. However, the 

CRF technique has only been used successfully to retrieve entities in Chinese texts text. 

 

2.6.4.2 Entity Detection Using Lexicon Techniques 

The lexicon approach is the most popular in entity identification. For example, Xu et 

al. (2011) used custom-generated lexicon dictionary consisting of names of mobile 

phones and specific attributes to make it possible to perform entity detection because 

entities can be identified by different names. For example, in online reviews and tweets, 

“iPhone 6 plus” is also identified as “iPhone6+” or “6+.” In their dictionary (lexicon), 

they encompassed various variations of the product’s name, brand name, and 

abbreviations of the product’s name. A closest-first method was used to address the 

challenges of words referring to words like “it” or “the” referring back to a previously 

mentioned entity. To avoid duplication of entities, entities mentioned differently, such 

as “S2” referring to “Samsung 2” were addressed via anaphora through post processing.  

 

Tkachenko and Laus (2014) realized that comparative entities ought to have been 

mentioned together before. Their focus was on sentences with strictly two entities using 

custom-made dictionary based on the matching approach especially because there were 

no named entity relations in the texts they were studying. Fieldman et al. (2017) 

identified entities on the basis that such entities must have been mentioned together in 

the same sentence. In their approach, a dictionary was created to capture all versions of 

the entity names used in the text. However, this approach has the limitation that it is not 

possible to capture all variations of an entity. To overcome this challenge, the focus 

shifted to using brand names as opposed to model names or product names. This is 

because product or model names often have variations while brand names often remain 

relatively the same hence yielding better results in entity detection. In fact, this is why 
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simple pattern matching applied to a dictionary or lexicon of brand names combined 

with POS tagging gave better results in entity detection as opposed to other techniques.  

 

2.6.4.3 Entity Detection Using Rule-based Techniques 

Rule-based techniques for named entity recognition depend on the use of dictionaries, 

predefined patterns, and grammatical rules in the identification of named entities 

(Sureka et al., 2009). This technique involves the use of nouns and pronouns to detect 

and extract entities in comparative sentences. This task requires manually selected 

comparative keywords, POS tags such as comparative adjectives and adverbs as well 

as superlative adjectives and adverbs. The rules specified based on these can be used to 

identified entities where relationships based on the above POS tags. The main limitation 

of this technique is that some texts or sentences considered comparative by this 

approach are unfortunately non-comparative but use comparative or superlative words. 

Such texts or sentences contain facts and only include comparative or superlative 

words, which does not make them opinionated comparative sentences. The technique 

is therefore misleading in this aspect (Jindal et al., 2006).  

 

2.6.4.4 Entity Detection Using Text Mining Techniques 

In this approach, every sentence is considered as having an object and a subject, which 

can be from the brands or models of a product. To differentiate between object and 

subject in a comparative sentence, the similarity value was used. If an entity has a high 

similarity value it is considered as the subject while the entity possessing a subordinate 

similarity value is treated as the object. Then, the Jaccard coefficient is applied to mine 

the entities found in comparative sentences (Varathan et al., 2017).  

 



40 

 

 

  

In conclusion, whereas correct entity identification or detection is key in comparative 

opinion since it sets the basis for handling relation detection and feature detection, the 

challenge is finding a reliable technique. As of 2017, CRF techniques were the only 

ways to detect entities in comparative opinionated texts when using machine-learning 

approaches. While the use of POS tag analysis, dictionaries, and domain knowledge 

may work, the process is tedious and in the world of big data, some entities may not be 

detected. Further to this, all past studies have only focused on comparative opinionated 

sentences with only two entities. For these reasons, further studies would be needed to 

explore other ML techniques like Random Forests in entity detection as well as the 

attempt to process sentences with more than two entities.  

 

2.6.4.5 Entity Detection Using Deep Learning Techniques 

DL models like BERT could leverage contextualization of information and the 

relationships in words to identify entities and their relationships with opinions (Devlin 

et al., 2019).  

 

2.6.5 Relation Detection 

The task of relation detection is paramount in the sense that it aids in establishing 

relationship between entities as well as how the entities are ranked in a comparative 

opinion text. A major benefit of relation detection is competitor analysis as it provided 

relevant information about how one entity relates with a competitor entity. On their 

part, customers will be able to compare products, services, or brands to determine which 

one is more suitable for their needs. From past studies on relation detection, machine 

learning techniques, lexicon techniques, graphical modeling techniques, and one-side 

association techniques have been attempted. 
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2.6.5.1 Machine learning techniques 

A generated model was created and used to handle both entity-level and sentence-level 

comparisons based on both supervised and unsupervised ML techniques. This model 

managed to detect the preferred entity. At first, they attempted doing this by making 

use of the bag of words model, which proved inadequate. Then, they used the sigmoid 

ranking function to achieve better results in detecting the relation between entities in a 

comparative sentence (Tkachenko & Lauw, 2014). An entity “A” that is preferred to 

entity B does not automatically become the favorite entity in a set of comparative 

sentences. This is similar to how graphical models perform (Kurashima et al., 2008). 

 

2.6.5.2 Lexicon techniques 

Many researches have attempted using this technique in performing relation detection 

for use in comparative opinion mining. For example, for relation detection to be 

possible using lexicon approach then five elements must be present. This includes the 

relation word, entity 1, entity 2, features, and type (Jindal et al., 2006). In a comparative 

statement, entity 1 and entity two are linked with a relation word. The type element 

shows if the relation is equative, equal gradable, non-equal gradable, or superlative. 

The limitation of this method is that the rules for using this approach are inadequate.  

 

2.6.5.3 Graphical model techniques  

Kurashima et al. (2008) created a graphical model to represent entity relationship 

without considering features of such entities. Then, they ranked the entities against 

competing entities. Their model relied on query done by a user on one or many entities 

to show the general comparative relationship. One of the earliest studies on graphical 

model techniques proposed the application of SVM-based map to detect entity 

relations. In their proposed model, the map composed of entities, entity attributes, and 
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relations between entities based on the attributes. Their model was capable of 

identifying the existence of comparative relations using attributes linking entities 

together. While in their study, they were able to detect relations between three entities; 

their primary focus was on direct (simple) relations. Moreover, they used a small dataset 

of 217 comparative relations that they obtained from Amazon. Such a small dataset is 

not good for training machine-learning models because the performance of it on larger 

datasets could be significantly different (Xu et al., 2009).  

 

Another graphical model was developed later to help with the interpretation of relations 

between entities. This model identified all entities in the dataset used. The benefit of 

this visualization model was that businesses could be able to use it tracking the strengths 

and weaknesses of their competitors versus their own strengths and weaknesses in 

relation to the products or services mentioned in comparative reviews. The challenge 

was that it could only handle direct relations such as “I like Nokia Smartphones.” This 

statement does not show relational direction hence difficult to establish entity 

preference. Later, they researched on detecting directional relations in comparative 

opinion reviews for business intelligence. Their new approach used a two-level CRF 

model that had no fixed interdependencies. This model proved more powerful in 

extracting useful relations but the performance was not very good (Xu et al., 2011).   

 

Another attempt at graphical models involved developing a model to compare entity 

relations based on aspects like features, ease of use, and design. Every of the aspects 

was represented using an integrated graphical model that considered all comparative 

appraisals. This approach benefitted customers in identifying products with superior 

aspects based on feature superiority scores. Their models integrated K-means clustering 

with SVM as some of the techniques to attain better results. The limitation with this 
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approach was that some products features were irrelevant in helping customers make 

product choices. For instance, performance as an aspect or feature does not work for 

products like clothes and books. Another research that is similar to this one was done, 

relying on a search query to retrieve all competitor entities and features that had 

similarity with the search query results. With the entities and features ranked, users 

were able to have options from which they could choose their preferred entity or feature 

(Tkachenko & Lauw, 2014).  

 

2.6.5.4 one-side association techniques 

This approach was used to detect relations in comparative opinion texts and help 

identify the preferred entity. The focus of this study was to help consumers select the 

best options. The approach used to relate entities in a sentence based on opinion aspects 

in a sentence, which was derived from context dependent opinion that showed if a given 

comparative word bore a positive opinion or negative opinion. For instance, the 

existence of the comparative word “more” is not always indicative of a positive opinion 

without considering the context in which it is used and the entity it references. 

Therefore, in their model, a count of the frequency of co-occurrence of both features 

and comparative words to establish one-side associations. The model considered 

synonyms and antonyms of words. To detect preferred entities, adverbs, adjectives, and 

features were used. Negation was used to identify potential reversal of preference in a 

comparative sentence.  

 

In conclusion, most of the studies on relation detection have used machine-learning 

approaches. Fewer studies used lexicon-based approaches while others used rule-based 

approaches. There is therefore room to study other approaches including unsupervised 

machine learning techniques, text-mining techniques, and deep learning techniques. 
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Identifying which entities co-occur together could be very helpful to businesses that 

want to know their rivals while consumers would be able to identify the best product or 

service quickly.   

 

2.6.6 Feature Detection 

This section explains the various techniques used in feature detection. This includes 

words, machine learning features, natural language features, statistical features and 

pattern matching. 

 

2.6.6.1 Words as Features 

With the wide-ranging application of opinion mining in the programmed classification 

of several online reviews, a majority of the present-day machine learning models use 

Random Forest and Stochastic Gradient Descent algorithms among others. The models 

assign classes to every user-generated opinion granting in a few cases, the attention of 

polarity is a sentence instead of the complete text. According to Carrillo-de-Albornoz 

et al. (2018), the bulk of these scholarly works have concentrated on choosing the most 

suitable and appropriate features since, herewith, the model’s performance can be 

enriched. The bag-of-words (BOW) feature model is a predominant classification 

feature model in opinion mining. An improvement on the BOW model led to the 

creation of what is known as the Term Frequency — Inverse Document Frequency (TF-

IDF). TF-IDF is premised on computing the value of each word in a piece of text (Pang 

et al., 2012).  A different common feature is the sentiment-based dictionaries and 

subjective words or word-phrases (de Albornoz et al., 2010). Others consist of part of 

speech (POS) words and opinion words (Taboada et al., 2011).   

 



45 

 

 

  

Words are the central or core features in opinion mining (Kane et al., 2016; Kauffmann 

et al., 2019;  Tripathy et al., 2017; Pantano et al. 2019). Conversely, since there are 

characteristically various kinds of words in comparative reviews, it aids to stipulate the 

specific words that are relevant to opinion mining. The key factor in classification 

model accuracy for ML algorithms is the choice of important features. Accordingly, the 

normal approach to feature selection is the utilization of a combination of vector 

representations of selected feature, which are classically referred to as n-grams 

(Almatarneh & Gamallo, 2018). In the n-gram model, if n = 1 then the features are one-

word phrases (or unigrams). If n = 2 then there are two uninterrupted word phrases as 

features, that are called bi-grams. If the n = 3 then there are three consecutive word 

phrases (tri-grams). Hence, these three are the most frequently used features in opinion 

mining (Kalaivani & Thenmozhi, 2019). Features may take other forms and meanings. 

Polarity lexicons, bag of words, and word embedding among other features are vital in 

the detection  of advanced opinion polarities like “least negative”,  and “most positive” 

in addition to their application in the commonly-used positive, neutral, and negative 

opinion classes (Almatarneh & Gamallo, 2018). 

 

Extracting and analyzing opinions, subjective information, and emotions from textual 

content is the foundation of opinion mining. Textual content consists of both natural 

language features and machine features that play diverse roles in seizing these 

distinctions within opinions. Two most prevalent features are opinion terms and POS 

tags (Varathan et al., 2017). Opinion terms and POS tags are the most popular features. 

Other features include keywords, statistical feature words, manual rules, words, entity 

types, sequence patterns, comparative words, and class sequential rules. For improved 
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nuanced and accurate opinion classification, it is important to combine natural language 

features and machine features.  

 

2.6.6.2 Machine Features 

Features that incorporate structural and quantitative attributes extracted from text 

content are referred to as machine features. They provide important patterns and 

contexts that help in opinion analysis and ultimately, opinion classification.  

i. N-grams and Bag-of-Words: the extraction of contiguous sequences of n items (i.e. 

n-grams), together with representing these words using bag-of-words helps in 

capturing patterns of word frequency (Mikolov, Chen, Corrado, & Dean, 2013)  

ii. Part-of-Speech Tagging (POS Tagging) – this is helpful in the identification of 

grammatical structures within a given sentence for purposes understanding of 

different opinion nuances (Hutto & Gilbert, 2014). 

iii. Character and Word Counts – the frequency of characters and words can offer 

insight into the intensity and length of an opinion (Pang & Lee, 2008). 

iv. Punctuation usage – punctuation marks in text can also indicate tone, emphasis or 

emotion (Kiritchenko et al., 2014).  

v. Emoji usage and capitalization – emoji and uppercase letters can convey intensity 

and opinion class (Novak et al., 2015). 

vi. Readability Metrics – Flesch-Kincaid readability score is one of the readability 

metrics that can give insights into the difficulty of opinions (Flesch, 1948). 
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2.6.6.3 Natural Language Features 

i. Opinion Words – to reveal sentiment orientation (opinion class), the identification 

of explicit opinion expressions such as “I love” is useful (Wiebe et al., 2005). 

ii. Opinion Words –opinion polarity is directly affected by the presence of positive 

and negative sentiment words (Liu, 2012b). 

iii. Subjectivity Markers – in the identification of subjective opinions, it is important to 

identify subjectivity markers like “in my opinion” or “I think” (Wilson et al., 2005).  

iv. Negation handling – it is important to handle negated phrases or any negation in 

text to achieve accurate opinion mining (Taboada et al., 2011).   

v. Dependency Parsing – to understand how entities relate with opinions in the same 

text, it is important to analyze the grammatical dependencies existing between 

words (Manning & Schütze, 2000).  

 

Since feature information is critical in comparative opinion mining, product or service 

features are often considered. Features are the foundation for decision making when 

comparing entities. For example, “Nokia phones are more durable than Samsung 

phones” provides durability as feature for comparison and this is useful information for 

those interested in buying durable phones. Features therefore add significance to 

entities in comparative statements.  

 

2.6.6.4 Statistical techniques 

Different attempts have been made to detect features for purposes of performing 

comparative opinion mining using statistical techniques. Sun et al. (2009) built a 

database of features based on product-related sentiments. In their model, products were 

compared using features stored in the database. To support customer requirements in 

comparing products based on features / aspects, tree models were built. Using past 
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reviews, a recommender system was proposed that accounted for all features in 

previous reviews. Using product features from Amazon, supported by an evolutionary 

tree to establish how a product evolves over time, they were able to create a system that 

informed of the evolution of a product based on its features. Unfortunately, this 

approach did not address the issue of synonyms of features found in the various reviews. 

Synonyms like “photo” and “image” were wrongly treated as different features. 

 

2.6.6.5 Pattern matching techniques  

A generative model encompassing information derived from the sequence of specific 

features was suggested by Tkachenko and Lauw (2014). The features are then 

categorized into negation features and syntactic features. In this approach, negation 

features were associated with targeted words while syntactic features were aimed at 

analyzing the position of words in a sentence. Frequently used product features were 

included. The findings revealed that word sequence is imperative in feature detection.  

 

Until 2017, statistical techniques and pattern matching techniques were applied in 

feature detection for comparative opinion mining. Whereas statistical approaches 

yielded more feature aspects, pattern matching was instrumental in the identification of 

the preferred entity using pre-identified features. Therefore, potential approaches or 

techniques such as topic modeling could be used in feature identification for 

comparative opinion mining using comparative opinion reviews (Varathan et al., 2017). 
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2.7 Comparative Opinion Mining Approaches 

Three approaches to COM have been explored in the past. They are: 

1. Machine Learning Approaches 

2. Rule Mining Approaches 

3. Natural Language Processing Approaches  

 

2.7.1 Machine Learning Approaches 

Machine learning is a sub-field of computer science that involves the study of 

algorithms and methods that make predictions based on training data from which they 

learn. Therefore, machine-learning techniques are employed to perform different tasks 

in COM. For instance, ML algorithms have been applied in the identification of 

comparative sentences from a collection of both comparative and non-comparative 

sentences. Some of the most common ML algorithms in comparative opinion mining 

are Random Forest, Naive Bayes, and Support Vector Machines (SVM). 

 

The ML approach generally utilizes supervised classification algorithms to detect 

opinions and classify according to opinion polarities (classes), which include positive 

and negative classes, or positive, negative, and neutral classes. This is known as opinion 

polarity classification (Yueyang & Wang, 2019). For this method, categorized data 

(pre-annotated data) is appropriate to train the algorithms. The context of words is 

considered. For example, an opinion review with 'not good' reveals a negative opinion 

while that with 'very beautiful' communicates a positive opinion or view.  
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2.7.1.1 Supervised Learning  

A ML method that learns a function from a training dataset with the goal of predicting 

the class attribute for some unlabeled data is said to be a supervised learning method. 

Such machine learning classifiers undergo training on features extracted from a training 

dataset. Opinion terms like great and love, together with the POS tags are among the 

most popular features employed in annotating words with the correct syntactic 

behavior. The result of POS tagging is the identification of words that are verbs, as well 

as adjectives and adverbs. An example of a supervised machine-learning technique is 

SVM, which has been applied to classify sentences as being comparative or non-

comparative or simply to extract comparative sentences from text (Wang et al., 2015). 

Xu et al. (2009) used a multiclass SVM model for use in comparative relations 

classification for more than two classes. In their model, entity types, POS tags, and 

opinion words were used as features.   

 

Using customer reviews, Xu, Liao, Li, and Song (2011) used CRFs to extract 

comparative relations. A graphical model utilizing two-level CRF extracted and 

visualized comparative relations between products. The features used included opinion 

words, entities, and relations between entities. This model was also applied on blogs, 

SMS, emails, and epinions.com. Liu et al. (2023) also applied CRFs to extract 

comparative elements in comparative sentences. They used opinion words, domain-

specific words, POS tags, and entity – comparative word distance as features. Naïve 

Bayes classifier was applied as the classification algorithm as it is more suited for 

datasets with many dimensions. This method uses the Bayesian theorem and computes 

the probability of a class following a bag-of-words approach. Another studies that have 

used the Naïve Bayes model includes Tkachenko and Law (2014).  
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2.7.1.2 Unsupervised Learning  

This type of machine learning technique or algorithm learns hidden structures in 

unlabeled data. A popular unsupervised approach is clustering, which is used to group 

similar data into the same group. A popular algorithm for clustering is K-means 

clustering. It is used to group similar data into k clusters, ensuring that each data or 

observation is found in a cluster that has the nearest mean. Besides the generative model 

created by Tkachenko and Laus (2014) for performing comparative opinion mining, 

past studies have not delved much into the application of unsupervised learning 

methods to perform comparative opinion mining.   

 

2.7.1.3 Reinforcement Learning 

This is a sub-field of ML that involves how agents perform actions within an 

environment with the intent of maximizing cumulative reward. The agent interacts with 

the environment following specific steps: observing current state, choosing appropriate 

action determined by a policy, and getting rewards as feedback. Based on the feedback, 

the agent is guided to learn the specific actions that would lead to the most rewarding 

outcome (Sutton & Barto, 2018). Reinforcement learning has been applied to aspect-

based opinion mining. In this case, the approach is used to detect certain features or 

aspects of an entity mentioned in a piece of text. For example, a smartphone camera 

could be a useful feature in a comparative opinion review. In other cases, the approach 

has been used to extract opinion targets and handle other natural language nuances 

particularly on social media platforms because new expressions and terms often emerge 

on these platforms (Wang, Lu, & Zhang, 2020) 
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2.7.1.4 Hybrid Learning 

Hybrid learning approach involves the combination of various learning techniques for 

purposes of leveraging the strengths while overcoming the limitations of the individual 

learning techniques. The application of hybrid learning in opinion mining would 

involve a combination of two or all of these learning techniques: unsupervised, 

supervised, and reinforcement learning (Kharde & Sonawane, 2016). The primary goal 

of hybrid learning is to achieve advanced nuanced text data analysis that involves 

ambiguous and complex opinions. Popular hybrid learning methods include a 

combination of machine learning with lexicon-based models. In this case, the lexicon-

based method provides a list of opinion words while the ML models like Random Forest 

perform text classification using the features from the lexicon model. This enhances 

opinion mining by overcoming the limitations of each approach. In this case, lexicon 

methods are limited in handling context-dependent opinions whereas ML methods 

demand huge labelled datasets (Sharma & Dey, 2012). 

 

2.7.2 Rule Mining Approaches 

A popular data mining method used in the discovery of interesting relations or 

associations between data is the association rule mining. In text mining, this approach 

has the objective of discovering strong patterns and rules between terms. Another 

method used in rule mining is called sequence pattern mining, which takes into 

consideration the order of terms in every sentence (Varathan et al., 2017). The 

definition of rule mining is expressed as X => Y, where variables X and Y are both 

subsets of items. Rules mining has also been applied to comparative sentences to 

identify the preferred entity (Ganapathibhotla et al., n.d.). In their study, compared 

entities, comparative opinion words, compared entity features, and type of comparison 
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were treated as features. One-side association measures were employed to generate the 

association between a feature and a comparative word. Class Sequential Rules (CSR), 

which is one of the types of sequential pattern mining was used to reveal common 

patterns in comparative sentences in a study by (Jindal et al., 2006).  

 

Sequence patterns derived from comparative key phrases and POS tags were used as 

opinion features. Based on the manually selected key phrases, each pattern’s opinion 

was determined. Their experiment proved that combining manual rules with CSR 

showed greater effectiveness in comparative sentence identification. This approach was 

used later to identify comparative sentences in a study by (Liu et al., 2013) except that 

in their study, syntactic patterns, adverbs, and comparative words were used as features. 

In addition, they combined machine-learning techniques with sequential rules mining 

in this CSR-based approach. The output was a classification of comparative sentences 

into three classes based on sentence polarity.  

 

Liu et al. (2013) attained better classification results by incorporating CSR features in 

their model to identify comparative sentences in Chinese language. In a different study, 

rues that indicated comparisons were to detect comparative sentences by incorporating 

comparison words and sentence pattern rules (Gu & Yoo, 2009). Kurashima et al. 

(2008) employed language patterns in the detection of entities and the extraction of 

comparative relations. In their work, manually generated language patterns were used 

and the experiments were run on movie reviews with the results showing effectiveness 

in the extraction of comparative relations.  
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2.7.3 NLP Approaches 

Natural language processing (NLP) is one of the sub-fields of computer science. Its role 

is in the development of methods for processing and analyzing language (spoken or 

written). NLP operates at both semantic analysis levels and syntactic analysis levels.  

 

Syntactic Analysis 

For the identification of syntactic relations existing between words, dependency parsing 

(a type of syntactic analysis) is used. A syntax tree is then output, which reflects a 

sentence’s syntactic structure. Dependency parsing is useful in the generation of 

dependency grammar graph, which is then used in the identification and assignment of 

grammatical roles to words in a text. The identification of grammatical roles is 

significant in performing COM as this can help in recognizing the direction of a 

comparative relation and/or in the mining of feature opinion pairs. Both of these 

benefits are important in the development of recommender systems. Such systems 

benefit from the creation evolution trees that help in the visualization of how a product 

has evolved (Sun et al., 2009). A study by Liu et al. (2013), aimed at the identification 

of similar syntactic patterns in comparative sentences.  

 

Semantic Analysis 

One of the challenges in NLP is how to handle language ambiguities. Semantic analysis 

attempts to address this challenge by means of extracting the meaning of each given 

sentence. A popular semantic analysis method that is used in detecting semantic roles 

and how they related with predicates or verbs in a sentence is known as Semantic Role 

Labelling (SRL). In tasks like text summarization, assigning semantic roles is of great 

value. Hou and Li (2008) used SRL in the extraction of comparative relations from 

Chinese-based text. Kessler and Kuhn (2013) built a semantic-based model that 
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employed SRL for the detection of predicates and entities in comparative sentences. 

They identified arguments and predicates. They employed logistic regression classifiers 

to classify the arguments as positive or negative. Applying this to blog posts, the model 

outperformed the baseline model by Kessler et al. (2010).  

 

Semantic network analysis approach uses a network to reflect how various concepts are 

related. This is a good way of depicting how different entities relate with each other 

based on their attributes. WordNet is probably the popular semantic network that 

contains a huge English-based lexical resource. In WordNet, there are links between 

sets of synonyms that represent groups of words. The linking is achieved by means of 

lexical and semantic relations. For this reason, WordNet has found applications in 

comparative opinion mining. For example, it has been applied in identifying different 

synonyms of opinion features (Liu et al., 2005); detection of synonyms and the 

enhancement of comparative opinions words list (Jindal et al., 2006); and identify the 

relations between opinion words and features (Anuradha et al., 2023). Another useful 

application of semantic networks was in aspect extraction, which is an important tasks 

in comparative opinion mining (Chaturvedi et al., 2018). Through a graph-based 

method, semantic network analysis was utilized to present entities as nodes and edges 

as relations between any two entities, thereby modeling how a prospective customer 

behaves when searching for a preferred entity (Kurashima et al., 2008).  

 

Kim and Zhai (2009), Li et al. (2011), and Fujimoto (2012) also carried out studies on 

the application of semantic analysis in comparative opinion mining. Most studies 

machine learning or rule based approaches to perform various tasks in comparative 

opinion mining. While pattern-based approaches are appropriate in carrying out COM, 

better results could be obtained by combining the approach with methods from other 
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approaches. For instance, NLP approaches and unsupervised ML approaches could be 

explored for application in this area considering that they are currently underexploited 

in this regard (Varathan et al., 2017). 

 

2.7.4 Hybrid Approaches 

2.7.4.1 Basics of Hybrid Models 

Previously, hybrid approaches have involved a mixture of ML and lexicon approaches. 

In this traditional usage, a hybrid model would use a sentiment lexicon for features 

while the ML algorithm would classify the opinions. In later studies, hybrid techniques 

arising from a combination of ML techniques have been used to carry out direct opinion 

mining. An example of this is study is research by Al Amrani et al., (2018) that used a 

hybrid ML model consisting of SVM and RF for direct opinion mining.  

 

In their study, the single models (SVM and RF) achieved accuracies of 81% and 82% 

correspondingly while the resultant hybrid model consisting of both machine-learning 

algorithms had an accuracy of 84% on an amazon.com based product reviews dataset. 

This study shows that hybrid machine-learning models could be viable in achieving 

improved performance in opinion classification. Unfortunately, there are few studies 

that have delved in creating hybrid techniques involving a lexicon-based technique and 

a machine learning technique, making this an area of interest for further research 

(Wankhade et al., 2022).  

 

Conversely, as far as the researcher’s knowledge is concerned, hybrid machine-learning 

models have seen limited exploitation in comparative opinion mining and especially in 

brand reputation monitoring. Whereas the traditional application of the concept of 

hybrid models referred to models created from fusing lexicon-based techniques with a 
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machine learning techniques, recent advancements in the development of opinion 

mining tools and solutions have witnessed the development of hybrid techniques that 

involve other combinations. This includes Multiple Machine-Learning Techniques; 

Multiple Deep-Learning Techniques; Machine Learning and Deep Learning 

Techniques; Machine Learning and Lexicon-based Techniques; Deep Learning and 

Lexicon-based Techniques; Lexicon, Machine Learning; and Deep Learning 

Techniques; and Machine Learning; Deep Learning, and Lexicon based techniques. 

 

2.7.4.2 Benefits of Hybrid ML Models (Machine Learning + Deep-Learning Models) 

i. Improved Feature Extraction – deep-learning algorithms like MLP or CNN have 

the ability to extract complex features from text content, by capturing global and 

local patterns automatically. The features then are fed into the top-level model (in 

this case, a machine learning model like RF) to additionally learn the intricate 

relationships between the features thereby ultimately improving the accuracy of 

opinion analysis (Kim, 2014). Machine learning models on the other hand, 

frequently demand manual feature engineering, which is domain-specific and 

inefficient (Bengio et al., 2013).    

 

ii. Efficient Utilization of Resources – deep learning models often require significant 

amounts of computation resources such as powerful TPUs and GPUs for training as 

well as inferencing. These resources might not be required in some machine-

learning algorithms (Chollet, 2017). ML models instead are more resource friendly 

and efficient in tasks like classification while deep learning models are better in 

feature extraction. Therefore, combining them leverages the strengths of DL and 

ML hence improved computational resource efficiency (Kotsiantis, 2007). 
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iii. Handling of Varied Data Types – deep learning models perform well in 

processing of unstructured text like online reviews and social media data like tweets 

(Zhang et al., 2021). Machine learning on the other hand is more effective in 

handling tabular or structured data. A hybrid of these two therefore leverages the 

strengths of these approaches in processing diverse sources of data for much more 

comprehensive understanding and processing of opinions (Yang et al., 2016).  

 

iv. Explainability and Interpretability – deep learning models are harder to interpret 

than machine learning models. Therefore, using a machine-learning model as the 

top-level model makes it is easier to interpret and explain the decision-making 

process behind the predictions made by the model. This improves understanding 

and trust in the model for use in applications like comparative opinion mining 

(Caruana et al., 2015).  

 

v. Improved Generalization – when training deep learning on limited data, the 

problem of overfitting is likely to happen. Using a ML model as a top-level model 

would help regularize the predictions using learned representations. Thus, a hybrid 

of deep learning and machine learning aids prevent model overfitting thereby 

improving the model’s overall opinion classification accuracy on unseen, new data 

(Zhang et al., 2021).   

 

vi. Domain Adaptation and Transfer Learning – deep learning models are created 

by pre-training them on large datasets for purposes of capturing general language 

nuances and patterns (Yosinski, Clune, Bengio, & Lipson, 2014). When a DL model 

is used as base model in a hybrid architecture and fine-tuned using domain-specific 
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data, the resulting hybrid model can attain higher performance even when applied 

to a small amount of domain-specific labelled data (Howard & Ruder, 2018). 

 

2.8 Opinion Mining Approaches 

This section discusses the various approaches used to perform opinion mining. This 

includes ML approaches, DL approaches, lexicon approaches, and hybrid approaches.  

 

2.8.1 Machine-Learning- Based Approach 

A ML based approach to opinion mining necessitates using classification algorithms to 

extract relevant features that help improve the accurate determination of opinion 

polarity. Processes utilizing this approach require the availability of annotated 

(labelled) corpuses (Turney, 2002). Largely, ML approaches are categorized into 

supervised ML and unsupervised ML. A few studies have demarcated a third class of 

ML based approaches. This class is known as semi-supervised learning and it combines 

a few elements of supervised ML learning and unsupervised ML methods (Ligthart et 

al., 2021). Machine learning encompasses the optimization of algorithm performance 

using sample training data (Chao, 2011). Computers learn from presented training data 

to understand the patterns, knowledge, and experience used in making accurate 

predictions with test (real) data. The output of a ML process is a ML model. Using 

machine learning presents the following benefits or advantages: 
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1) It helps in processing very intricate tasks that regular computer programs cannot 

handle. Such tasks could be accomplished by humans but they are often beyond the 

capability of people to perform efficiently and effectively (Rathor et al., 2018).  

 

2) ML enables adaptivity, which is unmanageable with orthodox programming. Since 

tasks vary over time and through dissimilar users, ML presents program actions that 

allow for adaptation to those changes (Shalev-Shwartz & Ben-David, 2013). 

 

3) ML does not depend on the programming language used. A machine-learning 

model can be developed using any specific programming language and its relevant 

programming tools that support ML, simplifying the implementation of ML models 

using preferred languages such as Python, Scala, and R (Huda, 2017). 

 

4) ML provisions for automation. Computers, with negligible human intervention, do 

ML model training, testing, and running. When the performance of a ML model has 

been successfully found to be satisfactory, the model can be left to perform a task 

automatically, deprived of human involvement. This leads to minimal amount of 

work on the part of humans, depending on the outputs of the ML models. 

 

In machine learning, it is essential to use at least two different data sets. These are the 

training set and testing set. The ML classifier uses the training set to establish 

distinctions among text features. The testing set contains data for approximating the 

classifier’s performance. 
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2.8.1.1 Supervised ML Algorithms 

These are the kinds of ML algorithms developed by training them on labeled data and 

later exposing them to unlabeled data to classify it. In essence, this algorithm models 

the relationships and existing dependencies between input features and the target 

prediction output. Consequently, algorithms in this class are used often to predict or 

classify data inputs. There are various supervised ML techniques employed in 

classifying text into positive or negative classes based on sentiments. Supervised 

learning approach involves the following classifiers: Decision Tree, Linear Classifiers, 

Rule-based Classifiers, and Probabilistic Classifiers. Linear classifiers contain the 

following opinion mining techniques: Support Vector Machines, Neural Networks, 

Naïve Bayes, Bayesian Networks, and Maximum Entropy (Saranya et al., 2016). ML 

algorithm performances are affected by the dataset and features used.  

 

2.8.1.2 Unsupervised ML Algorithms 

This category of algorithms involves training the ML algorithm on unlabeled data to 

learn the patterns and be able to use such patterns to predict the patterns in unknown 

data (Saberi & Saad, 2017). Unsupervised learning algorithms include K-means 

clustering, Principal Component Analysis (PCA), Association Rule Mining, and t-

Distributed Stochastic Neighbor embedding (Iqbal et al., 2019; Alsaeedi & Khan, 2019) 

 

2.8.1.3 Semi-supervised Machine Learning Algorithms 

The semi-supervised class of algorithms blends a subset of features from both 

supervised and unsupervised ML techniques (Madhoushi et al., 2015). They work with 

a subset of labelled training set, while the other subset is unlabeled. This is useful where 

labeled data is missing and/or the cost of labeling all the data is high. Semi-supervised 

algorithms include Generative Models, Graph-Based, and Self Training Algorithms. 
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2.8.1.4 Reinforcement Machine Learning Algorithms  

In the case of this class of algorithms, a built algorithm uses its experiences and 

observations from interacting with its environment to perform appropriate actions that 

aim at minimizing the risk and/or maximizing the reward. The commonest algorithms 

in this class are Q-Learning, Asynchronous Actor-Critic Agents (A3C), Monte-Carlo 

Tree Search (MCTS), and Temporal Difference (Cumming, 2015).   

 

2.8.2 Deep-Learning- Based Approach 

Deep learning is a sub-field of machine learning, which typically utilizes deep neural 

networks. Recent times have seen rapid interest in and the adoption of DL in opinion 

mining. Some of the popular DL algorithms have been reviewed in a study by Ligthart 

et al. (2021) include Convolutional Neural Network (CNN), Multilayer Perceptron 

(MLP), Deep Neural Network (DNN), Recurrent Neural Network (RNN). There are 

varying implementations or variations of these algorithms, including the Long-Short 

Term Memory (LSTM).  

 

2.8.3 Lexicon-based Approach 

This approach is linguistically driven. The process involved entails analyzing text to 

identify valuable features that indicate semantic polarity (Arora et al., 2012). Lexicon-

based approach depends on using a predefined lexicon (dictionary) of words, known as 

a sentiment lexicon. The lexicon contains phrases or words with the corresponding 

sentiment scores that show the positivity, neutrality or negativity of a word. This 

method has the main goal of determining the general opinion of text with the help of 

sentiment scores / values associated with each word in the text. However, the 

methodology has the limitation of not being capable of properly handling language 

nuances like negations, which depend on context (Cambria et al., 2013). 
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2.8.4 Hybrid Approach 

A hybrid approach traditionally combines a few elements of ML and lexicon-based 

approaches, or, according to recent studies, any two of the four approaches described 

in the previous sections. This approach consists of two sup-approaches: Dictionary-

based approach as well as Corpus-based approach. The corpus-based approach 

similarly has twofold opinion mining techniques: semantic and statistical techniques 

(Saranya et al., 2016). Studies have exploited hybrid models of regular opinion mining 

using hybrids made by combining ML algorithms, or ML with DL algorithms, or ML 

with lexical approach, or DL with lexical approach, or ML with both DL and lexical 

approach. Section 2.11 presents some of the hybrid models created this way.  

 

Figure 2. 3 Opinion Mining (Sentiment Analysis) Approaches & Techniques 

(Source: Chauhan & Singh, 2017) 
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2.9 Machine Learning Algorithms  

This section describes some of the state-of-the-art ML algorithms used in opinion 

mining.  

 

2.9.1 Support Vector Machine (SVM) 

This algorithm uses supervised ML to handle opinion classification and is widely used 

(Schrauwen, 2010). It follows a maximum margin classification approach that tries to 

gain an understanding of how all data points available are represented to permit 

unrelated opinion labels to be separated by a clear, adequately large gap (Doni Abdul 

Fatah et al., 2023). In quite a few classification and recognition problems, SVM is used 

as a baseline for comparing the performance of algorithms. Its primarily handles 

quadratic programming problems in which computational time is subject to the number 

of features are modeled. Thus, where huge data is present, feature transformation takes 

more time during model training. Generally, SVM has no intuitive parameterization, 

requires a small amount of memory, has an average tendency to model overfitting, takes 

more time to train, but is efficient in generating outputs (Chao, 2011). 

 

SVM is prevalent in the opinion mining as a consequence of its greater performance 

(Ahmad et al., 2018). Several researchers consider it as the best algorithm in text 

classification tasks such as opinion mining (Yu & Kak, 2012). The algorithm works by 

examining information, unfolding optimal parameters, and performing calculations 

(depending on the components) in the input space. Significant information is obtainable 

using twofold vectors whereby each vector takes a size m. Each vector is a class. 

Subsequently, SVM isolates the borderline unraveling the classes. This limit has to be 

distant from each other in the training dataset samples. This boundary forms the text 
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classification edge. Widening of this particular edge causes abridges ambivalent 

choices. Consistent with Khairnar and Kinikar (2013), the SVM model is more effective 

in terms of performance than the Naïve Bayes model in different problems in opinion 

classification. Chauhan and Singh (2017) correspondingly specify that SVM algorithm 

has a premier accuracy in comparison with other text classifiers. This result is 

comparable to that by Borele and Borikar (2016). However, this finding is not 

consistent with some studies that have revealed that other ML models like Random 

Forest actually outperform SVM in text classification (Ondara et al., 2023).     

 

Figure 2. 4 Operation of the Support Vector Machine ( 

(Source:  Dey, 2016) 

2.9.2 Naïve Bayes (NB)  

This algorithm is prevalently used in the text document classification as well as opinion 

mining. It is established on a probabilistic model utilizing the accommodating 

probabilities or likelihoods of particular terms and their related classes to estimate the 

prospect of a definite group being in possession of a text document as probable input. 

NB has no parameterization involved, uses small amounts of memory, has low 

tendencies to overfitting, takes little time to learn and its prediction latency is low, being 

a fast algorithm  (Schrauwen, 2010). It is a very powerful algorithm. The NB presumes 
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that the possibility of every single word in a text document does not hinge on its context 

and position in the real document. Hence, every document is treated as word count 

vector. Thus, the likelihood of a text document's category or class is handled as a 

multinomial distribution. Assuming x is the word count, the multinomial distribution is 

as presented in equation X (Ankit & Saleena, 2018). 

 

2.9.3 K-Nearest Neighbors (KNN)  

This algorithm utilizes a test tuple that is associated with several equivalent training 

tuples, where each tuple characterizes a certain point within n-dimensional space. The 

value of n represents the tuples' features. When KNN is given an unidentified text, it 

probes the space of patterns to discover the k training tuples adjacent to an unknown 

tuple. The k training tuples are, in this case, the k-nearest neighbors to the unknown 

tuple. To delineate the closeness of the tuples, the Euclidean distance (ED) is used to 

measure the distance (Mukwazvure & Supreethi, 2015). Subject to the distance of the 

neighbor from the query point, a weight value is apportioned. KNN algorithm is 

effective when  used in classifying short, small sentences (Kaur & Kumari, 2016). 

 

2.9.4 Logistic Regression (LR)  

This algorithm performs opinion classification by depending on both training set and 

testing set to establish opinion polarity classes. It is a fast algorithm when implemented 

as a text classification model, achieving enhanced model generalization, which is 

essential in managing or overcoming overfitting. This makes models based on LR to 

perform well on unknown data. The algorithm is presented by the formula (Younis et 
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al., 2020). The algorithm has simple parameterization, uses small memory sizes, has 

low overfitting tendencies, is a weak learner, and takes a little longer to predict the 

outcomes (Harfoushi et al., 2018). 

e_0+_1x1+_2x2 

2.9.5 Decision Tree (DT)  

This is a common supervised ML algorithm in many AI problems such as text 

classification. A DT consists of internal nodes comprising of labeled features. The 

boundaries from the tree’s nodes have labels or annotations on tests performed on the 

weights of features, in conjunction with the leaves labeled by classes or categories. DT 

algorithm has efficaciously been used in many NLP applications (Schrauwen, 2010). 

Their non-linear functions are suitable in tasks that necessitate inductive extrapolations. 

DTs are k-array trees consisting of decision nodes that embodies decisions based on 

unequivocal features found in the particular input data; and the leaf node, which is allied 

to exact feature values well defined at the decision node. In view of that, if a decision 

node has only positive instances, it characterizes a positive class. On the contrary, if it 

comprises only negative instances then it signifies a negative class.  

 

This algorithm categorizes documents by means of a top-down method –root through 

branches down to the leaf nodes. Hereafter, each leaf node predicts a class of data 

(Chauhan & Singh, 2017).  The algorithm begins with training tuples from a specified 

dataset, selecting what it regards as the top distinctive, which adds to a test node. From 

the test node, a top-down technique is followed in building a DT from available test 

nodes using test quality values (Suresh & Bharathi, 2016). Generally, decision tree 

algorithm has intuitive parameterization, requires large memory sizes to work, have 
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very high tendencies to overfitting, require little time to learning / training and takes 

little time to predict the outcomes.   

 

2.9.6 Random Forest (RF)  

The RF model is a versatile and powerful tool in opinion mining because of its many 

benefits. These benefits include its capability to handle intricate feature interactions in 

textual data; demonstrated efficiency in handling imbalanced datasets, which is a 

common occurrence in comparative opinion mining applications; not counting its 

ability to handle high dimensional feature spaces, which is critical in comparative 

opinion mining (Fernandez-Delgado,  Cernadas, Barro, 2014). Random Forest is a self-

determining algorithm that exploits several decision trees. It applies the principle of 

joining numerous DTs (for their extrapolative significance) and the popular vote 

technique to build a final class that is made up of the bulk of votes. This process uses 

bagging as well as bootstrapping as key concept, thereby compensating for overfitting 

to a particular training dataset and as a result, plummeting the problem of DT overfitting 

with their increasing depth (Khanvilkar & Vora, 2019). This grants a crucial value of 

the RF model (Reel et al., 2019).  

 

The high accuracy of RF is predominantly ostensible on datasets with low 

dimensionality (Novalita et al., 2019). Regularly, this algorithm achieves pronounced 

results. With simple variations on its hyper-parameters and strict selection of features, 

RFs produce remarkable results  (Khanvilkar & Vora, 2019). Generally, RFs have 

intuitive or simple parameterization (i.e., the number of decision trees), requires very 

large memory capacities to train and run, has average tendency to model overfitting, 

exhibits costly time for learning, and takes a little longer to predict the outcomes. 
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2.9.7 Stochastic Gradient Descent (SGD) 

SGD is a powerful optimization method, which outperforms many machine-learning 

models in opinion mining as well as in others classification tasks. Its superior 

performance is attributed to several factors (Ruder, 2016). First, SGD is highly scalable 

and efficient, which makes it a good choice for working with huge datasets as is often 

the case in opinion mining. Due to its stochastic nature, SGD uses one data point every 

single time to update its model parameters, which leads to a decrease in computational 

complexity as well as an improved convergence. Second, SGD is capable of handling 

high-dimensional feature spaces. In comparative opinion mining, feature spaces can be 

vast due to the huge vocabulary of words. 

 

SGD effectively traverses these high-dimensional spaces leading to a more rapid 

convergence to attaining an optimal solution. Third, through the customization of 

SGD’s loss functions as determined by opinion (sentiment) classification objective to 

achieve optimized model performance in the performance of opinion mining. Fourth, 

opinion patterns and data distribution may exhibit nonlinearities. SGD uses its frequent 

updates of its model parameters to achieve a generally optimal solution. Finally, SGD 

has inherent randomness, which makes the model more generalizable and able to better 

address model overfitting in handling sentiment patterns and classification over 

different datasets (Mikolov, Chen,  Corrado, & Dean, 2013).   

 

2.9.8 Popular Existing Machine Learning Models for COM 

Several machine learning techniques were identified through a systematic literature 

review. The review provided useful information on opinion mining including state-of-

the-art machine learning techniques, feature extraction techniques, text vectorization 

techniques, dataset sources, and algorithm performance metrics (Ondara et al., 2022). 
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Table 4.2 shows the popularity ranking of the state-of-the-art machine learning 

algorithms used in opinion mining from the reviewed works. Besides being popular in 

most studies, these algorithms have high accuracy, robustness, and achieve high model 

generalization with easy- to-interpret results in opinion mining tasks (Yang et al., 2016). 

This may explain their wide application among researchers and software developers.  

 

The first eight algorithms were ranked from the reviewed literature. The last two were 

identified in other literature but not evaluated in the systematic literature review. The 

Stochastic Gradient Descent (SGD) was included because it is an emerging, powerful 

technique in optimization of tasks like opinion mining where it has proven to 

outperform many machine learning techniques (Bottou et al., 2018). The multilayer 

perceptron (MLP) was included in this study because it has been tried in classification 

tasks as a deep learning model to leverage its power to model very complex 

relationships for obtained good features for different opinion scenarios thus improving 

opinion mining across different entities (LeCun et al., 2015). From the study, although 

there are attempts to use other DL techniques, the MLP is still the most popular. 

 

Figure 2. 5 Popular ML Classification Algorithms in Opinion Mining 

(Key: The vertical axis represents percentage accuracy measure) 
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From Figure 2.5, it is evident that the Naïve Bayes algorithm is the most popular in 

opinion mining research. This is according to a systematic review conducted by Ondara 

et al. (Ondara et al., 2022) that revealed the popularity of the eight machine learning 

algorithms in opinion mining. The logistic regression and Maximum Entropy models 

are the least popular. The Artificial Neural Network (ANN) is the fifth most popular 

algorithm. This is also the only deep learning algorithm identified in the same study. 

The following is a list of single machine learning algorithms / models that have been 

applied to comparative opinion mining in a recent study (Younis et al., 2020). 

i. Naïve Bayes 

ii. Support Vector Machine 

iii. K-Nearest Neighbors 

iv. Decision Tree 

v. Random Forest 

vi. Gradient Boosting. 

 

Beside these eight popular ML algorithms in classification, recent research papers 

showed these two algorithms have been used in opinion mining.  

i. Multilayer perceptron (Kim, 2014) and  

ii. Stochastic Gradient Descent (Ruder, 2016).  

 

Both algorithms are becoming of great interest among experts in opinion mining. For 

this reason, these two algorithms were also experimented with in a bid to determine 

their suitability for use in the hybrid ML mode. Algorithms common to Direct Opinion 

Mining and COM were: 
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i. Naïve Bayes 

ii. Logistic Regression 

iii. Support Vector Machine 

iv. K-Nearest Neighbor 

v. Decision Tree 

vi. Random Forest 

 

From the above breakdown, it is evident that DL algorithms have not been widely used 

in most recent studies in opinion mining. It is similarly evident that for comparative 

opinion mining, only single / lone / independent algorithms have been used.  

 

2.10 Deep Learning (DL) Algorithms 

DL algorithms are efficient in opinion mining owing to their capability to learn 

robotically. They utilize multiple Neural Networks (Gulli & Pal, 2017), which is 

demonstrated in the contemporary uses of DL models, for instance, Multilayer 

Perceptron  (MLP), Convoluted Neural Networks (CNN), and Recurrent Neural 

Networks (RNN) in opinion classification. The approach resolves various opinion 

mining issues facing popular ML algorithms for instance KNN models, and models 

based on rule mining. Particularly, DL algorithms can learn extensive features and 

entity relations from text, which improves overall classification and analysis of 

opinions in comparative opinion texts.   

 

2.10.1 Multilayer Perceptron (MLP) 

MLP is a powerful DL algorithm that through its gradient-based optimization strengths 

and the utilization of multiple hidden layers that possess hidden activations excels at 

learning the intricate non-linear relationships that exist in data (Bengio et al., 2013). 
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Among the various DL algorithms, MLP is easier to integrate with other machine 

learning models such as RF, DT, and SVM. Generally, MLPs have one hidden layer, at 

least one hidden layer, and one output layer. The number of hidden layers in the 

architecture has paramount effects on the performance of MLP on comparative opinion 

mining related tasks. Every hidden layer consists of nodes (neurons) which process the 

received input before feeding it into the next layers via weighted connections.  

 

The hidden layers are essential in capturing intricate representations and patterns from 

the input. This allows MLPs to both learn and consequently model non-linear 

relationships (Goodfellow, Bengio, & Courville, 2016). To capture the nuances in 

comparative opinion mining more accurately, deep MLPs are necessary as they can 

learn hierarchical representations, which enables them to capture more intricate and 

abstract patterns in data. Thus, a higher number of hidden layers in MLP architecture 

translates to a higher power to better capture these hierarchical representations at the 

risk of model overfitting mainly for small datasets (Bengio et al., 2013). Generally, 

MLP has no intuitive parameterization given its many layers, it requires an intermediate 

amount of memory to work, has average model overfitting, takes longer to train but less 

time to predict outputs (i.e. make predictions). 

 

2.10.2 Convolutional Neural Networks (CNNs) 

CNN is a high performance classification model predominantly when applied to image 

classification and computer vision projects. It mimics how the visual cortex of a 

person’s brain functions to recognize and classify objects. It can be made of 

convolutional layers, ReLU layers, and loss layers. Its other layers include pooling layer 

in addition to fully connected layers. A distinctive CNN design has numerous layers. 

Besides a convolutional layer, a Rectified Linear Unit, a Pooling layer, it must have as 
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a minimum one convolutional layer, and a fully connected layer (Gulli & Pal, 2017). A 

sole property of CNN is that it studies image structures when handling image processing 

or classification. On the other hand, basic neural networks normally convert their inputs 

into a 1-Demensional array that causes the trained classifier to endure a smaller amount 

of sensitivity to positional changes. 

 

One of the greatest results from research using the MNIST dataset involved using multi-

column based deep neural networks. In this, multiple maps in every single layer were 

exploited and every layer had more than a few layers consisting of nonlinear neurons 

(Gulli & Pal, 2017). The architecture typifying a CNN allows operational and 

resourceful processing even with the intricacy of CNNs that make them much more 

demanding to train even when using special code and graphical processors like GPUs. 

The network works because of the winner-take-all kinds of neurons depending on 

maximum pooling to limit the specific neurons win. In a dissimilar research, CNNs 

produced improved accuracy in computer vision.  

 

Figure 2. 6 Typical CNN Architecture 

(Source: Chatterjee, 2019) 
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2.10.3 Recurrent Neural Networks (RNNs) 

RNN is an improved CNN by utilizing an architecture that contrasts that of a CNN. In 

its design, analogous weights are repeatedly relating to specific data. Therefore, the 

common uses of RNN include handwriting recognition and speech recognition. RNNs 

have been tried in predicting the following word in a given sentence  (Gulli & Pal, 

2017) . However, the use of RNN layers alongside a couple max pool layers amid the 

layers and having at the culmination a global max pool layer grants a number of 

advantages.  

 

To begin with, in each RNN layer, every unit factor contains in a somewhat 

progressively bigger way around it. A supplementary advantage is that RNN layers 

upsurge the network's complexity devoid of necessitating the application of additional 

parameters. This DL algorithm has proven effective in language translation and opinion 

mining among other uses. Their design permits them to remember historical 

information during processing (Malik & Kumar, 2018).  

 

One of the RNN architecture is a network of neuron-like nodes, arranged in consecutive 

layers. The other RNN architecture is known as the Elman network architecture. In this 

architecture, there are three layers structured horizontally, which comprises a few 

context units.  

 

Figure 2. 7 An Unrolled Recurrent Neural Network 
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2.10.4 Transformer Models 

Transformer Models have demonstrated great performance in NLP in the recent past. 

The models were introduced by Vaswani et al. (2017), showing remarkable success in 

handling contextual information, in addition to capturing long-term associations in text. 

Some of the most powerful transformer models  according to Lu et al. (2022) include 

the Bidirectional Encoder Representations, which is known as BERT for short, and 

Generative Pre-trained Transformers, which his known as GPT for short. Both models 

have been applied in extracting opinion nuances and entity relationships.  

 

A study by Devlin et al., (2019) utilized BERT model for comparative sentiment 

analysis, attaining state-of-the-art performance results in gaining insight into opinion 

and sentiment nuances in comparative texts. Transformer models have high 

performances because of their ability to model dependencies and context much more 

effectively, which enables them to advance a profounder understanding of the nuances 

in comparative opinion language. In this regard, they use attention mechanism to take 

into consideration every word in a sentence when performing predictions of opinion 

classes, thereby capturing complex relationships between entities on large corpora.  

 

However, transformer models have their weaknesses too. They are computationally 

expensive, demanding substantial resources for their training. In addition, because of 

their huge sizes, the models are often difficult to deploy in resource-constrained 

computing environments (Devlin et al., 2019), which limits their adoption. In addition, 

it is laborious to fine-tune transformer models to make them perform particular tasks. 

This reason also has made their adoption slow. Token limitations is a major drawback 

of transformers in comparative opinion mining applications. This problem arises from 

the challenge of transformers struggling to process very lengthy sequences that are 
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often inherent in lengthy comparative opinion texts. Transformer performance degrades 

with a rising number of tokens in a comparative opinion (Tan et al., 2023). Lastly, for 

transformers to work effectively in different domains, the process is resource-intensive, 

requiring huge amounts of pre-training data and model fine-tuning.      

 

2.10.5 Benefits of Deep Learning Models 

There are many benefits for using DL models. First, deep learning models have the 

capability to learn important and relevant features from available raw data (Bengio et 

al., 2013). This makes the models to represent complex patterns better. Second, deep 

learning models handle larger datasets more effectively because of their hierarchical 

architectures and utilization of parallel processing (LeCun et al., 2015). This makes 

them more scalable hence better in handling big data based projects. Third, deep 

learning models have attained modern performance in performing tasks related to using 

unstructured data like speech recognition and image processing (Lu et al., 2022). 

Fourth, DL models have the ability to leverage pre-trained representations on high 

volume datasets and knowledge transfer to new tasks (Yosinski, Clune, Bengio, & 

Lipson, 2014). This has the potential to enhance performance when such models are 

working with small datasets. Finally, deep learning models have greater capabilities to 

capture complex relationships found in data for purposes of achieving improved model 

generalization and complexity (Zhang et al., 2021).  
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2.11 Existing Hybrid Machine Learning (ML) Models 

The following hybrid ML models have been experimented with in areas other than 

COM. This study aimed at filling this research and application gap. 

 

i. RF and LSTM: A study was carried to perform sentence classification using a 

hybrid model consisting of RF and LSTM. In this model, RF was used to extract 

features that LSTM used for classification. This hybrid model leveraged the 

strengths of both LSTM (a deep learning model) and RF - an ensemble of Decision 

Trees, which are machine-learning model (Karijadi & Chou, 2022). Tis model was 

applied to energy consumption prediction.  

 

ii. CNN and LSTM: Using Qualitative User-Generated Contents, built a hybrid model 

consisting two deep learning models (CNN and LSTM) and applied it to consumer 

opinion mining (Jain et al., 2021). This hybrid model was applied to a single entity; 

it was only used to perform direct opinion mining.  

 

iii. CNN and RF: A Convolutional Neural Network (CNN) was hybridized with 

Random Forest (RF) and applied to sentence classification (Kim, 2014). In sentence 

classification, this hybrid model was able to output the class that a sentence 

belonged. The two classes were comparative sentence and non-comparative 

sentence. Thus, the model was not used in comparative opinion mining.  

 

iv. BERT + RF: this is a hybrid model created from combining Bidirectional Encoder 

Representation Transformer (BERT) with Random Forest. In this model, BERT 

generates word embedding as features for the RFt to train with an eventual 

classification of sentences. This model was used to perform direct opinion mining.    
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v. DMN and SVM: this hybrid model combines Deep Memory Network (DMN) for 

selection of features and SVM for classification (Yang et al., 2016). 

  

vi. ANN and DT: This model consisted of Artificial Neural Network model for 

prediction and the Decision Tree model for classification for building energy 

consumption (Banihashemi et al., 2017). 

 

2.12 Criteria for Selecting ML/DL Algorithms for Comparative Opinion Mining  

The key to selecting a good combination of ML algorithms for inclusion in a hybrid 

model lies in the strengths and weaknesses of different single machine learning models. 

This was aimed at leveraging the strengths of the combined algorithms while addressing 

the challenges or limitations of the independent ML & DL algorithms. This section 

addresses common criteria for selecting algorithms for developing a hybrid ML model. 

 

i. Model Type Diversity: A critical criterion in deciding on which machine learning 

algorithm to use is to combine deep learning algorithm (e.g. MLP or CNN) with a 

machine learning algorithm (e.g. RF or SGD) to aid leveraging the unique strengths 

of these two unique model types in a bid to boost the performance of the hybrid 

model (Sagi & Rokach, 2018). This criterion was adopted in this study especially 

in the development of four hybrid models with the MLP algorithm as the base model 

and ML algorithms as top-level models. In four other cases, the SGD machine 

learning algorithm was used as the based model with MLP as the top-level model. 

In both cases, leveraging the strengths of the ML and DL was an influencing factor.  
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ii. Performance and Generalization: Algorithms selected for developing a hybrid 

model should have reliable generalizations and performance in opinion mining 

tasks. Evaluating the performance of each model on benchmark datasets is required 

to help ascertain that the resulting hybrid would have accurate opinion classification 

and opinion class comparisons (Yang et al., 2016). In this study, different ML and 

DL algorithms were tested on the similar datasets under similar computing 

environments to ascertain the comparative performance. This allowed for selecting 

higher performing algorithms for use in building the final hybrid ML models.  

 

iii. Complementary Features and Feature Representations: The algorithms 

selected to form a hybrid model should be able to capture features that are 

complementary and representative of the data. For instance, a deep learning model 

like MLP could be used to capture contextualized word embedding while ML model 

like RF may well be used to represent sparse data features in a more effective way 

(Devlin et al., 2019). This was a key consideration in this study, leading to the 

development of hybrids like MLP and RF.  

 

iv. Ensemble Methods: It would be necessary to choose the method of ensemble 

learning for developing a hybrid model. Ensemble methods like boosting, bagging 

and voting can help identify the strengths of each independent model to help 

determine the overall performance improvement once the independent models have 

been combined (Breiman, 2001). The RF algorithm used in this study uses ensemble 

learning. It was used in the creation of a hybrid model with other algorithms like 

MLP using the same ensemble learning method.  
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v. Adaptability and Flexibility: In COM, data is from multiple sources and exists in 

different formats and structures with varying linguistic styles. Therefore, the 

selected machine learning techniques should be adaptable and flexible in handling 

such data types (Ruder et al., 2019). This study utilized data from social media 

platforms and consumer review websites, which are differently formatted.  

 

vi. Model Scalability and Complexity: Hybrid models should exhibit computational 

resource manageability and efficiency particularly on real time applications or when 

dealing with large datasets. Consequently, algorithms that are less resource 

intensive and more scalable form a good choice in making a hybrid model (Bengio 

et al., 2013). In this study, the combination of DL algorithms with ML algorithms 

was aimed at reducing computational resource requirements attributed to using only 

DL algorithms in creating hybrid models. ML algorithms are less resource-

intensive, reducing the resource requirements on a model based on DL and ML 

hybrid architecture.  

 

vii. Model interpretability: To understand the predictions of the model in as far as 

COM is concerned; the algorithms used should be those with interpretable results. 

For ML models, techniques like DTs are easy to interpret. In deep learning, 

techniques like attention mechanisms are helpful in interpreting the model’s results. 

Therefore, combing models whose results are easier to interpret would result in a 

model that is easy to interpret. The interpretation of the algorithms or models used 

in this study was simplified through the use of a standard presentation format: 

classification reports.  
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2.13 Ensemble Learning Method for Developing Hybrid ML Models 

ML and DL are powerful tools for handling complex problems in diverse domains. A 

reliable effective method to enhancing the robustness in addition to performance of ML 

models is by means of ensemble learning. This section presents the process involved in 

the development of hybrid ML models based on the ensemble learning method for 

purposes of achieving model generalization and improved model predictive accuracy 

for satisfactory results in comparative opinion mining (Younis et al., 2020). This is 

because hybrid models leverage the strengths of the individual base learners to provide 

a more precise and robust model. The process for building a hybrid ML model using 

ensemble method may follow the steps below. 

 

i. Literature Review: An extensive analysis of literature is needed to develop proper 

understanding of how ensemble learning works and its utilization in developing 

hybrid ML models. Bagging, stacking, and boosting are the three main techniques 

used in ensemble learning method. These three have had wide application in past 

studies with demonstrated results in developing powerful hybrid models using 

multiple base learners (Bergstra & Bengio, 2012). Many studies have demonstrated 

that hybrid ML models made using ensemble learning method outperform their 

respective single learners in handling prediction tasks (Sagi & Rokach, 2018). 

 

ii. Data Preprocessing: Technically, this is the foremost step in developing a ML 

model. A diverse dataset that aligns with the problem to be solved are collected, 

cleaned, and normalized. This gives way to perform feature engineering in a bid to 

prepare the data so that that it can be fed to a ML algorithm for training and 

subsequent testing. Data preprocessing makes certain that the data is consistent and 

devoid of anomalies as well as presented in a suitable format (Kotsiantis, 2007). 
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iii. Base Model Selection: In this step, several factors are considered in selecting a base 

learner for the hybrid model. It is critical that the base learner is good at feature 

extraction so that the different patterns in the data are identified with the highest 

possible accuracy. Some of the notable good algorithms that can serves as base 

learners include Random Forest, SVM, and Gradient Boosting algorithm, which is 

capable of handling gradient-based optimization issues (Hastie et al., 2009). 

However, where the dataset is huge, deep learning algorithms would be the best 

choice as they can do self-learning of the features hence improve feature extraction 

accuracy. A powerful choice in this case, for example, is the MLP algorithm. 

 

iv. Ensemble Method: This step involves merging the outputs from the base model(s) 

as is the case with algorithms like Random Forest that consist of Decision Trees as 

the base learners, or making predictions made from the base learner and feeding 

them into a final model for classification or prediction purposes. The base 

predictions may take the form of probabilities or actual classification predictions 

but they are fed into the top-level model for final classification, which can be 

achieved through boosting, bagging or stacking (Wolpert, 1992).  

 

v. Model Training and Evaluation: At this step, the dataset is split into two: training 

set and testing set. The first set, which is usually about 70% of the whole dataset 

(Younis et al., 2020), is used in training the base model and the meta-learner. Then, 

the predictions made by the base model are used as inputs to train the meta-learner 

or final estimator. To evaluate the hybrid model, different metrics like accuracy and 

f1-score could be used to assess the model’s performance. 
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vi. Hyper parameter Tuning: Since the hybrid model may not at first produce the 

desired performance, it would be necessary in that case, to tune its hyper parameters 

with the intent of improving its performance. Cross-validation and grid search 

technique are some of the popular and powerful techniques for determining the most 

optimal hyper parameters that could be combined to ensure enhanced model 

performance (Bergstra & Bengio, 2012).  

 

vii. Model Deployment and Monitoring: Once the performance of the hybrid ML model 

has been confirmed as satisfactory, it may be the right time to deploy the model so 

that it can then be utilized to make predictions on unseen, unknown data. This step 

requires monitoring how the model performs on the new data for purposes of 

improving its performance in case it is lower than found during model testing. This 

step also involves maintaining the model once its performance has been found to be 

stable over time (Manouselis et al., 2014). 

 

2.14 Feature Extraction Techniques in Opinion Mining  

In feature engineering, there are different techniques for extracting features for model 

training. Each of the techniques has its strengths and weaknesses. This section presents 

a brief description of some of the more popular feature extraction techniques. 

a) Feature Vector - this technique involves converting a given text into a particular 

matrix made up of token counts. 

b) Term Frequency - this feature engineering technique involves counting the total 

frequency of each particular term in text (e.g. a review or tweet). 
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i. Count Vectors:  The Count Vectorizer (CV) technique is a trivial representation of 

features that works by converting textual documents into a matrix containing counts 

of each token. In this technique, every row in the matrix represents exactly one 

single document while each row represents only one unique word from the whole 

corpus. The cells contain values of that correspond to the number of occurrences of 

a word in a respective document. This technique is considered basic but powerful 

in the conversion of text data into numeric values that are fed into a ML technique 

or algorithm as input (Joachims, 1998). 

 

ii. TF-IDF: TF-IDF computes the importance of each word in a given document 

proportionate to a corpus of many documents. Its first part is the Term Frequency 

(TF) that measures the frequency of a term or word in a document. The second part 

is the IDF, which measures the uniqueness of a term or word in the corpus. 

Therefore, TFIDF gives additional weight to important words in a particular 

document while assigning less weight to words that are less common (Salton et al., 

1975). Hence, TFIDF is considered more advanced than the CV technique. 

However, this advancement may not be evident in some applications. 

 

iii. CBOW: The Continuous Bag of Words (CBOW for short), is one of the word 

embedding techniques that finds its use in areas like natural language processing. 

In its use, a model is specifically trained to make predictions of a target word based 

on the context of words surrounding that word. For applications where it is critical 

to extract the semantics of a word, this technique proves very useful. However, it 

requires dense vectors to perform well (Mikolov et al., 2013).   
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iv. Skip Gram: Skip Gram is also one of the feature extraction techniques under word 

embedding technique but working in the opposite way to the CBOW technique. For 

Skip Gram, the focus is to predict context words with respect to some target word. 

In applications where it is important to capture word semantics and relationships, 

this technique may find usefulness (Mikolov et al., 2013). 

 

v. Word2Vec: This is an extension of the Skip Gram and CBOW techniques. It works 

by creating dense vectors that are then used to characterize words by bagging the 

words' semantic meaning (Mikolov et al., 2013). 

 

vi. Glove: The Global Vectors for Word Representation is a feature extraction 

technique that combines the occurrence statistics of global words to help in learning 

word vectors (Lu et al., 2022). 

 

vii. BERT: The Bidirectional Encoder Representations from Transformers (BERT) is 

a more powerful model for feature extraction with use cases in NLP. It is a pre-

trained model for capturing word relationships and context (Devlin et al., 2019). 

 

2.15 Model Performance Evaluation Metrics 

There are numerous ways of finding the metrics for evaluating opinion classifier 

performance, which help in understanding the accuracy of an opinion-mining model.  

 

2.15.1 Cross-validation  

Feasibly, this is one of the most extensively used metric in model performance 

validation is cross-validation. Cross validation splits training data into several folds. In 

many cases, 75% of the data suits the training fold and the remaining 25% becomes 
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testing folds. This process is recapitulated several times after which an average for each 

metric is worked out. It overcomes overfitting because the number of folds to use 

depends on the amount of data available.  

 

2.15.2 Accuracy  

Accuracy measures how many texts from the whole corpus were predicted correctly, 

placing them in the correct class. In other words, accuracy is a measure of how 

frequently a technique correctly makes a positive prediction as a fraction of the total 

number of positive predictions made. This implies categorizing a few texts as having 

its place in a definite class unlike other texts. Eventually, at least two classes are 

involved in deciding accuracy. With imbalanced datasets, accuracy may not be suitable 

in measuring if a classifier is good or bad. Hence, precision and recall are applied 

(Sokolova & Lapalme, 2009; Malik & Kumar, 2018).  

 

2.15.3 Precision  

This metric is for defining the quantity of texts predicted appropriately as suitable in a 

certain category in relation to all predicted texts as suitable in the category. This refers 

to the number of texts that were predicted correctly divided by the total number of texts 

predicted as positive (Sokolova & Lapalme, 2009; Malik & Kumar, 2018).  

 

2.15.4 Recall  

Recall is an algorithm performance evaluation metric that gauges the sum of texts 

predicted properly as fitting in a definite category relative to all texts belonging in that 

category. As the classifier gets more data, precision and recall grows.  
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Comparative opinion mining is a classification problem since its goal is to classify an 

opinion, sentence, feature, entity, or relation correctly. In view of this, the recurrent 

measures are adapted from conventional classification field and they include accuracy, 

precision, recall, and F-score (Varathan et al., 2017). In each case, the output is a 

positive, negative, or neutral label (Sokolova & Lapalme, 2009; Malik & Kumar, 2018).  

 

2.15.5 F-score  

F-score is a combination of recall and precision hence more suitable in evaluating the 

performance of classification techniques. It relies on precision or recall alone is not 

enough (Sokolova & Lapalme, 2009). In the case of imbalanced datasets, F1-score, 

which is a harmonic average of both precision and recall generates a fair representation 

of both metrics (Powers, 2011; Malik & Kumar, 2018).  

 

The above four measures are frequently used in evaluating the performance of 

classification techniques in comparative opinion mining in various research works. The 

use of a correct performance metric (measure) gives way for benchmarking with future 

research studies and against previous studies.  

 

2.15.6 Kappa Static 

This metric is used to measures the agreement levels between actual opinions and model 

predictions. It provides more insight about possible chance agreement. This helps 

understand model performance over and above the expectation because of chance 

(McHugh, 2012).   
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While the above metrics are applicable to binary classification tasks, multi-class 

classification tasks require slightly different performance metrics shown in Table 2.2. 

Table 2.2. Multi-class Classification Performance Metrics 

 

 

2.16 Statistical Tools and Libraries for Comparative Opinion Mining 

To develop the hybrid machine-learning model for comparative opinion mining, the 

following statistical tools and libraries (available in Python programming language) are 

important. This is more especially because Python is the most popular and powerful 

programming language for machine language projects today. 

i. Natural Language Toolkit (NLTK): this is one of the most powerful and 

widespread libraries in processing natural language. It interfaces easily with 

numerous corpora as well as lexicons. It has other text processing libraries 

(Sundaram et al., 2023).  

ii. Scikit-Learn: this is a popular ML library in Python for NLP. It has data analysis 

and data mining tools for text classification and sentiment analysis (Sundaram 

et al., 2023).  

iii. Pandas: pandas library is used to clean and pre-processing of comparative 

textual data to make it fit for analysis (Sundaram et al., 2023). 
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2.17 Datasets 

Datasets for comparative opinion mining are significantly fewer than datasets available 

for direction opinion mining because comparative opinions are 10% of user opinions. 

Among those comparative opinion datasets available, some of them have imbalanced 

classes, meaning, a certain opinion polarity has a high occurrence hence causing 

incorrect or biased classification  , which leads to wrong pinion analysis (Alkharabsheh 

et al., 2022). For balanced classes where there is near-even distribution of opinions in 

the positive and negative opinion classes, model-overfitting issues do not easily arise 

and the accuracy metric is recommended for model performance evaluation. However, 

in cases where class imbalances occur, f1-score evaluation metric is recommended as 

it a harmonic representation of recall and precision. Credible sources of opinion mining 

datasets include Kaggle’s datasets and UCI’s datasets (Ghag & Shah, 2018). For 

example, For example, Younis and others (2022) obtained three comparative reviews 

datasets from kaggle.com for their research. The datasets were: Microsoft vs Google, 

Facebook vs Twitter, and Pearl Contintental vs Marriott. 

 

2.18 Applications of Comparative Opinion Mining  

Approximately 80% of data in this world remains unstructured. Common forms include 

chats, reviews, social media, or text documents. As a result, manually gaining insights 

from such data could prove both time-consuming and difficult. Conversely, with 

opinion mining systems, firms can quickly get insights through automation processes 

(Varathan et al., 2017). 
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2.18.1 Benefits of Opinion Mining  

i. Scalability – it is conceivable to process data without incurring high costs and 

in a proficient fashion irrespective of the size of data (Sharma et al., 2017).  

ii. Real-time analysis – for an interested entity to identify vital information 

instantaneously so that a state of affairs can be brought to the responsiveness of 

the business for instant action. This is key in handling public relationships and 

reputation in the wake of rising dependence on reviews (Malik & Kumar, 2018).  

iii. Consistent criteria – opinion mining leads to objective opinion evaluation since 

humans vary in terms of opinion polarities on many subjects (Sharma et al., 

2017).   

 

2.18.2 Applications of COM in Brand Reputation Monitoring 

Opinion mining has a wide range of real-life application areas. These include brand 

reputation monitoring, market analysis and research, customer service, social media 

monitoring, voice of customer, and product analytics (Malik & Kumar, 2018). Granting 

brands have access to vast sizes of data existing on online review websites like 

Amazon.com and social media platforms like X from where they can monitor mentions 

of their brands, analyzing the worth of such brand mentions. The ensuing are uses of 

opinion mining in brand reputation monitoring: 

 

i. To examine online consumer reviews to obtain insight into user opinions. 

ii. To mechanically categorize as critical all online mentions of a specific brand. 

iii. To automatically alert selected employees of a brand about explicit online 

mentions linked to their work areas 
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iv. To perform brand monitoring tasks automatically through computing 

technologies. 

v. To gain an enhanced appreciation of a precise brand’s online manifestation over 

access to exciting business acumens besides data analytics. 

 

A rising number of people and businesses have espoused review websites in current 

years hence forming an upward trend. Review websites are important in the boosting 

of the sum of interactions amid customers and businesses. Likewise, existing consumers 

entail people that enjoy sharing their views or opinions around what is of interest to 

them. The sites are now vital in corporate advertising and brand reputation 

management. Customers make available their opinions on, for example, Amazon 

review website freely, just as they do on other platforms like X and YouTube. The 

reviews may comprise consumer complaints and sentiments about the business. 

Companies, conversely, in a bid to leverage such online reviews, are interested in 

opinion mining to draw valuable insights (Sharma et al., 2017). 

 

The existence of plentiful online sites accessed by means of electronic devices, for 

example, smartphones, and computers has caused it to become multifaceted for 

business intelligence players and salespersons on social media to handle brand 

reputation. In keeping with Perakakis et al. (2019), the application of machine learning 

eliminates the intricate challenges associated with scrutinizing the massive data 

volumes on internet-based podia and offers key benefits for instance improved 

accuracy, task computerization, compact operational costs, and minimized human 

power. With machine learning, businesses can make shrewder strategic decisions about 

how they position their brands before their clients by primarily attaining a superior 

appreciation of their consumers' opinions concerning their brand. By understanding 
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customers, brands increase the capability to regulate suitable promotion messages, 

advance their content marketing policies, discover apt influencers, and get instinctive 

statistics on their clients. Consequently, a painstaking comprehension of business 

clients guarantees a brand of improved social advertising tactics. Correspondingly, this 

makes room for making informed choices and endorsements. This is a key use of 

mentions (Perakakis et al., 2019). 

 

 

Figure 2. 8 Daily Opinion Analysis 

(Source: Perakakis et al., 2019). 

2.18.3 The process involved in brand reputation monitoring  

The processes necessary in brand reputation monitoring has several stages. First, the 

brand deliberately analyzes available opinion reviews over a precise period to help it 

determine opinions targeted at the brand. Second, the urgency expressed in the 

mentions is categorized automatically, depending on the specific corporate interests. 

Third is the sending out specific mention-related notifications to designated teams of 

the brand. This process is automated to permit brand management teams to stay aware 

of what people say about the brand for purposes of initiating corrective measures. 

Fourth is to accomplish automation of opinion mining tasks and processes. The last 

stage is through action on a variety of business analytics and insights obtained through 

opinion mining; a better brand reputation is sustained (Istrati & Ciobotaru, 2022).  
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This approach of brand reputation monitoring could benefit a brand in various ways: 

i. Gaining an understanding of the evolution of a brand’s reputation over time.  

ii. Understanding business rivals through mentions that include them. 

iii. Identify probable public relations watersheds and take applicable actions. This 

necessitates that a brand prioritizes mentions that call for a speedy response 

iv. Implement opinion mining for definite business events or in the course of time. 

 

2.19 Challenges facing Opinion Mining 

There are numerous unsettled issues in the field of opinion mining. These problems are 

consistent across the majority of studies in opinion mining (sentiment analysis). It 

should be noted that there is no single technique or approach for solving all these issues 

(Borele & Borikar, 2016). This section presents some of the common, important issues 

in opinion mining. Some of these issues necessitate comparative opinion mining while 

others are still problematic even when carrying out comparative opinion mining.   

 

2.19.1 Named Entity Recognition (NER) 

Named-entity recognition and extraction is aimed at determining entities named in 

unstructured texts. Examples of named entities include brand names, product names, 

service names, organizations, events, names of people, locations, and time. In the 

context of comparative opinion mining, a key element is entity detection. Typically, in 

comparative opinions, multiple rival entities are mentioned together, with the 

relationship between them. This shows how they are compared based on a certain 

feature or business aspect as is often the case in comparative reviews on Amazon 

Reviews and X (Jahanbin et al., 2019). In line with Kaur (2016), the different mentioned 

entities must be accurately identified to allow of determination of opinions or 
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sentiments attributed to each of the entities. The example below shows an opinion 

review that could be typical of what one would find on Amazon Reviews website or 

social media platforms like X and YouTube.  

“I like Dell laptops. HP sucks!” 

 

Considering the above instance, Kaur (2016) contends that using the simple BOW 

model would generate a neutral opinion class. However, the statement actually has both 

positive and negative opinions with respect to the two mentioned entities: Dell and HP 

correspondingly. Thus, applying entity detection or recognition could help brands to 

know when their rivals have been mentioned in the same review as the target (interested 

/ inquiring) brand. Such mentions, when examined, can reveal business aspects or 

features upon which the comparative review was based, even further showing the 

preferred entity between the two mentioned entities. Such information is useful for 

brands interested in carrying competitor analysis to identify products and/or services 

that require improvements to meet customer needs. 

 

One of the ways of handling named entity recognition is by the use of lexicons or 

dictionaries containing brand names, product names, or service names (Varathan et al., 

2017). However, because many brands have alternative names, the lexicons must be 

created to encompass the most common alternative brand names by which customers 

refer to the business entities or their products or services. In this study, a lexicon was 

used for entity identification or detection, considering that entities are key elements in 

comparative opinion mining.  
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2.19.2 Entity Relation (Order Dependence) 

Since there are at least two comparable entities in comparative opinion reviews, it is 

vital to establish the direction of the relationship between the entities. This issue is 

closely linked to the named entity detection issue. This work utilizes machine learning 

and/or deep learning techniques to learn how the subject and object entities are 

associated in text. ML or DL models that have been trained on large datasets containing 

multiple compared entities are capable of establishing a pattern that typifies entity 

relations in reviews. Using this pattern, the models are then capable of accurately 

determining the entity relations in comparative opinions. Again, entity relations are one 

of the key pillars of comparative opinion mining. Below are two examples comparative 

opinion reviews.  

Review #1: “Apple is better than Samsung” 

Review #2: “Samsung is better than Apple” 

 

The first review shows Apple and Samsung have been linked by the phrase “better 

than,” thereby revealing the direction of the relationship in terms of opinion preference. 

The reviewer expresses his / her preference for Apple, meaning, more positive opinion 

polarity towards Apple and a less positive polarity opinion towards Samsung. In short, 

the reviewer prefers Apple to Samsung. On the other hand, the second review shows 

reversed opinion direction because the two entities (Apple and Samsung) have switched 

their positions while the opinion words remain intact. In review #2, the reviewer prefers 

Samsung to Apple. Therefore, a change in the order of entities in opinion reviews 

requires accurate detection and handling to enable coming up with the correct opinion 

classes for each entity, and further, determining the preferred entities. Yet, this 
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challenge has not been adequately addressed, calling for further studies in this area to 

improve the accuracy of entity relation detection  (Kaur, 2016).  

 

2.19.3 Opinion Negation 

There are cases when an opinion holder (a reviewer) negates an opinion devoid of using 

common negation words like “never,” “not,” or “no.” This is still a challenge in opinion 

mining  (Kaur, 2016). Even though studies such as those carried out by (Sun et al., 

2009) have tried to address negation in opinion mining, there are many non-standard 

words or phrases people use to express opinion negation. Trying to use a lexicon proves 

unfeasible in many domains. A better way to handle this is through ML and DL 

approaches as the algorithms in these approaches can learn the various patterns through 

which negation is expressed in reviews and be able to use this knowledge to make 

accurate opinion classification when given opinions containing negation. In the 

example below, negation is expressed implicitly, making it difficult to detect it using 

NLP and lexical approaches, as there is no standard negation word used in the review.   

“This solution will overcome overspending habits in corporations. 

 

2.19.4 Domain Dependence 

A word or phrase may have different meanings based on the knowledge domains in 

which it is applied. For instance, 'unpredictable’ bears a positive implication in the 

entertainment sector  despite the fact that this very word has a negative connotation in 

the autos domain (Kumar & Sharma, 2017). That is why the opinion class derived from 

a sentence using it could be positive or negative depending on the application domain. 

This leads to subjective opinion statistics. Training ML and/or DL models on huge 

datasets in specific domains tends to solve this problem. Besides, transformers models 

help with knowledge transfer across domains but they require huge training datasets.  
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2.19.5 Non-English Language Limitations 

Most studies have reported carrying out opinion mining using language-dependent 

datasets. Common languages that have been used include Chinese, Korean, and 

English. Unfortunately, a number of useful data sources like Amazon Reviews and 

social media platforms allow people to communicate using multiple languages. 

However, there is solution for automatically processing opinions in multiple languages. 

This is why opinion research usually involves datasets in specific languages that the 

researchers are familiar with, and/or which have been handled or researched upon 

before. There is, therefore, a growing interest in more research using other languages 

apart from English, Chinese, and Korean (Kaur, 2016). Besides, language dialects and 

language nuances like short forms that often appear in reviews on social platforms like 

X complicate opinion analysis (Kumar & Sharma, 2017). In this work, English-based 

datasets were used, being the language the researcher is more familiar with, and which 

comparative datasets were much more readily available in than other languages.  

 

2.19.6 Context and Polarity 

Written words find meaning depending on the surrounding words and phrases. 

Disregarding the context of words may lead to inaccurate classification or analysis of 

opinions, which consequently leads to errors in decision making when using such 

opinion results. Many approaches have been proposed for handling context. This work 

utilizes the higher-order n-gram model, Count Vectorizer and TF-IDF features to tackle 

this problem. But, transformer models are gaining ground in this regard but they face 

the challenge of requiring huge amounts of training data and dedicated computational 

resources to work, making them unfeasible in a number of real-life applications.  
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2.19.7 Opinion Spam  

Social media allow people to express their opinions without restrictions, about any 

subject matter or entity, short of fearing any adverse consequences and without 

identifying themselves. Individuals with malicious intentions use this freedom to 

discredit other entities like business organizations and individuals, aware that their 

identity is undisclosed. These persons are referred to as opinion spammers while what 

their actions are called opinion spamming (Jindal & Liu, 2008). Opinion spamming 

represents a temporal dimension associated with how time affects comparative opinions 

(Thomas et al., 2011). Opinion spammers may be paid by a brand to discredit a rival 

brand. Therefore, a more accurate representation of the collective opinion pool from 

consumer reviews should be devoid of contributions obtained from opinion spams as 

their inputs cannot be trusted. This is why opinion spam detection as a data mining 

challenge needs to be addressed in comparative opinion mining (Liu, 2015).  

 

User profiles have a vital role in comparative opinion in regards to achieving more 

effective and accurate detection of spam opinions. The incorporation of some 

information that is user-specific, such as engagement patterns, preferences, and 

historical behaviors, it is possible to develop a context-aware and robust approach to 

detection spam opinions. Specifically, user profiles yield incredible insights into the 

characteristics and typical behavior of legitimate users thereby allowing for ways to 

differentiate between genuine and possible spam opinions. The following sections 

describes some of the techniques in use in the detection of spam opinions while carrying 

out opinion mining.    
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i. Engagement Patterns (Account Activity and Age) – the use of user profile 

metrics including comments, shares and likes can help track user engagement 

online. A sudden increase or decrease on engagement rates with respect to certain 

opinions from a specific user could be used to indicate possible spam (Thomas et 

al., 2011) particularly when such behavior is in variance with historical 

engagement patterns (El-Mawass et al., 2020). 

 

ii. Behavioral Analysis – past interactions, posting patterns, and content preferences 

of a user are part of a user’s profile. The analysis of deviations of these behaviors 

from the expected norm that is often recognized in sentiment shift or spike could 

be a red flag for suspected opinion spamming (Castillo et al., 2007; Gao et al., 

2010). Using this approach, the hybrid model developed in this research used a 

user’s account ID to detect the presence of multiple, similar tweets from the same 

user and ignore duplicate tweets from that user to avoid the opinion bias during 

opinion classification. 

 

iii. Consistency and Content Relevance – the expertise and interests of a user are 

in the user’s profile. If there is a drastic shift in the topics of interest such that the 

user is rapidly sharing content on an unrelated sentiment or opinion subject 

matter, this may be a reason to suspect opinion spamming from such a user 

(Castillo et al., 2007).  Irrelevant and repetitive content is an indicator of 

spamming from automated tools like bots (Davis et al., 2016). Due to the 

complexity involved in using this approach, this study did not attempt this 

solution.  
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iv. Social Network Analysis – in the case of social networks like X, the social 

network itself provides useful information about a user’s connections, together 

with his/her followers and relationships. Unusual interactions in a user’s 

interactions with users of low-quality accounts or unusual behaviors might be 

indicative of potential spam opinions (Meusel et al., 2014).  Attempting to solve 

opinion spam through this method would have had significant time, skill, and 

financial implications to the researcher. These three, were limitations the 

researcher faced in attempting to explore this option. 

 

v. NLP Techniques – analyzing a combination of opinion text with user profiles 

using NLP techniques can help detect anomalies in sentiments, language usage, 

and writing style. Spams often exhibit specific linguistic characteristics that make 

it dissimilar to classic language patterns. This information could be used to 

indicate the presence or absence of spam opinions (Potthast et al., 2018). The 

researcher found it computationally resource intensive to try using this approach 

using techniques like deep learning approach in opinion spam detection.  

 

vi. Bot Detection Algorithms – Artificial Intelligence driven bots could be used to 

detect the use of bots in opinion spamming. The AI bots could study the features 

obtained from user profiles on how the users interact with others to help improve 

on the accuracy of detecting spam (Davis et al., 2016). To use this approach, the 

researcher needed to integrate the developed hybrid model with an existing AI bot 

specifically for spam opinion detection. Unfortunately, the researcher was not 

familiar with ways of integrating existing bots with the developed hybrid model.  
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2.19.8 Lack of a Universal Opinion Mining Algorithm 

No existing algorithm is proficient in addressing all the problems in opinion mining. 

For this reason, different studies usually apply various approaches and algorithms to try 

to achieve improved opinion analysis. For instance, this study entailed the development 

of hybrid machine-learning model for comparative opinion mining. Theoretically and 

empirically,  hybrid models outperform the single models from which the hybrid is 

created thus offering better performance (Saberi & Saad, 2017). 

 

2.20 Challenges in Comparative Opinion Mining  

COM is aimed at analyzing opinions about mentioned entities that are related by some 

aspect(s) or feature(s). It is a challenging task carrying out opinion mining involving 

two entities. Thus, extending the task of comparative opinion mining to three or more 

entities poses great additional complexities. These complexities include the following: 

 

2.20.1 Data Annotation Effort 

Creating labelled datasets that could be used in ML model training for COM involving 

multiple entities is very resource-intensive and time-consuming. This has a direct 

impact on the availability of training data containing three or more comparable entities 

(Maas et al., 2011). While this study created a few datasets for model training and 

validation, the datasets were relatively small. To create bigger datasets, a lot more time 

and financial resources are needed for data collection and annotation.  

 

2.20.2 Increased Dimensionality 

The dimensionality of the data increases when the researcher has multiple entities 

involved in opinion analysis. This is because each of the entities involved creates a new 

dimension making it difficult in attaining effective interpretation and visualization of 
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the results. Each entity requires three labels. Thus, the more entities one has to handle, 

the more the labels. For instance, three entities would need nine labels while five 

entities would need 15 labels. An increase in the number of labels causes a direct 

increase in dimensionality making it difficult to prepare data for training and testing 

models for such high dimensionality data. For this reason, the researcher chose to work 

with two entities. This study strictly selected datasets with two entities to ensure that 

challenges associated with three or more entities were avoided.  

 

2.20.3 Pairwise Comparisons 

With multiple entities, the number of probable pairwise comparisons increase 

exponentially. Analyzing and managing such comparisons is both resource-intensive 

and complex (Ghose & Ipeirotis, 2011). Working with two entities in this study 

involved nine different pairs, based on the opinion polarities assigned to each entity in 

the opinion reviews. Attempting to process more than two entities will make pairwise 

comparisons among mentioned entities even more difficult. Thus, the researcher 

restricted this study to comparative texts with two entities only.  

 

2.20.4 Data Sparsity  

It becomes rarer to get available data containing multiple comparisons. This leads to 

data sparsity. This is because comparative opinions form only 10% of the available 

opinionated content. This problem was evident when looking for comparative opinion 

datasets to train and validate the model. While datasets for direct opinion mining exist 

in bigger numbers and sizes, those for comparative opinion mining do not exist in great 

numbers or sizes. To overcome this challenge, the researcher attempted to create a new 

dataset. Unfortunately, due to time and computing resource constraints, the study could 

not collect a good number of records.  



104 

 

 

  

2.20.5 Entity-entity interactions 

With multiple entities, the interactions and relationships between the entities become 

elaborate leading to dynamic sentiment complexities and technical challenges. While 

this study relied on the use of machine learning and deep learning algorithms to detect 

and learn the patterns on how entities interact in comparative texts, the presence of more 

than two named entities in the same comparative make it difficult to train a model on 

the interactions. However, deep learning approach may solve this problem but it is faced 

with the challenge of demanding greater computational resources, which were not 

available to the researcher during this study.  

 

2.20.6 Contextual and Semantic Challenges 

With multiple entities, additional nuanced analysis of how the entities semantically 

relate with each other and the contextual relationships involved is needed. Higher order 

n-grams like trigrams, used in this study, for instance, are simple solutions to the 

problem of contextualizing text for purposes of obtaining better semantics on the 

comparative opinions (Liu & Forss, 2014; Yan, 2022). Transformer models could offer 

a better solution to the problem of opinion contextualization through more effective 

feature extraction (Devlin et al., 2019). However, their use demand high computational 

resources, which were a constraining factor in this study.  

 

2.20.7 Interpretable Visualization 

Results obtained from comparative opinion mining become increasingly difficult to 

visualize as the number of entities involved, which is caused by complex multi-

dimensional sentiment relationships. This problem was apparent right from dataset 

annotation to determination of preferred entities where multiple entities are mentioned 
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together in a review. This study focused on two entities to minimize visualization 

challenges for better results interpretation.   

 

2.20.8 Entity Disambiguation 

It is challenging to recognize and disambiguate the mentions of many entities in text 

content. Accurate entity reference resolution is critical in obtaining meaningful opinion 

analysis and this is affected negatively as the number of entities increases in text 

(Cucerzan, 2007). While transformer models could potentially offer a solution to this 

problem due to their powerful feature extraction capabilities and relationship mining 

(Devlin et al., 2019), this study did not use them because of the high computing resource 

requirements associated with them.  

 

2.20.9 Scalability 

Scalable computational resources are needed to handle comparative opinion mining 

tasks like feature extraction, sentiment analysis, and data processing for cases of 

multiple entities (Cambria & Hussain, 2012). Working with traditional machine 

learning algorithms like Random Forest is computational efficient and less resource 

intensive. However, for high dimensionality data and larger datasets, deep learning 

algorithms perform better. However, this performance comes at a cost of high 

computational resource requirements like specialized Graphical Processing Units 

(Chollet, 2017) that many researchers and application developers and may not have 

access to, which limits their use in real world applications. 
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2.20.10 Opinion Fusion 

With multiple entities, summarizing, weighing, and aggregating diverse sentiments for 

every comparison is required. Performing these tasks is difficult in the case of multiple 

entities. Because multiple entities introduce multiple columns to represent opinion 

polarities (Yueyang & Wang, 2019) for each mentioned entity, it means that increasing 

the number of entities would result in increasing the number of columns to represent 

the polarities for each mentioned entity. The result of this is opinion fusion, where it 

becomes difficult to associate an opinion or sentiment with a particular brand entity 

mentioned in the text.  

 

2.21 Research Gaps in Comparative Opinion Mining 

This section presents the research gaps in COM identified in this study. 

i. Hybrid machine-learning models have been developed to perform direct opinion 

mining, showing improved performance. However, to the best of the researcher’s 

knowledge, there exists no hybrid machine-learning model for comparative 

opinion mining. This study had a primary purpose of filling this gap, which was 

achieved by combining two different algorithms to leverage their strengths while 

minimizing their weaknesses in the hybrid model (Sagi & Rokach, 2018).   

 

ii. Comparative statements in general texts like web documents, news, or other 

scientific texts may be factual and not opinionated (Bos & Nissim, 2006; Wan & 

Xiao, 2011; Park & Blake, 2012; Chang & Jin, 2012). It is difficult to distinguish 

between factual and opinionated textual content posted online. To overcome this 

challenge, the researcher relied on secondary datasets to train and perform initial 

model validation. To ensure that the texts contained comparative opinions, the 

researcher employed three human experts to annotate the datasets obtained. 
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iii. There is scanty research on comparative sentence detection using supervised 

machine learning techniques. Most existing studies were conducted on Chinese 

and Korean languages. However, this study relied on the few existing English-

based comparative opinion reviews. This gap needs to be filled to avoid relying 

on already collected datasets in specific languages. 

 

iv. Unsupervised machine learning techniques have not been widely employed in 

comparative sentence detection. To the best of our knowledge, there is limited 

research in this area hence a need to explore this area in the future. This study 

experimented the application of K-Nearest Neighbor (KNN) algorithm in 

performing comparative opinion mining. However, the algorithm underperformed 

in all tests. Perhaps, improved versions of KNN need to be developed to attain 

higher classification accuracies.   

 

v. The use of comparative and superlative words in COM is ineffective because 

some comparative words like “best” may carry no opinion in some sentences like 

“it is best to trust in God.” Therefore, identifying this sentence as comparative or 

applying the word to determine a preferred entity would be erroneous. 

 

vi. Some sentences have no comparative words yet they are comparative opinion 

sentences. Lexical approaches fail to identify such sentences like that correctly.  

 

vii. It is still difficult to handle COM involving multiple entities. While handling two 

comparable entities has been tried out, there is limited research on how to handle 

three or more entities. The challenge includes handling data imbalance, model 
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overfitting and dimensionality, increased complexity, limited training data, and a 

need for sufficient model evaluation metrics (Bengio et al., 2013). 

 

viii. Recency Bias – when opinion-mining models are subjected to analyzing recent 

comparative opinions, the chance of relying on recent opinion result increases, 

introducing a bias against older or historical opinions. Thus, analyzing recent 

comparative opinions and ignoring older comparative opinions may affect 

opinion comparison due to time effect (Das et al., 2018). 

 

2.22 Conceptual Model 

The conceptual model in this work was derived from the research objectives of this 

study. It guided this study. Besides helping the research decide on the topics to cover 

in the literature review chapter, the framework was key in the design of the research 

methods and experiments, analysis of the results, discussions of the results, and the 

conclusion of the study. This is because a change in each of the elements of the 

conceptual model has a potential of changing the outputs of the developed model due 

to the interrelations or interactions among the elements. The framework described in 

this section, involves four key components: a learning algorithm, feature extraction 

technique, and dataset, which together help predict the opinion class of a comparative 

opinion text. The predicted class, based on accuracy, translates to a brand’s reputation 

when applied to brand reputation monitoring.   

 

2.22.1 Conceptual Elements 

The framework presented here was used to establish the various comparative opinion 

elements and applying machine-learning algorithms to develop a hybrid-machine 

learning model that would effectively perform COM. However, to develop a hybrid ML 
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model, comparative datasets and feature selection/extraction techniques were a key 

consideration. Therefore, comparative opinion elements (opinion targets or brand 

entities, entity relations, brand aspect features, and opinion/sentiment words), feature 

selection techniques, and ML or DL algorithms are essential elements. The developed 

model requires to be evaluated to validate its performance. To achieve this, accuracy 

and f1-score were important evaluation metrics as they help determine the most optimal 

model for use. Algorithms represent the representation of knowledge in the model.  

 

The association amid the independent and dependent variables, their operationalization, 

as well as the influence from the moderating variables were key. In Section 2.3, the 

researcher found that brand reputation is affected by comparative consumer reviews or 

other comparative user-generated content. Thus, there was need for a technique for 

detecting or identifying entities. With entities identified, opinion mining and user 

profile analysis were then used to complete the model. The framework addressed two 

comparable entities in each comparative opinion review.  

 

2.22.1.1 Independent Variables  

Machine Learning Model - different ML algorithms can be applied to comparative 

opinion with potentially varying accuracy levels in the manner in which they will 

classify opinions. These models are capable of detecting the following four elements of 

comparative opinion data: a comparative sentence, multiple entities, entity relations, 

and comparative feature. All these elements are found in comparative opinion data.   
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Table 2.3 Elements of Comparative Opinions 

Comparative Opinion Element Comparative Opinion Mining Element 

Sentence (A comparative sentence) Comparative Sentence Detection 

Entity (Multiple Brand Entities) Entity Detection  

Relation (How the entities are compared) Relation Detection 

Feature (Brand aspect in the comparison) Feature Detection 

 

A comparative opinion sentence contains multiple entities, a relation between the 

entities, and a feature or aspect upon which the entities are compared. To determine the 

reputation of a brand as being positive, negative, or neutral, the four elements of a 

comparative opinion (mining) must be analyzed. Consider these two comparative 

opinion sentences, for instance: 

i. Nokia phones have better signal quality than Samsung phones. 

ii. Samsung phones have better signal quality than Nokia phones. 

 

In the first sentence above, Nokia has a more positive brand reputation than Samsung. 

In the second sentence above, Samsung has a more positive brand reputation than 

Nokia. Hence, besides determining the entities compared in a text review, it is vital to 

detect how the entities are related (e.g. A is better than B) and the brand aspect (e.g. 

signal quality) compared.  

 

2.22.1.2 Moderating Variables 

The moderating variables in this framework have the function of adjusting the brand 

reputation class by altering the intensity of the relationship between the dependent and 

the independent variables. In this study, these were moderating variables: 
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a) Feature Extraction Technique / Model  

To detect and extract the COM elements, a machine learning algorithm was considered 

suitable for use due to the nature of the data involved (unstructured) and the limitations 

of other approaches like association rule mining, natural language processing, and 

statistical methods.  

1. Machine Learning Algorithm (or Deep Learning Algorithm) - different machine 

learning and/or deep learning algorithms present different attributes that cause 

machine-learning models to attain different performances. This has been 

observed in many studies including a study by Banihashemi et al., (2017) that 

led to the development of a hybrid model for building energy consumption.  

2. Feature Extraction Technique – different feature extraction techniques result in 

different model performances (Ligthart et al., 2021; Ondara et al., 2022). The 

parameters used feature extraction influence feature extraction. For example, 

when using the N-gram model, the value of n (n-gram range value) affects the 

general accuracy of classified opinions (Ligthart et al., 2021). 

 

b) Dataset Choice 

The datasets required for comparative opinion mining must have at least two 

comparable entities. Each dataset had reviews whereby each review must mention the 

entities being reviewed. According to Kleinberg et al. (2018), different dataset yield 

varying accuracy levels when performing comparative opinion mining with the same 

machine learning model.  
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2.22.1.3 Dependent Variable 

The dependent variable in this study is Accuracy. The accuracy was used to determine 

the Opinion Class. The reputation is computed from the opinion polarity (Positive, 

Negative, or Neutral) from each opinion analyzed. A positive opinion class relative to 

a brand implies a positive brand reputation. Conversely, a negative sentiment class 

relative to a brand implies a negative brand reputation. A neutral sentiment class implies 

that the analysis of the opinion holders’ opinion reveals a lack of decisiveness on 

whether the brand’s reputation is positive or negative. Opinion class visualization is a 

processed, visual form of the opinion classes. User feedback or satisfaction relates to 

feedback from users involved in ground truth testing.  

 

2.22.2 Operationalization of Variables 

A study by Varathan et al. (2017) identifies the accuracy of a machine learning model 

is a preferred model evaluation metric for measuring the performance of a model in 

comparative opinion mining. According to Liu, Xia, and Yu (2021), a comparative 

opinion sentence has four elements, which include subject (subject entity), object 

(object entity), comparative aspect, and comparative opinion. Thus, these four elements 

need to be detected first. But since we this study used comparative opinion datasets, 

there was no need to detect sentences. Also, the entities were manually input to reduce 

computational resource demands in case Named Entity Recognition were to be used, 

there was no need to detect entities. Therefore, the primary tasks for the machine 

learning model in relation to operationalization of variables was to detect features and 

relations between features to help determine the opinion label / class. 
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1. Sentence: A comparative sentence is the basic unit of user-generated content 

that holds comparative opinions. The other three elements of comparative 

opinion mining are identified and/or extracted from textual material.  

 

2. Entities: This entails the brand entities identified in comparative opinion texts 

like reviews. The opinions were analyzed relative to the opinion polarities 

directed at the target brand. This may affect the opinion class of the brand. 

 

3. Relations:  This refers to the type relationship linking the (brand) entities. 

These could be comparative or superlative connectors that could be mined 

through NLP, rule mining, or machine learning approaches. 

 

4. Feature: This is the aspect within a comparative sentence. It is upon this feature 

that a comparison between the mentioned entities is based. 

 

Dependent Variables 

Accuracy: the two model evaluation metrics used predominantly on COM related 

research are:  accuracy and f1-score. The accuracy of the model was used to infer the 

brand reputation class (positive, negative, or neutral). The values for both accuracy and 

f1-score were quite close. Brand reputation was directly mapped from the dependent 

variable (accuracy), representing the opinions held by clienteles concerning the brand's 

business products, or services. In this study, changes in the opinion labels for a given 

brand due to effect of opinions targeting rival brands gave an improved examination of 

a brand’s reputation. Based on the above variables, the following conceptual model was 

developed. 
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Figure 2. 9 The Conceptual Model 

Current literature shows that a brand’s reputation is influenced or impacted by the 

opinions of customers about the brand in relation to its products and/or services. 

Besides, a brand’s reputation is unpleasantly impacted when the brand’s customers 

compare its products or services with those of rival brands. Trust levels of consumers 

have a significant effect on how they (customers) understand and respond to their 

brand’s business campaigns. However, some users may use fake content, resulting in 

low quality, erroneous, and defective opinion results. 

 

2.23 Conceptual Process Model 

This is a graphical depiction of the main constituents of a process. It is used to bring 

about the definite development of a process, or system. The realization of a conceptual 

process model is often the development of a complete system or system prototype. In 

this study, this was used in developing a prototype for COM. The conceptual process 

model shown in Figure 2.10 is for comparative opinion mining. The process starts with 

data pre-processing which involves either one or both of these two tasks: feature 

engineering and feature selection. For this study, only feature selection was done. Upon 

selecting features, the next task is model training using training datasets. After training, 

model testing / evaluation is done using the training dataset. Thereafter, a COM 



115 

 

 

  

classification model is applied on comparative opinion data that is unknown to the 

trained model to obtain classification results that could be applied to brand reputation 

monitoring. As data is obtained for classification by the trained model, additional tasks 

like spam opinion removal are performed to make the results more reliable.  

 

The opinion class produced by the classification model is then used to indicate the 

reputation of a brand. For example, a higher number of positive opinions than negative 

opinions about a given brand could be interpreted to mean the brand has a positive 

reputation. The reverse is also true where the number of negative opinions exceed the 

number of positive opinions for a given brand. In a case where the positive and negative 

opinions are the same, then the brand's reputation is classified as neutral. 

 

Figure 2. 10 Conceptual Process Model 
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2.24 Chapter Summary 

This chapter described the theoretical framework for comparative opinion mining 

(COM) as it relates to brand reputation monitoring. Specific theories behind brand 

reputation monitoring, algorithm selection and feature selection criteria were explored. 

The chapter presented the background to COM, the elements of COM, the various 

approaches to COM, specific algorithms for opinion mining and comparative opinion 

mining, together with the relevant feature extraction techniques and model evaluation 

metrics. A key finding from this chapter was that there were limited studies on the use 

of hybrid ML models for COM. In the subsequent chapter, the state-of-the-art ML 

algorithms like Support Vector Machine, Naïve Bayes, Random Forest, and Stochastic 

Gradient Descent; and DL algorithms like CNN, RNN, LSTM, and Multilayer 

Perceptron described in this chapter would be validated or challenged through a pilot 

study. This would be followed by an empirical study to establish their suitability for 

use in building a hybrid ML model for COM. Feature extraction techniques like count 

vectors and TFIDF, which integrate well with the BOW feature model were adopted, 

as they are more suitable for COM due to data sparsity reasons. The ensemble learning 

method, being theoretically and practically effective in developing hybrid models was 

adopted for use in the empirical study. Reviewed literature showed that accuracy was 

the commonest metric in model performance evaluation for COM especially for 

balanced datasets while F1-score was preferred especially for imbalanced datasets. 

These metrics were used in evaluating the effectiveness of the developed hybrid ML 

models for COM and applying the model to determining the reputation of a brand using 

comparative opinion data. 
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CHAPTER THREE  

METHODOLOGY 

3.1 Introduction 

This chapter describes the methodology employed in this study. The mixed methods 

research methodology was adopted thus integrating qualitative research that involved 

analyzing of qualitative data with quantitative research that involved analyzing of 

quantitative data. This methodology leveraged the advantages of qualitative and 

quantitative methods thus increasing the validity of the research findings. This chapter 

is organized as follows; Section 3.2 presents the research philosophy adopted and a 

justification for its use. Section 3.3 provides an overview of the research design for both 

the pilot study and the main experiments. This is followed by 3.4 that describes the 

research instruments. Section 3.5 presents the pilot study followed by Section 3.6 on 

the sampling strategy and sample size. Section 3.7 covers how the research hypotheses 

were tested followed by 3.8 on model development methodology. Section 3.9 covers 

the Design of hybrid ML model. Section 3.10 entails prototype development followed 

by Section 3.11 on data analysis. Lastly, Section 3.12 presents the research ethics.   

 

3.2 Research Philosophy  

A research philosophy is a belief that a researcher maintains about how he/she will 

collect and scrutinize data about a specific research phenomenon in a bid to create new 

knowledge (Muhaise et al., 2020). For this study, the researcher employed the 

philosophy of pragmatism. This philosophy assumes that research concepts are simply 

germane in cases where they put up with action (Dixon, 2020). The researcher began 

this study with problem identification then proceeded to ascertaining his aim towards 

causing real-world solutions that enlighten and help future practice. Principally, the 
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researcher began this work with a sense of uncertainty that somewhat, something was 

amiss within the chosen area of study. At the conclusion of this work, the researcher 

had a conviction that the problem was solved. Pragmatic researchers concentrate on 

creating practical solutions to real-world problems (Muhaise et al., 2020).  

 

The researcher selected this philosophy for two reasons. First, it is applicable in 

scientific research where an entity or artifact (e.g. a product or service) is to be 

developed to help improve lives (positive impact on life). In this study, a useful 

machine-learning model was developed and a prototype created as a proof of concept. 

Second, it incorporates more than a few concepts and additional research philosophies, 

consequently, being more typical. This consists of subjectivism and objectivism, among 

other contextualized experiences. Since the research objectives focused on developing 

a ML model, the pragmatic philosophy provided guidance.   

 

3.3 Research Design  

This section describes how the research was designed from the perspective of the 

research design process, the experimental design, how the main experiments were 

designed, and the data collection tools used.  

 

3.3.1 Research Design Process 

Considering the pragmatic philosophy guiding this study, the researcher employed 

mixed methods approach. With this approach, four methodologies were used. First, 

qualitative, and quantitative research designs were used to guide the research. Second, 

system prototype development was carried using the Integrated Desktop Development 

Process (IDP). Finally, to assist with system model evaluation, primary experimental 

research design and secondary experimental research design were used. The whole 
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research process was conducted in three key phases: problem identification, solution 

design, and evaluation, according to Offermann et al., 2009, as shown in Figure 3.1.  

 

Figure 3. 1 Research Design Process 

The problem identification phase required qualitative as well as quantitative research 

methods. Qualitative research was applied in document analysis to explore the state-of-

the-art machine learning models, features, datasets, and model evaluation metrics used 

in opinion mining. The solution design phase involved developing a hybrid machine-

learning model for comparative opinion mining. This leveraged the findings of the pilot 

study. In relation to Figure 3.1, this research had one primary problem to address: 

developing a hybrid machine learning model for comparative opinion mining. Once this 

need was clearly understood, the research design process required that a solution be 

designed, which was achieved through the desktop design process. Finally, the designed 

solution was evaluated iteratively using different variables including the ML or DL or 

Hybrid algorithm, dataset, and feature extraction technique. The intention of iteration 

is to determine the most optimal combination of algorithm, feature extraction technique, 

and feature parameters.  
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Pilot studies helped the researcher to gain insight, improve the research methodology, 

and validate if the approach was feasible or not (Malmqvist et al., 2019). In this study, 

for instance, the pilot study also helped to explore the data acquired for model training 

and testing in terms of its quality and volume, which is important in the development 

of machine learning models. Secondly, pilot studies help researchers to determine and 

select relevant features for various use cases including comparative opinion mining 

(Omar et al., 2014). Another key benefit of pilot study is the use of pilot study findings 

to select and tune algorithms for use in the main experiments. In this case, a pilot study 

gives a researcher an opportunity to evaluate the performance of a machine-learning 

algorithm prior to the main experiment, aiding in selecting and tuning the best 

performing algorithms from the pilot study.  

 

In dataset labelling and annotation, a pilot study helps a researcher to test if collecting 

and manually annotating data is feasible or not (Khomsah et al., 2023), which is 

instrumental in the decision to use or not to use secondary datasets. In addition, pilot 

studies help researchers to evaluate a model's performance (González-Gonzalo et al., 

2022). At the stage of pilot study, the researcher identifies the appropriate model 

evaluation metrics to apply in the main experiment based on realistic results from the 

pilot study. Finally, pilot studies help in the development of hybrid machine-learning 

models through the validation of the effectiveness and compatibility of the different 

approaches used in developing the hybrid model. This phase also benefitted from 

relevant theories concerning system design and development (Offermann et al., 2009).  
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For this study, IDP was used to design the system prototype following four key phases: 

needs analysis, conceptual design, prototype development, and prototype evaluation 

(Nam & Smith-Jackson, 2007). In the third phase of this research design process, the 

developed hybrid machine-learning model was evaluated through experimentation, 

using both secondary and primary data. This was done to assess the effect of 

comparative opinion analysis on the sentiment score of a brand and subsequently, the 

reputation of that brand. The developed system prototype was availed to three experts 

for one week.  

 

This would help to gauge the effectiveness of the HML Model in monitoring the 

reputation of a brand based on comparative opinions generated by social media users. 

After this period, a discussion with the three experts was conducted to collect feedback 

on the usefulness of the HML Model. Ground truth data was obtained from these 

experts, having been given 100 comparative opinions to classify according to the 

respective opinion polarities for each entity mentioned in the text, and then comparing 

their results with those obtained using the HML Model on the same texts. This helped 

attain human validation of the effectiveness and efficiency of the HML Model for use 

in brand reputation monitoring. Figure 3.2 shows the mapping of research objectives, 

and research questions to the respective research methods used to address the research 

objectives and research questions. 
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Figure 3. 2 Mapping of Research Objectives, Questions, and Hypothesis to Research Methods 

 

3.3.2 Experimental Design 

This study applied the Integrated Design Process (IDP) methodology in the 

development of the system prototype that was used to carry out experiments on 

monitoring brand reputation using comparative opinion mining. This methodology 

emphasizes the principle of dynamic system design principles (Nam & Smith-Jackson, 

2007). In this methodology, Offermann, Levina, Schonherr, and Bub (2009) emphasize 
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the need to design systems that aim at meeting system requirements based on theory 

and experimentation (e.g. through pilot study). The process entails four phases: needs 

analysis, conceptual design, prototype development, and system testing (Nam & Smith-

Jackson, 2007). Figure 3.3 illustrates this process.  

 

This design was led by the interaction between / among the independent variable (brand 

reputation class), moderating variables (opinion classification algorithm, feature 

extraction technique, and N-gram range or window –size), and the independent 

variables drawn from the comparative opinion mining elements (sentence, entity, 

relation, and feature). Using machine learning and deep learning, the selected 

algorithms were trained using annotated data to learn the relationships among / between 

the various comparative opinion mining elements and the trained model was then 

exposed to new, unlabeled data for classification. Subsequently, after the model 

demonstrated satisfactory classification accuracy, a web-based prototype was 

developed to demonstrate the application of the hybrid machine learning model in 

comparative opinion for automating the process of brand reputation monitoring in 

different domains including banking, telecommunications, and automotive. Figure 3.3 

shows the methodology used in designing our experiments. 
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Figure 3. 3 Integrated Design Process (IDP) Methodology  

(Nam & Smith-Jackson, 2007) 

 

The contents obtained from the Integrated Design Process shown in Figure 3.3 were 

instrumental in understanding how the design of the system for this study would be 

handled. For example, the needs analysis phase led to the identification of necessary 

components for the system prototype. The conceptual design informed the choice of 

dashboard components to help in communicating brand reputation statistics over time. 

The development phase was used to inform the development of the prototype while the 

formative evaluation phase in the IDP was achieved through system testing of the 

prototype.  
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3.3.3 Experiments 

For our main experiments, the conceptual process model outlined in section 2.23 was 

followed. First, comparative opinion datasets were obtained from Kaggle.com, which 

hosts free datasets for machine learning and data science projects. Each record in the 

dataset had two brands compared hence meeting the criteria for comparative opinion 

data. The features were extracted using a specific ML or DL algorithm, depending on 

the experiment as there were several algorithms to work with. Based on the algorithm 

and features extracted, the algorithm was trained on the training set of data, which 

consisted of 70% of the whole dataset. During training, the algorithm learned from the 

features in the labelled data on how to associate the output labels (opinion polarity) 

with the input labels (comparative sentences / reviews).  

 

The ML or DL algorithm simply learns the patterns in the data, which involves 

detecting how specific comparative elements relate with opinion classes (positive or 

negative or neutral). The trained model was then subjected to the test set (30% of the 

dataset that was not used during training) to evaluate the performance of the trained 

model. Upon satisfactory classification of the training set data based on model 

accuracy, the model was deployed to classify live comparative data from X platform 

and YouTube product reviews. While carrying COM on live data, span opinions were 

minimized by ensuring only unique reviews were collected from the same opinion 

holder using account / profile IDs. The opinion classes (positive, negative, neutral) were 

then used to compute the reputation of the brand as a percentage. In this case, if the 

percentage of positive reviews exceeded those of the negative reviews with regards to 

a certain brand, then this was treated as positive brand reputation. Otherwise, the 
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reverse could mean a negative brand reputation. Where the percentages of both positive 

and negative reviews matched, then the reputation was treated as neutral.  

 

The experiments in this study involved implementing each machine-learning algorithm 

with each feature extraction technique and each n-gram range or window size as shown 

in section 3.3.6 and table 3.1. This yielded many results showing how each algorithm 

performs with a variation from two factors: feature extraction technique and n-gram 

range or window-size. The n-gram range affects the performance of algorithms when 

using sparse vectors like in the case of Count Vectors and TFIDF feature extraction 

techniques while the window-size affected dense vectors used in the case of CBOW 

and Skip gram feature extraction techniques. Upon determining the best performing 

single machine learning techniques or algorithms, the study applied the algorithm 

selection criteria in section 2.12 to decide on which algorithms were fit for application 

in developing a hybrid model. This resulted in multiple hybrid machine-learning 

models. The researcher then evaluated the performance of the hybrid models using 

accuracy and f1-score metrics (see Section 2.15) to determine the most effective one.  

 

Forty experiments were done to establish best combinations of machine learning 

algorithms, feature extraction techniques, and n-gram ranges for developing an 

effective hybrid model for application in comparative opinion mining for monitoring 

brand reputation. The experiments indicating a range in the SN column are those 

repeated but each time applying a different dataset. The researcher had three secondary 

datasets (see Section 3.3.4 Data Collection).  
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In each experiment, the researcher experimented with a set of machine learning 

algorithms to perform comparative opinion mining on three comparative datasets. This 

was to determine the accuracy of each algorithm in classifying comparative opinion 

data but with the effect of feature extraction techniques. The n-gram or window-size 

parameters were used to establish their impact on the performance of the various 

algorithms tested. The goal for these experiment was to establish the best or optimal 

combinations of machine learning algorithms, feature extraction techniques, and n-

gram (window-size) parameter combinations that would be used to create an effective 

hybrid machine learning model for comparative opinion mining, which would find 

application in brand reputation monitoring. The experiments followed the conceptual 

process model in Figure 2.11.  

 

The experiments were grouped into two: experiments involving single machine 

learning models and experiments involving hybrid machine learning models. In both 

cases, one-way ANOVA and T-tests were used to determine the significant difference 

in their performance.  
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Table 3. 1 List of Experiments 

SN Algorithm Feature 

Extraction 

Technique 

n-gram 

range value 

or window 

size 

Dataset Model 

Evaluation 

Metric 

1 - 3 Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

Count 

Vectorizer 

N = 1 D1: Microsoft 

vs. Google 

 Accuracy 

 F1-score 

4 - 6 Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

Count 

Vectorizer 

N = 2 D1: Microsoft 

vs. Google 

 Accuracy 

 F1-score 

7 - 9 Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

Count 

Vectorizer 

N = 3 D1: Microsoft 

vs. Google 

 Accuracy 

 F1-score 

10 - 

12 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

TFIDF N = 1 D1: Microsoft 

vs. Google 

 Accuracy 

F1-score 

13 - 

15 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

TFIDF N = 2 D1: Microsoft 

vs. Google 

 Accuracy 

F1-score 

16 - 

18 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

TFIDF N = 3 D1: Microsoft 

vs. Google 

 Accuracy 

F1-score 

19 - 

21 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

CBOW W = 1 D1: Microsoft 

vs. Google 

Accuracy 

F1-score 

22 - 

24 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

CBOW W = 5 D1: Microsoft 

vs. Google 

Accuracy 

F1-score 

25 - 

27 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

Skip gram W = 1 D1: Microsoft 

vs. Google 

Accuracy 

F1-score 

28 - 

30 

Single ML Algorithms: 

MNB, SVM, KNN, DT, 

RF, LR, SGD, MLP 

Skip gram W = 5 D1: Microsoft 

vs. Google 

Accuracy 

F1-score 
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31 - 

33 

Hybrid ML Algorithms: 

DT, MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + RF, 

SGD + MLP, SGD + 

SVM  

CV N = 3 D1: Microsoft 

vs. Google 

Accuracy 

F1-score 

34 -

37 

Hybrid ML Algorithms: 

DT, MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + RF, 

SGD + MLP, SGD + 

SVM  

TFIDF N = 3 D1: Microsoft 

vs. Google 

Accuracy 

F1-score 

38 Hybrid ML Algorithms: 

DT, MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + RF, 

SGD + MLP, SGD + 

SVM  

CV N = 3 Primary 

Dataset 1:  

 

Accuracy 

F1-score 

39 Hybrid ML Algorithms: 

DT, MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + RF, 

SGD + MLP, SGD + 

SVM  

CV N = 3 Primary 

Dataset 2:  

 

Accuracy 

F1-score 

40 Hybrid ML Algorithms: 

DT, MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + RF, 

SGD + MLP, SGD + 

SVM 

CV N = 3 Primary 

Dataset 3:  

Accuracy 

F1-score 
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3.3.4 Data Collection  

This section describes the process of data collection followed in this study. This 

includes the information about the Ground Truth underpinning the experiments. 

Additionally, information about Secondary Data and Primary Data used in the 

experiments is provided.  

 

3.3.4.1 Ground Truth  

In supervised ML, the use of human-annotated datasets provides the ground truth from 

which the machine-learning model is trained and the accuracy of the classification 

benchmarked or evaluated. Through purposeful sampling, three human annotators were 

identified and involved in performing manual verification of the sentiment polarity 

classes assigned to the datasets used for training the models. They were from three local 

brands in charge of corporate relationships with experience in brand reputation 

management on digital platforms. To determine the final sentiment polarity for each 

review, the researcher employed the commonest sentiment polarity assigned to each 

review by the human annotators. This w akin to the concept of majority votes as used 

in the parlance of elections. The inter-annotator agreement level was 82.7% with a 

Kappa (K) score of 0.81, which is satisfactory and indicative of a strong agreement 

among the annotators (McHugh, 2012). 

 

Figure 3. 4 Sample Human Expert Annotated Dataset (Screenshot) 
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After model training, the researcher carried out an additional ground truth test to 

perform additional human-validation of the hybrid model’s performance with using a 

primary dataset of 100 reviews collected from X platform. In this ground truth 

experiment, three experts were tasked with classifying the 100 comparative reviews. 

This number of reviews was arrived at using purposive sampling (Kothari, 2015), 

considering the busy schedules of the experts and the fact that the reviews were 

retrieved from the first 100 records from what was collected, thus eliminating selection 

bias. They assigned a sentiment label to each entity mentioned in the review before 

declaring the preferred entity in the whole review. As such, each review had six classes 

–three classes for each entity. The reviews were comparisons between two entities. 

Finally, the experts then counted the number of times each entity was preferred in the 

100 reviews to determine the preferred entity overall. Then, the trained hybrid machine 

learning model was also fed with the same 100 reviews to carry out comparative 

opinion mining on (i.e. classify the reviews).  

 

The inter-annotator agreement level was 81.0, which is still satisfactory as the Kappa 

(K) score was 0.81, indicative of a strong agreement among the human experts on the 

sentiment labels assigned to each review. The accuracy of the predicted outcomes from 

the hybrid machine-learning model was compared with the ground truth for additional 

model validation of the accuracy of the hybrid model.  

 

3.3.4.2 Primary Data 

For purposes of model training, three datasets were collected from Kaggle, which is a 

credible source of datasets for ML and data science projects. Only comparative opinion 

datasets with two comparable brands per record were selected to align with the purpose 

of this study, which was comparative opinion mining for purposes of brand reputation 
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monitoring. The datasets (in .csv format) were given to three experts. Their task was to 

annotate the comparative texts according to opinion polarities (positive, negative, or 

neutral) and then determine the preferred entity for each record (tweet or review). This 

was used as the ground truth in training the model and validating the accuracy of the 

model. The results obtained from the performance of the trained machine learning 

models were used to validate the effectiveness of the models and determine the 

significance in the difference exhibited in the performance of the models. This data was 

also stored in .csv files and fed into Jamovi GUI platform for statistical analysis based 

on R programming language to perform ANOVA and T-tests to test our hypothesis.  

Table 3. 2 Secondary Data 

 

The datasets in Table 3.2 were downloaded at the link below and annotated by human 

experts:  https://www.kaggle.com/umairyounis/comparative-reviews-datasets.  

 

Secondary datasets from curated collections like Kaggle are reliable and suitable for 

machine learning and data science projects as they are cheaper, easier to collect, 

credible, permit for benchmarking and are readily available in high quality (Martins et 

al., 2018; Kaggle, 2021; Gonzalez et al., 2023). In the case of machine learning projects, 

curated datasets are refined for use in specific tasks. Each of the datasets had only two 

entities per record, to ease computational complexity associated with handling a high 

number of opinion classes in the cases of three or more comparative entities.  Each 

dataset had comparative reviews as well as their corresponding sentiment labels 

corresponding to the two brands being compared.  
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Based on Table 3.2, the “pos” label means positive opinion class. The “neg” label 

means “negative” opinion class. The “neut” label means neutral opinion class. Since 

for every review there were to entities (brands) being compared, the corresponding 

opinion classes were used in a binary fashion. For example, pos_pos means that the 

review had a positive opinion class for both entities. Similarly, where pos_neg was 

applied, then the first entity had a positive opinion while the second entity had a 

negative opinion. This is the logic applied in interpreting the labels provided in the 

table.  The three datasets presented in Table 3.1 were from three different domains: 

search engines, social media, and hospitality. This was to ensure that the developed 

model could work across knowledge multiple domains.   There were two other sources 

of data in this study: 

 

i. Data collected by the system prototype for model validating the effectiveness of the 

hybrid model and the system prototype implementing the hybrid model. This was 

collected from X platform and YouTube. The reviews were automatically extracted 

and fed into the hybrid model. The classification results were used to monitor brand 

reputation. A sample of this data is in Appendix III. A key challenge the researcher 

faced in collecting primary data was the size and quality of data. Obtaining 

comparative opinion data for different brands takes time, effort, data annotation 

skills, and financial resources. Moreover, X platform developer API for extracting 

tweets stopped working at the time of data extraction, making it impossible to 

collect more data without incurring extra costs. This resulted in switching to 

YouTube to harvest a few comments on some brands for purpose of this study. This 

provided a useful alternative source of data (Peters et al., 2020). since YouTube 

comments / reviews were freely accessible and had useful reviews. Overall, the 
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quality of the data was poorer than that of the secondary datasets, which 

predominantly relied on product reviews. Product reviews are better because the 

names of the brands and products are standardized.  

 

ii. According to Kothari (2015), data obtained from experiments as primary data. 

Thus, the second source of primary data was the raw data collected during 

experiments. In each experiment, the researcher tested different algorithms on 

different datasets using variations of different feature extraction techniques and n-

gram / window-size parameters. This data was used to evaluate the effectiveness of 

the models using statistical tests including ANOVA and T-test. This data is reported 

in Chapter 5 and was obtained from Twitter and YouTube. 

 

Table 3. 3  Primary Data Details 

SN Dataset Name (Comparative 

Brands) 

Domain No. of Records 

1 iPhone vs Samsung Phone Gadgets 370 

2 Nissan Patrol vs Toyota Land 

cruiser 

Automobiles (Cars) 556 

3 HP vs Dell Computers (Technology) 60 

4 Raila Odinga vs William Ruto Politics 1000 
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The Experimental Process 

For each experiment in Table 3.2, the steps 1 to 5 described below were followed 

because the process is the same for each experiment. The only variables in our 

experiments were the machine learning algorithm, feature extraction technique, n-gram 

range (or window size) parameter, and dataset. For purposes of understanding the 

description of experiments in this chapter, the following abbreviations were used. 

 CBOW – Continuous Bag of Words 

 CV – Count Vectorizer  

 DT – Decision Tree 

 KNN – K-Nearest Neighbors 

 LR – Logistic Regression 

 MLP – Multilayer Perceptron 

 MLP+DT = Hybrid Model consisting of MLP base model and DT top-level 

model 

 MLP+RF = Hybrid Model consisting of MLP base model and RF top-level 

model 

 MLP+SGD = Hybrid Model consisting of MLP base model and SGD top-level 

model 

 MLP+SVM = Hybrid Model consisting of MLP base model and SVM top-level 

model 

 MNB – Multinomial Naïve Bayes 

 RF – Random Forest 

 SGD – Stochastic Gradient Descent 

 SGD+DT = Hybrid Model consisting of SGD base model and DT top-level 

model 
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 SGD+MLP = Hybrid Model consisting of SGD base model and MLP top-level 

model 

 SGD+RF = Hybrid Model consisting of SGD base model and RF top-level 

model 

 SGD+SVM = Hybrid Model consisting of SGD base model and SVM top-level 

model 

 SVM – Support Vector Machine 

 TFIDF – Term Frequency Inverse Document Frequency 

 

Step 1: Dataset Collection 

The researcher used the datasets described in Table 3.2.  

 

Step 2: Training Data 

For model training, three human experts participated in annotating the datasets. Their 

task was to assign each record / review an opinion class (positive, negative, neutral) in 

relation to the entity referenced. The annotators agreed in 5808 records of the 7023 

records. This is equivalent to a Kappa (K) score of 0.81, which implies a strong 

agreement among the annotators.  

 

Step 3: Testing Set 

In machine learning, testing sets perform the role of a benchmark during model testing. 

The testing set is applied to the model after the model has been completely training on 

the training data to establish if the model is working well or not. In this study, a random 

split method was adopted to split each dataset into 80% training set and 20% testing 

set. The researcher preferred this method since it produces more precisely partitioned 

sets. The resulting datasets were stored in .csv files for use during the experiments as 
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the machine learning models used could easily read .csv file formats from different 

development environments like Juypter Notebook.  

 

Step 4: Dataset Preprocessing 

Datasets collected are not fit to be fed directly into a machine-learning algorithm for 

training before such data is cleaned up of the inherent noise. Data cleaning helps 

achieve data consistency. The following tasks were performed during data cleaning: 

 

1. Removal of Unimportant Characters: the columns in the datasets contained white 

spaces. These were removed to ascertain uniformity and ease of replication. 

 

2. Unimportant characters including special characters were removed. Moreover, parts 

of speech (POS) tagging was done to associate each word with the part of speech it 

belongs. Other tasks involved in this process were: 

 Tokenization: this task involved using the NLTK Tokenizer in Python to help 

break down the words in the text small chunks known as tokens.  

 Stop Word Elimination: this process involves removing non-opinion words and 

characters, which are known as stop words. The researcher used a Python script 

contained predefined stop words like "the”, and "is", which carry no opinion. 

 

Step 5: Apply Machine Learning Algorithms 

The researcher experimented first with single ML algorithms followed by hybrid ML 

algorithms. The single machine learning algorithms were MNB, SVM, KNN, DT, RF, 

LR, SGD, and MLP. The hybrid machine-learning models were MLP+DT, MLP+RF, 

MLP+SGD, MLP+SVM, SGD+DT, SGD+RF, SGD+MLP, SGD+SVM. In the case of 

the first four-hybrid ML above, the researcher had the MLP algorithm as the base 
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estimator while the other algorithms were each used as the final estimator (top-level 

estimator). In this phase, the partitioned datasets consisting of both the training and test 

sets were used. Already, the review had been annotated with the correct classes 

(positive, negative, or neutral) for each entity per row. The feature extraction models 

like CV, TFIDF, CBOW, and Skip gram, which are described in Section 2.14, were 

used to extract features from the data, which were input to the algorithm. The algorithm 

learned the patterns to help it make predictions on unknown data. The algorithm finds 

patterns by associating the inputs with the outputs (labels). A generic diagram for this 

kind of supervised machine learning technique is shown in Figure 3.5. 

 

Figure 3. 5 ML-based Process for COM (Ondara et al., 2023). 
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3.4 Research Instruments  

For this study, experimental checklists were used as a research instrument to ensure that 

all necessary variables were tested for purposes of obtaining comprehensive results. 

The checklists shown in Table 3.4 and Table 3.5 were applied three times, to account 

for the three datasets used in our experiments. The checklists were labelled according 

to the dataset used.  

 

In the checklist in Table 3.4., the researcher employed a single machine learning 

algorithm such as Random Forest to select features from one of the datasets (e.g. 

Dataset 1) using one of the feature selection techniques (e.g. Count Vectorizer) with a 

parameter of, say n-gram value of 1). This was recorded. This experiment was then 

repeated for different values on n-gram ranges. Then, the experiment was repeated 

using the same algorithm but with a different feature selection technique (e.g. TFIDF) 

with variations of the n-gram range. The table indicates what values were changed in 

each experiment. The primary goal of using the checklist was to ensure that the 

researcher tests different combinations of algorithm, feature selection technique, and 

parameter for feature extraction based on a common dataset to establish the most 

optimal combinations that would be used in developing a hybrid model for COM.  
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Table 3. 4 Experimental Checklist for Single Classification Models 

SN Classification 

Algorithm 

Feature 

Selection 

Technique  

N-Gram  

Range 

(Window-

Size) 

Status  

(Done = 

) 

Comments 

1 Multinomial Naïve 

Bayes (MNB) 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 

 

2 Support Vector 

Machine (SVM) 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 

 

3 K-Nearest Neighbor 

(KNN) 

 

 

 

 

 

 

 

 

 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 
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4 Decision Tree (DT) CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 

 

5 Multi-layer 

Perceptron (MLP) 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 

 

6 Random Forest (RF) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 
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7 Logistic Regression 

 

 

 

 

 

 

 

 

 

 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W=5 

 

 

 

 

 

 

 

 

 

 

 

8 Stochastic Gradient 

Descent (SGD) 

CV 

CV 

CV 

TFIDF 

TFIDF 

TFIDF 

CBOW 

CBOW 

Skip Gram 

Skip Gram 

N = 1 

N = 2 

N = 3 

N = 1 

N = 2 

N = 3 

W = 1 

W = 5 

W = 1 

W = 5 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3. 5 Experimental Checklist for Hybrid Classification Models 

SN Classification 

Algorithm 

Feature 

Selection 

Technique  

N-Gram  

Range 

(Window-

Size) 

Status  

(Done = 

) 

Comments 

1 MLP + DT CV 

TFIDF 

N = 3 

N = 3 

 

 

 

2 MLP + RF CV 

TFIDF 

N = 3 

N = 3 

 

 

 

3 MLP + SGD CV 

TFIDF 

N = 3 

N = 3 

 

 

 

4 MLP + SVM CV N = 3   



143 

 

 

  

TFIDF N = 3  

5 SGD + DT 

 

CV 

TFIDF 

N = 3 

N = 3 

 

 

 

6 SGD + RF CV 

TFIDF 

N = 3 

N = 3 

 

 

 

7  

SGD + SVM 

CV 

TFIDF 

N = 3 

N = 3 

 

 

 

8  

SGD + MLP 

CV 

TFIDF 

N = 3 

N = 3 

 

 

 

 

3.5 Pilot Study  

3.5.1 Sample Selection Strategy  

Many machine learning algorithms and deep learning algorithms can be used in 

carrying comparative opinion mining. For each algorithm selected, different feature 

extraction techniques could be used to extract features that are fed to algorithm for 

model training. Feature selection is a technique used in dimensionality reduction in 

COM (Anjaria & Guddeti, 2014) so that machine learning or deep learning algorithms 

can work better. For each feature extraction technique, there may be different n-gram 

ranges or window sizes to determine specific aspects guiding feature selection. 

Furthermore, different datasets could be used. To simplify all of this, a pilot study was 

necessitated, purely, to check the feasibility of the main experiments but using a small 

sample from our population of study. Consequently, the following pilot checklist of 

experiments was developed to assist in handling the pilot study in a structured and 

consistent manner. Feature selection achieves dimensionality reduction, which reduces 

data complexity for enhanced opinion analysis (Anjaria & Guddeti, 2014). 
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From a population of eight classification algorithms, the researcher piloted with two 

algorithms, representing a 25% sample. The researcher then piloted our study with all 

feature selection techniques, representing a 100% sample based on the population. For 

N-gram ranges and Window Sizes, the researcher piloted with a range of 1 (33.3% 

sample size) and window size of 1 (50% sample size). The selected algorithms, feature 

extraction techniques, and n-gram range or window sizes were representative enough 

to establish the workability of the experiments. Since the researcher already had three 

datasets, the researcher piloted with one of the datasets, representing a sample size of 

33.3%). All these samples selected for piloting followed a purposive sampling strategy 

since the population was small in size (Kothari, 2015). 

 

Table 3. 6 Experimental Checklist for Pilot Study 

SN Classification 

Algorithm 

Feature 

Selection 

Technique  

N-Gram  

Range 

(Window-

Size) 

Status  

(Done = 

) 

Comments 

1 DT (ML 

Classification 

Algorithm) 

o CV 

o TFIDF 

o CBOW 

o Skip 

Gram 

 N = 1 

 N = 1 

 W = 1 

 W = 1 

 

 

 

 

 

2 MLP (Deep 

Learning 

Classification 

Algorithm) 

o CV 

o TFIDF 

o CBOW 

o Skip 

Gram 

 N = 1 

 N = 1 

 W = 1 

 W = 1 

 

 

 

 
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3 MLP + DT (Hybrid 

Classification 

Algorithm) 

o CV 

o TFIDF 

o CBOW 

o Skip 

Gram 

 N = 1 

 N = 1 

 W = 1 

 W = 1 

 

 

 

 

 

 

3.5.2 Observations from the Pilot Study  

While conducting the pilot study, the following observations were made: 

 Working with Jupyter Notebook on a personal computer worked fine for simple 

experiments especially those involving DT algorithm. However, when 

implementing MLP, a DL algorithm, it was observed that the model took very long 

to train and make predictions. This is because DL models require specialized 

computational resources like graphical processing units (GPU) and/or Tensor 

Processing Units (TPU), which were not available in my computing environment 

on Jupyter Notebook that was running on my personal laptop computer as a research 

tool or resource for model development. This informed the decision to seek a cloud-

based computing environment when carrying out the main experiments. 

 

 The researcher also observed that developing a hybrid classification model using 

MLP and DT could take two approaches: 

i. DT as the base model and MLP as final model – in this case, DT could perform 

feature extraction while MLP performs opinion classification. 

ii. MLP as the base model – in this case, MLP performs feature extraction while DT 

performs opinion classification.   
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However, considering the benefits of deep learning models especially in the task of 

feature selection where they outperform traditional machine learning models, it was 

decided that during the main experiments, a deep learning model would be a good fit 

for the base model in developing a hybrid model for COM (Varathan et al., 2017).  

 

3.6 Sampling Strategy and Sample Size 

3.6.1 Algorithm Selection Strategy 

From a systematic literature review conducted by Ondara et al. (2022), eight ML 

algorithms were found to be the most popular in direct opinion mining research. Popular 

algorithms have proven track records in various applications in different domains, 

which confirms their reliability (Kourentzes et al., 2020). Such algorithms are often 

used as benchmarks in research to allow for comparative analysis of their empirical 

performance (Hodge & Austin, 2019) before their application in a project. Finally, 

popular algorithms have well-supported frameworks and libraries, making them much 

easier to optimize and implement (Zhang et al., 2019).  

 

In a different study by Younis and others (2022), seven ML algorithms were used to 

carry out comparative opinion mining. By finding the common algorithms in both direct 

opinion mining and comparative opinion mining, the researcher ended up with six 

algorithms. These were Naïve Bayes (NB), Logistic Regression (LR), Support Vector 

Machines (SVM), K-Nearest Neighbor (KNN), Decision Tree (DT), and Random 

Forest (RF). The Artificial Neural Network (ANN) algorithm was used in direct opinion 

mining only. The research used a purposive sampling strategy to select MLP for use in 

our experiments, being a variant of the ANN. This is because MLP outperforms basic 

ANN especially because of the benefits of multiple hidden layers used in MLP. Besides, 

MLP integrates much more easily with ML algorithms like RF  (Bengio et al., 2013).  
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Gradient Boosting (GB) algorithm was used only in Comparative Opinion Mining 

study. The researcher selected its variant, Stochastic Gradient Descent (SGD)  as it is 

easier to implement and has better performance than GB (Mikolov, Chen,  Corrado, & 

Dean, 2013). Overall, purposive sampling strategy, informed by expertise and 

knowledge (Guest et al., 2006), theoretical analysis, diversity of perspective (Morse, 

2015) and pilot study was adopted in selecting the sample given the fairly small number 

of algorithms (Kothari, 2015). Thus, from a population of 15 algorithms, the sample 

size was eight algorithms. This sample size represents 53% of the population. 

 

Table 3. 7 Sampling of Classification Algorithms 

DOM 

Algorithms 

COM 

Algorithms 

Common 

Algorithms 

Deep 

Learning 

Algorithms 

Sample Size  

 NB 

 SVM 

 KNN 

 DT 

 RF 

 LR 

 ANN 

 ME 

 NB 

 SVM 

 KNN 

 DT 

 RF 

 LR 

 - 

 GB 

 NB 

 SVM 

 KNN 

 DT 

 RF 

 LR 

 - 

 - 

 - 

 - 

 - 

 - 

 - 

 - 

 - 

 ANN 

 NB 

 SVM 

 KNN 

 DT 

 RF 

 LR 

 MLP (an implementation of 

ANN) 

 SGD (an implementation of 

GB) 

 

3.6.2 Feature Extraction Techniques Selection Strategy 

From theoretical analysis, and pilot study, and the researcher’s expert judgement (Guest 

et al., 2006), and diversity of perspective (Morse, 2015), a few feature extraction 

techniques were identified and selected using purposive sampling strategy, given their 

relatively small number (Kothari, 2015).  Feature extraction techniques like Word2Vec, 



148 

 

 

  

Glove, and BERT were not popular; hence, we dropped from the original population of 

seven techniques. The result was four techniques, representing 57% of the population.  

Table 3. 8 Sampling of Feature Extraction Techniques 

Sparse Vectors Dense Vectors Population  

 Count Vectorizer (CV) 

 Term Frequency Inverse 

Document Frequency 

(TFIDF) 

 

 CBOW  

 Skip Gram 

 

 CV 

 TFIDF 

 CBOW 

 Skip Gram 

3.6.3 Datasets Selection Strategy 

Based on theoretical analysis, diversity of perspective (Morse, 2015) expert judgement 

(Guest et al., 2006), and pilot study, purposive sampling strategy was adopted in the 

selection of datasets for use in this study. Two key factors were that the dataset had to 

be comparative (has two brand entities compared in each record) and be in English 

language. While the researcher was able to find freely published comparative datasets 

on credible platforms like Kaggle, the number was small (Kothari, 2015) and many of 

them had imbalanced classes. The researcher selected the three of four datasets (75% 

sample size) as shown in Table 3.9. The iOS vs Android dataset was removed because 

it was small and hence subject to overfitting.  

Table 3. 9 Sampling of Comparative Opinion Datasets 

Dataset Dataset Domain  No. of Records 

 Microsoft vs. Google 

 Facebook vs. Twitter (X) 

 Pearl Continental vs. Marriott 

o Search Engines 

o Social Media 

o Hospitality 

3011 

3000 

1012 

 



149 

 

 

  

3.6.4 N-Gram Range and Window Size Selection 

Based on expert judgement (Guest et al., 2006), literature analysis, diversity of 

perspective (Morse, 2015), pilot study and the relatively small number of values for n-

gram range and window-size (Kothari, 2015), the researcher adopted purposive 

sampling strategy.  The value of n in the n-gram model affects the performance of a 

classification model. This research shows that beyond n = 5, the performance of a 

classification model remains constant or in some cases starts dropping. Therefore, our 

study used a purposive sampling strategy to select n-gram ranges of 1 to 3 for 

experimentation, representing a sample size of 60%. For the window size parameter 

when working with other models, the researcher used 5, representing a sample size of 

20%. This decision considered the complexities involved when working with CBOW 

and Skip Gram models. Dense vectors such as CBOW face the challenge of data 

sparsity and reduced accuracies particularly where data is not adequate.  

 

Table 3. 10 Sampling of N-gram and Window Size Parameters in Feature Extraction 

Feature Extraction 

Technique 

N-gram Range (or Window Size) 

Parameter 

Sample 

CV or TFIDF N = 1, N= 2, N=3, N=4, N=5 N=1, N=2, N=3 

CBOW W=1, W=5 W=5 

Skip Gram W=1, W=5 W=5 

From existing research, the value on n in the n-gram model affects the performance of 

a classification model in opinion mining. This research shows that beyond n=5, the 

performance of a classification model remains constant and in some cases starts 

dropping. For this reason, our study used a purposive sampling strategy and selected 

the n-gram ranges of 1 to 3 for experimentation, representing a sample size of 60%. For 
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the window size parameter when working with the models, the researcher tested values 

of 1 to 5 and determined that 5 was good fit. The researcher therefore deliberatively 

chose to work with 5, representing a sample size of 20%. This decision was arrived at 

considering the complexities involved when working with CBOW and Skip Gram 

feature extraction techniques. Dense vectors such as CBOW face the challenge of data 

sparsity and often have reduced accuracies in some applications where data is not 

adequate for extracting adequate representation of features.  

 

3.6.5 Algorithm Performance Evaluation Metrics Selection 

Literature analysis revealed that multiple algorithm evaluation metrics exist. Based on 

expert judgement (Guest et al., 2006), pilot study, diversity of perspective (Morse, 

2015), theoretical analysis, and coupled with the relative small number of metrics to 

select from (Kothari, 2015) for purposes of COM, the researcher adopted the purposive 

sampling strategy. However, there are many metrics in opinion mining as described in 

section 2.15. Literature analysis showed that two of them (accuracy and F-score) are 

predominantly used to report the performance of classification models. Accuracy was 

selected because it is the most widely accepted measure, while f-score is recommended 

for imbalanced datasets. This represents 50% of the population. 

Table 3. 11 Sampling of Model Evaluation Metrics 

Population (Model Evaluation 

Technique)  = 4 

Sample Size = 2 

Accuracy Accuracy 

Precision F1-score 

Recall  

F-score  
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3.7 Research Hypothesis Testing Design 

This research had one hypothesis, which was mapped from a research objective: 

H0: There is no significant difference between the performance of the hybrid 

machine-learning model and the individual machine learning models. 

HA: There is a significant difference between the performance of the hybrid 

machine-learning model and the individual machine learning models. 

 

The collected data was analyzed using appropriate statistical techniques (in this case, 

ANOVA and T-Test), which helped to decide on whether to accept the null hypothesis 

or reject it. Depending on the analyzed data, the researcher drew conclusions regarding 

the research hypothesis. The conclusion was based on the results. Where the results 

clearly supported the hypothesis, the researcher accepted the hypothesis. Where the 

results did not support the hypothesis, the researcher rejecting the hypothesis.  

 

To prove this hypothesis, statistical tests were conducted using one-way ANOVA and 

T-test. The researcher used Jamovi, a GUI application for statistical research using R 

programming language. This research was anchored on determining a good 

combination of machine learning algorithms and deep learning algorithms for creating 

a hybrid machine-learning model that would be effective in performing comparative 

opinion mining. The core hypothesis, therefore, was about testing the effectiveness of 

the hybrid model through its performance in terms of opinion classification accuracy. 

To carry out statistical tests on this hypothesis, two statistical tests were used: Analysis 

of Variance (ANOVA) and T-tests.  
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ANOVA is used when a researcher is interested in comparing the averages of at least 

three groups (Raschka & Mirjalili, 2019). As is with the T-tests, ANOVA requires a 

categorical independent variable and a continuous dependent variable (Montgomery, 

2017). But, with ANOVA, the independent variable needs at least two levels of 

treatment. In this study, a One-Way ANOVA was used to establish the difference in the 

accuracies of different ML models across various datasets and feature extraction 

techniques. It was used to find the variance in the accuracy of different models so that 

the researcher could establish if there was any significant statistical difference in how 

the various models performed across different datasets and with various feature 

extraction techniques and n-gram or window-size parameters. T-tests are applicable 

when one needs to compare the averages of two different groups, with the assumption 

that data is normally distributed (Field, 2018; Bland & Altman, 2019).  

 

Normality tests were done, utilizing Shapiro-Wilk Test p >= 0.5 for normality non-

violation. For instance, this study used T-tests to compare the accuracies of two best 

performing hybrid ML models with varying configurations of feature extraction 

techniques or datasets. This statistical measure was used to determine if there was any 

statistically significant difference between the best two performing hybrid models for 

comparative opinion mining. This is because the experiments showed that two hybrid 

models performed exemplary well. There was need to establish if their performance (in 

terms of accuracy) had a statistically significant difference.  
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3.8 Model Development 

This section describes how the hybrid machine-learning model for comparative opinion 

mining was developed in the course of this study.  

 

3.8.1 Process Model 

The development of the hybrid ML model in this work followed the opinion mining 

process represented in Figure 3.6. The ensemble learning methodology was used. First, 

the data source for modeling consisted of online reviews obtained from acquired 

datasets. After development, the model was tested using primary data extracted from X 

platform and YouTube.  

 

Step 1: comparative opinion data was collected from the source. During model 

development, secondary dataset from Kaggle.com was used. Manual verification was 

done on the datasets by the help of human experts to ascertain that the data had 

comparative opinions. This was the first step in the opinion mining process. The data 

used to develop and test this model is described in section 3.3.4.3.  

 

Step 2: this involved extracting features from the comparative opinions using a specific 

feature extraction model. This involved various extraction techniques, which included 

Count Vectorizer, TF-IDF Vectorizer, Continuous Bag of Words, Skip grams for 

machine learning models. Tokenizers were used in the case of DL models.  

 

Step 3: With the features extracted, the opinions in each review or sentence, in the form 

of vector data, were passed into a machine-learning algorithm like Random Forest or 

dep learning algorithm like Multilayer Perceptron for classification into opinion 

polarities, which consisted of positive, negative, or neutral. The overall net opinion 
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class is the result, which can be used to infer the reputation of a specific brand. In this 

study, if the total sentence opinion class calculated from all the reviews or sentences 

was positive, the researcher determined the result as positive reputation for the target 

brand. This approach was used in cases where the net reviews were negative or neutral. 

 

Step 4: Overall Opinion Score Calculation: based on the distribution of opinion classes 

across the whole data, an overall opinion class is determined by taking the class with 

the highest count. Thus, for example, if most records were positive in opinion, then this 

was taken to imply a positive opinion on average for the entire data that was analyzed. 

Similarly, if most of the records showed negative opinion classes, the result was that 

the opinions expressed in the data were negative. This same principle applied for the 

neutral opinion class. 

 

Figure 3. 6 Opinion Mining Process Nimbhore & Siledar, 2014). 

 

This process model aligns with the conceptual model. The opinions of people are 

captured in comparative sentences, which when extracted and analyzed, the other three 

elements (entities, entity relations, and features) are inherent. To detect these elements, 
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the feature extraction is done using a feature extraction technique. The sentence 

classification is done using a machine-learning model. These elements contribute to 

overall sentence opinion class and opinion score, which inform the brand reputation 

class (positive, negative, or neutral). 

 

Since the model developed in this study was a hybrid machine-learning model for 

comparative opinion mining, the above opinion mining process was followed, except 

that there were six opinion classes. This was done to ensure each entity mentioned in 

the opinion sentence or review had the three opinion classes: positive, negative, and 

neutral. Table 3.12 shows how any two entities compared in a dataset were handled 

during opinion classification. 

 

Table 3. 12 Multi-label Classification for Comparative Opinion Mining 

Entity (Brand) 1 Entity (Brand) 2 

Positive Positive 

Positive Neutral 

Positive Negative 

Negative Positive 

Negative  Neutral 

Negative Negative 

Neutral Positive 

Neutral Neutral 

Neutral Negative 

As noted from the Table 3.12, there are nine possible classes of opinion polarities when 

analyzing opinions towards two entities mentioned together in each record in a 

comparative opinion dataset. To obtain a preferred entity between the two, the 

developed model computes the total count of all positive classes for each entity and 
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decides upon the entity with a higher positive score (count), otherwise, there is no 

preferred entity, which implies both entities had equal number of positive polarity 

opinion classes.  

 

For purposes of applying this model to perform brand reputation monitoring for each 

entity, the model makes decisions as shown in Table 3.13: 

Table 3. 13 Reputation Class Matrix for Comparative Opinion Classification 

Positive vs Negative Opinions for each Entity Reputation Class 

IF (Positive > Negative)  THEN Positive Reputation 

IF (Positive == Negative) THEN Neutral Reputation 

IF (Positive < Negative) THEN Negative Reputation 

For purposes of determining the preferred entity, where two entities are involved, the 

model makes decisions as shown in Table 3.14: 

 

Table 3. 14 Preferred Entity Matrix for Comparative Opinion Classification  

Positive vs Negative Opinions for 

Entity 1 vs Entity 2 

Reputation Class 

IF (Positive (1) > Positive (2)) 

THEN 

 

Entity 1 is more Preferred; higher positive score 

for 1; lower positive score for entity 2 

IF (Positive (1) < Positive (2) 

THEN 

 

Entity 2 is more Preferred; higher positive score 

for 2; lower positive score for entity 1 

IF (Positive (1) == Positive (2) 

THEN 

There is no preferred entity. Both entities have 

the same reputation (i.e. positive with no 

preference).  
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3.8.2 Single ML Model Design for COM 

The overall design of the model in this study followed seven stages. The first stage 

involved extracting data from a data source such as Amazon Reviews or X. in our case; 

we used a dataset of product reviews from Kaggle.com. Kaggle.com curates datasets 

for machine learning and data science projects. Section 3.3.4.3 describes the data used 

in designing the mode. The datasets used contained the comparative opinion elements 

identified in the conceptual model in Section 2.22. The second stage involved cleaning 

of the raw data collected from the data source. This included removing opinion spams 

and business ads. Duplicate opinions (reviews, tweets, comments) from the same user 

ID were treated as opinion spam as they lacked uniqueness and were aimed at adding 

opinion bias. For data from X platform, cleaning involved removing Ads. Since Elon 

Musk took over Twitter and rebranded it to X, the platform started promoting 

advertisements, making it difficult to directly use tweets collected from the platform 

for COM. The cleaned data was stored in .csv files on local storage.  

 

The cleaned, stored data was preprocessed for modeling purposes. The modeling phase 

involves training the model on the features to properly associated entities with features 

in order to predict the correct opinion classes. Pre-processing identifies key features in 

the data, using a ML algorithm like Stochastic Gradient Descent or a DL algorithm like 

Multilayer Perceptron. Continuous deployments and improvements are then done, each 

time aiming at identifying the best performing model for the COM task.  

 

The continuous improvement phase involved experimenting with different 

combinations of machine learning or deep learning algorithms utilizing different feature 

extraction techniques on different datasets. This helped the researcher to identify the 

best machine learning or deep learning algorithm for comparative opinion mining given 
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the different feature extraction techniques. The output from this design process led to 

the identification of the best machine single learning or best single deep learning models 

for use in developing a hybrid machine-learning model for comparative opinion mining. 

With the best model selected and improved, it is then used to classify comparative 

opinion sentences into various classes based on key features like opinion words used, 

and comparative relationship between entities. This analysis leads to the determination 

of a brand’s reputation class (positive, negative, or neutral).   

 

Figure 3. 7 Model Design: Single Machine Learning Model for Comparative Opinion Mining 

 

The serialized model is produced through a process called serialization. This involves 

converting the ML Model into a special format which enables the developer to transmit 

or store data about the model and then use this data to recreate the model upon demand 

through a process called deserialization.   
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3.8.3 Model Selection Process  

The following model selection process was used in the development of the best 

performing hybrid model for comparative opinion mining, illustrating the case for Deep 

Learning as the base model.   

 

Figure 3. 8 Model Selection Process 

 

3.9 Design of the Hybrid ML Model for COM 

3.9.1 Hybrid ML Model Design 

First, based on the literature reviewed in section 2.13, the steps for creating an ensemble 

ML model were established and followed. The first component of the architecture for 

the hybrid ML model required cleaned data from datasets described in Section 3.3.4.3. 

The second step was data preprocessing. Text preprocessing was done by removing 

white spaces, unwanted special characters, stop words, and parts of speech tags. 

Tokenization, which breaks down a review into small chunks called tokens was also 

done. For this, the researcher employed the NLTK Tokenizer in Python. The third step 
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was base model selection. To accomplish this, experimentation on feature extraction 

techniques using different single ML algorithm (e.g. RF) and DL algorithm (e.g. MLP) 

was conducted and the selection was based the hybrid model’s performance in 

classifying comparative opinions. A change in the base algorithm that led to improved 

opinion classification accuracy meant that the new algorithm performed better in 

feature selection. The fourth step was the ensemble method of learning. In the hybrid 

design, the base algorithm selects features that generate classification probabilities 

which are then forwarded to the top-level model for opinion classification. The base 

model was used to select features while the top-level model was used to classify the 

opinions according to different classes. This ensemble method involved the use a base 

learner’s outputs as inputs into the final classification algorithm to create the hybrid 

model as explained in section 2.13. 

 

The fifth step was model training and evaluation. Model training was done on the pre-

processed training set, which consisted of 70% of the whole dataset. This was iteratively 

done to determine the best combination of feature extraction and classification models 

to create a hybrid model for comparative opinion mining. The best hybrid model was 

determined through model performance evaluation using accuracy and F1-score 

metrics. The seventh step was hyper-parameter tuning. The study utilized the default 

parameters for both the base model and the classification model on the basis that the 

hybrid models outperformed the single models. The final step was model deployment 

and monitoring. This was attained by serializing the hybrid model to make it ready for 

deployment. Upon deployment, the hybrid model was used to monitor brand reputation, 

while also extracting key brand aspects to inform the brand reputation manager or 
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officer of the primary aspects captured by the model, forming the subject of 

comparisons in the comparative opinions analyzed by the hybrid model.  

 

Figure 3. 9 Hybrid Machine Learning Model for Comparative Opinion Mining 

 

3.9.2 Architecture of the Hybrid ML Model for COM 

In the architecture of the hybrid ML model, there were two variations arising from the 

choice of the algorithm that formed the base model and the top-level model. In one 

instance, a DL technique was used. In this case, the Multilayer Perceptron (MLP) was 

chosen due to its proven high performance in feature extraction given its use of multiple 

deep neural networks. It also performs well on huge amounts of data (Goodfellow, 

Bengio, & Courville, 2016).  
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The top layer of this architecture was a traditional machine leaning algorithm such as 

Random Forest or Stochastic Gradient Descent. In the second variation, the Stochastic 

Gradient Descent (a traditional machine learning algorithm) was used as the base 

estimator because it produced the highest classification accuracy when used alone. The 

top-layer of this architecture had other high performance ML algorithm such as 

Random Forest. These architectural aspects are shown in Figure 3.9. In the architecture, 

opinions (reviews) capture the elements of comparative opinions, which are analyzed 

to produce opinion classes that define brand reputation classes.   

 

The base model makes predictions known as probabilities, regarding the final 

classification. For example, the base model could classify an opinion as positive but 

without certainty. The probabilities are fed into the topo-level model for final 

determination of the opinion class.  

 

Figure 3. 10 Architecture of the Hybrid Machine Learning Model for COM 
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The researcher considered using a deep learning model in the hybrid architecture 

because of the many benefits of deep learning. As a base model, the key benefits could 

include enhanced feature extraction, capacity to handle different types of data, 

improved resource utilization, domain adaptation and transfer learning, improved 

model generalization, and model explainability and interpretability. These benefits are 

explained in detail in Section 2.8.2. Among the benefits that machine learning presents 

in a hybrid model, include reduced computational resource utilization, better model 

interpretability and explainability, and improved model generalization on smaller 

datasets. Often, the drawbacks of deep learning models are the strengths of machine 

learning models and vice versa. Thus, combining the two in a hybrid model leverages 

the strengths of both approaches while reducing the impact of the drawbacks that the 

two approaches. Section 2.8.1 covers in more detail these benefits by means of 

contrasting the benefits of deep learning models with machine learning models.  

 

3.9.3 Hybrid ML Model Validation 

The developed hybrid model for COM was validated using two approaches. First, an 

empirical method was used, which involved running the hybrid models on the testing 

data from the secondary datasets. To measure the performance of the model, accuracy 

and f1-score metrics were used. Since there were multiple datasets used, the 

performance was computed as an average of the three datasets. These performances 

were compared with those obtained from the single ML and DL models applied to the 

same datasets. The second model validation method was implemented using the ground 

truth method described in 3.3.4.1. In this method, 100 records that were already labelled 

by human experts were fed into the hybrid ML model and the results compared to 

validate the agreement levels between human and machine classification approaches.  
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3.9.4 Hybrid ML Algorithm Analysis 

This section presents the analysis of the hybrid ML algorithm(s) developed in this 

study. The focus is on the space and time complexity of the algorithm to help determine 

its feasibility in practical use in use cases like comparative opinion mining.  

 

3.9.4.1 Compute Needs 

The hybrid algorithm, if deployed in a production setting or environment, has its own 

set of computational resources which are critical in ensuring that it performs optimally. 

It is important to point out that the computational resources are significantly tied to the 

volume of data that is to be handled by the algorithm. The more the volume of data in 

terms of disk-space requirements, the higher the resource needs for the algorithm.  

 

However, the minimum requirement needed for the hybrid algorithm to work is a server 

with 4 CPUs, 8 GB of RAM and a disk-space storage size of 160 GB. In high-

throughput settings, increasing both the number of CPUs and RAM chips of the servers 

would be desirable as this would imply that parallelization of the tasks could be easily 

performed, hence improving the speed of the algorithm even further. Finally, in cases 

where the volume of data to be processed per instance is significantly large, it would 

be worth considering setting up a cluster environment that would allow for the 

distributed running of tasks and processing of the texts.  

 

3.9.4.2 Complexity Analysis 

While there are various components of the entire pipeline that should be investigated 

for their Big O complexity, the hybrid classifier component is the focus of this section. 

The hybrid classifiers have four main variables that can be used to evaluate the 

algorithmic complexity. These are: the number of samples in the training set, the 
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number of samples in the test set, the number of features in each sample, and the number 

of hybrid models in the hybrid combination. Collectively, these can be denoted as n, m, 

k and h respectively.  

 

3.9.4.3 Complexity Analysis 

1. When using a single hybrid ML algorithm (e.g. MLP and RF hybrid or SGD and 

RF hybrid, a run time of O(h) applies. For the case where multiple hybrids are 

involved, since the hybrid ML algorithms have to be looped over, the algorithm will 

have to run O(h) times since it has to run every time for each hybrid combination.  

 

2. For the model training where the hybrid ML algorithm is being fitted on the training 

features and labels, the running time is approximately O(n.k) for each hybrid, h, 

which is the dot product of the number of training samples and training features in 

each sample. 

 

3. Similarly, in the prediction phase, the running time is approximated as the dot 

product of the testing samples and the number of test features, which becomes 

O(m.k), for each hybrid. 

 

4. For the calculation of the performance metrics, the running time is done over a single 

hybrid model and so for each model, the running time is approximated as O(m). 

 

5. Finally, as the hybrid models were also monitored for the time they took to compute, 

the time monitoring operation is defined using O(1) since it is a time-constant operation. 

 

Putting the 5 aspects above together, the combined complexity becomes: 

O(h.(n.k + m.k)) which further simplifies to  O(h.k.(n+m)) 
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The Big O notation above implies that the algorithmic complexity of the hybrid 

algorithm / model is linearly dependent on the number of hybrid models, the number of 

features being processed by the algorithm and the respective sizes of the training and 

test dataset. Therefore, the use of unigrams would result in a less complex algorithm as 

the number of features per input are less as compared to bigram and trigrams. This 

difference subsequently explains why unigram models had the shortest runtimes while 

trigram models had the highest runtimes as seen in the shared notebooks.  

 

3.10 Prototype Development  

3.10.1 Prototype Development Methodology 

To develop a system prototype as a proof of concept in support of the developed HML 

model for comparative opinion mining, the agile methodology was used because it has 

wide applications in software development, focusing on promoting responsiveness to 

customer needs, adaptability, and improved collaboration. This is imperative, as the 

agile principles are central to tackling the unique challenges associated with machine-

learning projects (Elman & Turk, 2017). The Agile methodology has ten phases: 

 

i. Project Initiation - defining the scope and goals of the project to align them with 

organizational objectives (Doshi-Velez & Kim, 2017). Success criteria is defined. 

 

ii. Sprint Planning - involves prioritization of tasks as well as the performance of the 

ML model. Complex tasks are broken down into manageable units (Cohn, 2014).  

 

iii. Sprint Execution - in this phase, ML models are developed incrementally 

depending on the tasks. Development challenges and progress are regularly 

discussed in meetings to evaluate the progress (Humble & Farley, 2010). This is 
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vital because ML components need to be tested and integrated to for seamless 

working (Fowler & Foemmel, 2012). 

 

iv. Customer Feedback - this task is key in adjusting ML algorithms as well tackling 

issues with the quality of data. The methodology encourages provision of feedback 

during the development process hence improving collaboration (Beck et al., 2001). 

 

v. Incremental Delivery - this gives room for user-testing, collection of valuable data, 

and the validation of assumptions (Kale & Karamcheti, 2018). 

 

vi. Retrospectiveness and Sprint Review - this helps evaluate the development 

process, identify challenges, and adapt key practices (Derby & Larsen, 2006).  

 

vii. Iterative Development - this enables ML project teams to respond to requirement 

changes and/or evolving data during project execution (Lam et al., 2021).  

 

viii. Continuation Integration and Deployment (CI/CD) - this is done to achieve 

automation in testing, validation, and model deployment. In turn, this ensures that 

changes can be reliably and rapidly deployed to the live or production environment. 

 

ix. Monitoring and Maintenance – this is done to confirm the models aligned with 

the goals of the business. 

 

x. Scaling and optimization - for larger ML projects, scaling, and optimization is key 

as the project attains maturity. This improves model usage; adjustment to evolving 

user requirements besides making the model capable of handling larger datasets to 

achieve better performance without influencing the accuracy of the ML model. 
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3.10.2 Prototype Development Steps 

 

Figure 3. 11 Software (Prototype) Development Methodology 

(Source: Elman & Turk, 2017). 
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The following is the Pseudocode of the Hybrid Machine Learning Model for 

Comparative Opinion Mining. 

 

Figure 3. 12 Pseudocode for the Hybrid ML Model for COM (Ondara et al., 2023). 

 

Figure 3. 13 Flowchart for the Hybrid System Prototype Development 
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3.10.3 Prototype Components 

In terms of the standard process for machine learning, this section presents the general 

process followed in prototype development. The process involved the following phases: 

Data Collection, Data pre-processing, Development of the Hybrid Machine Learning 

Model for COM, Evaluation of the performance of the Hybrid Machine Learning Model 

for COM, and Model hyper parameter tuning. From the review of existing literature in 

comparative opinion mining, the findings from the pilot study conducted, this study 

established that a hybrid machine-learning model for comparative opinion mining 

would need several features. Table 3.15 presents the list of system features and their 

roles in the hybrid machine-learning model. 

 

Table 3. 15 Pilot study Outcomes that Influenced System Development 

Finding Role in the Hybrid ML Model for COM 

Data Extractor Enables the model to extract data from a specific data source for 

use in brand reputation monitoring (Arboleda et al., 2017).  

Distinct Brand Entities This is the filter for data extraction from the various data sources 

for purposes of COM (Baziotis et al., 2017).  

Opinion / Sentiment 

Classifier 

This component is responsible for assigning opinion polarity to 

each brand, given a dataset (Yueyang & Wang, 2019). 

Brand Preference 

Indicator 

The basis for brand reputation monitoring. With this, the system 

would be able to show the preferred brand in the analyzed data 

(Varathan et al., 2017). 

Brand Aspects Module The basis for brand entity comparisons in opinionated 

comparative data / content. The aspects are key markers of what 

the brand is strong at or weak and would help brands to gain a 

competitive advantage if used well (Diamantini et al., 2019). 
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Brand Reputation Trend 

Indicator 

This component is used to show the evolution of a brand’s 

reputation over a specific period. This will help interested brands 

to know how their brand’s positivity or negativity is changing 

over time (Perakakis et al., 2019). 

 

3.10.4 System Prototype Development Process  

The following steps were involved in the development of the system prototype for 

COM.  

i. Identification of features from comparative opinionated texts 

ii. Development of Hybrid Machine Learning Algorithm / Technique for COM 

iii. Database Design 

iv. User Interface (Dashboard) Design 

v. Brand Reputation Indicator Development 

vi. Testing of the Hybrid Machine Learning Model for COM 

 

3.11 Data Analysis  

The quantitative data collected was subjected to descriptive analysis. Qualitative data 

collected was subjected to content analysis to establish perceived challenges among 

industry experts in the access to and utilization of automated tools in the monitoring of 

brand reputation. To analyze the quantitative data, specialize software tools were used. 

First, the outputs from the machine learning models were analyzed in Microsoft Excel 

2016. This was basic data where experimental results obtained in CSV files was 

transferred to MS Excel for easy of tabulation and analysis of the algorithm 

performance metrics such as accuracy and f1-score. This involved sorting according to 

accuracy and identifying the best performing model.  
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In computing the statistical significance of the various machine learning models 

experiment with across different datasets, R programming language was used. For ease 

of statistical processing, Jamovi, a GUI for R specially created for statistical research 

was used in performing the analysis of statistical variance (ANOVA) and T-tests. 

ANOVA was used to determine the statistical significance in the accuracy of the 

different ML models while T-test was used to determine the best performing model 

based on two models that had the highest accuracy. ANOVA is useful when comparing 

multiple groups for purposes of evaluating if there are statistically significant 

differences in their averages. Besides this, where several factors are interacting to 

establish the most influential features or factors (Davis et al., 2020). 

 

3.11.1 One-way ANOVA 

This was used to determine if there were statistically significant differences in model 

accuracy between multiple groups. This method is applicable when there are at least 

three groups. An example of its usage was in testing if there was a significant difference 

in the accuracies of the machine-learning models used to perform COM on multiple 

datasets, using multiple feature extraction techniques like Count Vectorizer and TF-

IDF (Smith et al., 2020). 

 

3.11.2 Two-way ANOVA 

This was used to determine if there were significant interactions between two groups in 

predicting the outcome of opinion classes, among multiple groups. This method is 

applicable when there are at least three groups. An example of its usage was in testing 

if there was a significant difference in the accuracies of the eight single machine-

learning models used to perform comparative opinion mining on multiple datasets, 

using multiple feature extraction techniques like Count Vectorizer and TF-IDF (Smith 
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et al., 2020). The aim was to identify whether there were statistically significant 

interactions between ML models and datasets.  

 

3.11.3 T-tests 

Independent sample T-tests as well as paired t-tests can be used to evaluate the 

difference in opinion classes between two particular conditions or groups. Independent 

sample t-tests are used if two independent groups are being compared. An example of 

this application is comparing the opinions towards tow specific brands. On the other 

hand, paired T-tests are employed when comparing opinions prior to an intervention 

and after the intervention; or when comparing a person's opinions on two different 

occasions (Chen & Wang, 2019). 

 

Table 3. 16 Mapping Research Objectives to Data Analysis Methods / Techniques 

Independent 

Variable 

Moderating Variable Independent 

Variable 

Data Analysis 

Method 

Comparative 

Opinion Elements 

Machine Learning 

Technique  

Brand 

Reputation 

 Accuracy  

 ANOVA Test 

 T-Test 

 

Comparative 

Opinion Elements 

Vectorization Technique 

(Feature Extraction 

Technique) 

Brand 

Reputation 

 Accuracy  

 ANOVA Test 

 T-Test 

Comparative 

Opinion Elements  

N-Gram Range or Window 

Size 

Brand 

Reputation 

 Accuracy  

 ANOVA Test 

 T-Test 
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Table 3. 17 Data Analysis Methods for the Experiments 1 - 40 

SN Algorithm Feature 

Extraction 

Technique 

n-gram 

range value 

or window 

size 

Dataset Data Analysis Method 

1 - 9 Single ML 

Algorithms: MNB, 

SVM, KNN, DT, 

RF, LR, SGD, MLP 

Count 

Vectorizer 

N = 1 to 3 D1 – D3  

 

One-Way ANOVA: 

Testing for significant 

statistical differences in 

accuracies of the Single 

ML algorithms.  

 

 IV – Comparative 

Sentences 

 DV – Accuracy 

 MV – Hybrid 

Algorithm, Feature 

Extraction 

Technique, Dataset, 

Feature Extraction 

Parameters 

10 - 

18 

Single ML 

Algorithms: MNB, 

SVM, KNN, DT, 

RF, LR, SGD, MLP 

TFIDF N = 1 to 3 D1 – D3 

19 - 

24 

Single ML 

Algorithms: MNB, 

SVM, KNN, DT, 

RF, LR, SGD, MLP 

CBOW W = 1 D1: 

Microsoft 

vs. 

Google 

25 - 

30 

Single ML 

Algorithms: MNB, 

SVM, KNN, DT, 

RF, LR, SGD, MLP 

Skip gram W = 1 D1: 

Microsoft 

vs. 

Google 

31 - 

33 

Hybrid ML 

Algorithms: DT, 

MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + 

RF, SGD + MLP, 

SGD + SVM  

CV N = 3 D1: 

Microsoft 

vs. 

Google 

 

 

One-Way ANOVA: 

Testing for significant 

statistical differences in 

accuracies of the Hybrid 

ML algorithms.  

 

 IV – Comparative 

Sentences 

 DV – Accuracy 

 MV – Hybrid 

Algorithm, Feature 

34 -

37 

Hybrid ML 

Algorithms: DT, 

MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + 

RF, SGD + MLP, 

SGD + SVM  

TFIDF N = 3 D1: 

Microsoft 

vs. 

Google 
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38 - 

40 

Hybrid ML 

Algorithms: DT, 

MLP + RF, MLP + 

SGD, MLP + SVM, 

SGD + DT, SGD + 

RF, SGD + MLP, 

SGD + SVM  

CV N = 3 Primary 

D1 - D3  

 

Extraction 

Technique, Dataset, 

Feature Extraction 

Parameters 

 

3.12 Research Ethics 

This section presents the ethical considerations that guided this study. This included 

seeking authorization or approvals to conduct the research, avoidance of plagiarism, 

and proper citations and referencing of publications used in the study. The Postgraduate 

School of Kenyatta University granted research Authorization for this study after 

approving the research proposal presented to them. The National Commission for 

Science, Technology, and Innovation (NACOSTI) licensed this study.  

 

To comply with research ethics, all materials referred to in this study are properly cited 

using APA referencing style. Due diligence was followed to ensure minimal plagiarism. 

This was achieved through in-text citations, referencing, and re-writing of useful texts. 

Thus, copyrights of other researchers were respected. In the case of the focused group 

discussion, the experts involved consented to participate in this study with a condition 

of remaining anonymous.  

 

API Guidelines and Ethical Standards – information obtained using developer API was 

strictly for purposes of aiding this study. Data mining (extraction) was done in a manner 

to ensure only user opinions were mined for analysis. No user profile or account details 

beyond that which aided this study were collected and/or used in this study. 
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CHAPTER FOUR  

RESULTS 

4.1 Introduction 

This chapter presents the results of this study from the following three components: (1) 

pilot study, (2) model development, and (3) experimentation. The purpose of this study 

was to develop a hybrid machine-learning model for comparative opinion mining. As a 

proof of the concept, the prototype using the hybrid model was applied to brand 

reputation monitoring in multiple domains. Guided by five research questions and one 

hypothesis, the following section presents the findings obtained from this study.  

 

4.2 Experimental Results 

In this section, the following words, symbols, and their working definitions are applied.  

 

Statistic: this is the numerical measurement or summary for describing a specific 

characteristic of a given dataset. It is a computed value whose significance is in 

understanding the variability and central tendency of data. Examples of statistic values 

include the standard deviation, media, range, and mean. These statistics help 

researchers to condense data for better interpretation (Wasserstein & Lazar, 2016). 

 

Degrees of Freedom (df): these are concepts with fundamental value especially in 

hypothesis testing where they represent the count of values that can freely vary. For this 

reason, df is important in determining the correct distribution for hypothesis testing, 

such as t-tests and chi-square distributions. In the case of t-test used in this study, df is 

associated with the size of the sample used with respect to determining the actual shape 

of the t-distribution (Khuri, 2013). 
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P-value: this is a critical measure in statistical analysis as it is used to quantitatively 

reveal the evidence available against accepting the null hypothesis. As a probability 

value, the p-value shows the likelihood of getting more extreme or observed results, 

assuming that the proposed null hypothesis is actually true. A p-value below 0.05 

implies that the results observed are not likely to occur by random chance hence the 

reason to reject the null hypothesis and accept the alternative hypothesis. Conversely, 

when the p-value is greater than 0.05, the implication is that data does not show strong 

evidence to reject the null hypothesis (Fisher, 1992). 

 

4.2.1 Performance of Existing Machine Learning Models in COM 

RQ1: How do the existing machine learning models for comparative opinion 

mining compare in their performance? 

Eight ML techniques were independently applied to the same datasets to evaluate their 

performance based on accuracy and f1-score. The experiments were repeated for 

different feature vectorization techniques, including Count Vectorizer, TFIDF, and 

Word2Vec (both CBOW and Skip Gram). In the case of Count Vectorizer and TFIDF, 

the n-gram ranges experimented with included unigrams, bigrams, and trigrams. The 

results shown in this section are based on average performance of each ML model, DL 

model, and/or hybrid machine-learning model (where deep learning is understood in 

the context of it being a sub-field of ML).  

 
4.2.1.1 Machine Learning Models 

Tables 4.1 to 4.3 present the accuracy of the different single ML models in performing 

COM using Count Vectorizer for feature extraction and for Unigrams, Bigrams, and 

Trigrams respectively. The D1, D2, and D3 represent the three datasets used. The 
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results for D3 seem to have suffered model overfitting due to the small number of 

reviews in this dataset.  

Table 4. 1 Average Performance of ML Models: CV + Unigrams 

ML Technique D1 D2 D3 Avg 

Random Forest 84.2 93.6 100.0 92.6 

Multilayer Perceptron 83.6 92.3 100.0 92.0 

Decision Tree 83.2 92.6 100.0 91.9 

Stochastic Gradient Descent 79.6 89.0 100.0 89.5 

Logistic Regression 70.0 83.2 100.0 84.4 

Support Vector Machine 62.4 77.6 100.0 80.0 

Gaussian Naïve Bayes 58.4 74.3 100.0 77.6 

K-Nearest Neighbors 50.3 57.1 100.0 69.1 

 

Table 4. 2 Average Performance of ML Models: CV + Bigrams 

ML Technique D1 D2 D3 Avg 

Stochastic Gradient Descent 85.4 92.8 100.0 92.7 

Random Forest 85.1 92.8 100.0 92.6 

Multilayer Perceptron 85.3 92.4 100.0 92.6 

Decision Tree 85.1 91.7 99.7 92.1 

Logistic Regression 84.3 91.4 99.7 91.8 

Gaussian Naïve Bayes 75.3 87.9 99.7 87.6 

Support Vector Machine 74.3 84.9 99.7 86.3 

K-Nearest Neighbors 51.0 57.7 100.0 69.6 

 

Table 4. 3 Average Performance of ML Models: CV + Trigrams 

ML Technique D1 D2 D3 Avg 

Multilayer Perceptron 86.4 92.4 100.0 92.9 

Logistic Regression 86.0 92.0 99.7 92.5 

Random Forest 85.2 92.4 99.7 92.4 

Stochastic Gradient Descent 84.8 92.4 99.7 92.3 

Decision Tree 84.2 92.0 99.0 91.7 

Gaussian Naïve Bayes 79.8 89.7 99.7 89.7 

Support Vector Machine 76.5 86.3 99.7 87.5 

K-Nearest Neighbors 47.1 53.3 100.0 66.8 
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Tables 4.4 to 4.6 present the accuracy of the different single ML models in performing 

COM using TFIDF for feature extraction and for Unigrams, Bigrams, and Trigrams 

respectively. The D1, D2, and D3 represent the three datasets used.  

Table 4. 4 Average Performance of ML Models: TFIDF + Unigrams 

ML Technique D1 D2 D3 Avg 

Random Forest 83.4 92.1 99.7 91.7 

Multilayer Perceptron 82.0 91.3 100.0 91.1 

Decision Tree 81.2 92.0 99.3 90.8 

Stochastic Gradient Descent 78.0 89.0 100.0 89.0 

Support Vector Machine 74.1 86.9 100.0 87.0 

Gaussian Naïve Bayes 59.5 74.4 100.0 78.0 

Logistic Regression 61.4 70.0 100.0 77.1 

K-Nearest Neighbors 53.2 52.4 100.0 68.6 

 

Table 4. 5 Average Performance of ML Models: TFIDF + Bigrams 

ML Technique D1 D2 D3 Avg 

Random Forest 85.5 92.3 99.7 92.5 

Multilayer Perceptron 85.2 92.1 100.0 92.4 

Stochastic Gradient Descent 84.2 92.8 100.0 92.3 

Decision Tree 84.0 91.8 99.0 91.6 

Support Vector Machine 80.8 90.0 99.7 90.1 

Gaussian Naïve Bayes 75.3 87.6 100.0 87.6 

Logistic Regression 65.4 74.3 100.0 79.9 

K-Nearest Neighbors 53.8 52.8 100.0 68.8 

 

Table 4. 6 Average Performance of ML Models: TFIDF + Trigrams 

ML Technique D1 D2 D3 Avg 

Random Forest 85.8 93.0 100.0 92.9 

Stochastic Gradient Descent 86.1 92.8 100.0 92.9 

Multilayer Perceptron 85.6 92.1 100.0 92.6 

Decision Tree 84.5 92.4 99.0 92.0 

Support Vector Machine 81.2 90.7 99.7 90.5 

Gaussian Naïve Bayes 80.0 89.3 100.0 89.8 

Logistic Regression 66.2 75.0 100.0 80.4 

K-Nearest Neighbors 54.3 53.3 100.0 69.2 
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Tables 4.7 to 4.8 present the performance of the different single ML models in 

performing COM using CBOW for feature extraction and for Window Sizes of 1 and 5 

respectively. The D1, D2, and D3 represent the three datasets used.  

Table 4. 7 Average Performance of ML Models: CBOW + Window Size 5 

ML Technique D1 D2 D3 Avg 

K-Nearest Neighbors 41.7 40.1 48.7 43.5 

Gaussian Naïve Bayes 41.7 39.9 48.7 43.4 

Decision Tree 41.5 39.9 48.7 43.4 

Stochastic Gradient Descent 41.5 39.9 48.7 43.4 

Random Forest 41.7 39.1 48.7 43.2 

Multilayer Perceptron 14.3 40.3 51.6 35.4 

Support Vector Machine 38.9 30.2 34.5 34.6 

Logistic Regression 4.1 24.4 39.1 22.6 

 

Table 4. 8 Average Performance of ML Models: Skip gram + Window Size 5 

ML Technique D1 D2 D3 Avg 

K-Nearest Neighbors 41.7 40.2 48.7 43.5 

Decision Tree 41.5 39.9 48.7 43.4 

Multilayer Perceptron 41.7 39.7 48.7 43.4 

Stochastic Gradient Descent 41.7 39.2 48.7 43.2 

Logistic Regression 41.7 39.1 48.7 43.2 

Random Forest 38.9 30.2 34.5 34.6 

Gaussian Naïve Bayes 26.1 28.0 44.1 32.7 

Support Vector Machine 5.0 24.7 39.1 22.9 

 

Figure 4. 1 Accuracy levels of the ML Models Using CV + Unigrams on Dataset #1 
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Figure 4. 2 Accuracy levels of the ML Models Using CV + Unigrams on Dataset #1 

 

Statistical Test of Significance 

Table 4.9 shows One-Way ANOVA results from testing if there was a statistically 

significant difference in the accuracies of the eight single machine learning models 

when applied to three different comparative opinion datasets using Count Vectorizer 

and trigram features. The p-value (0.04) is below 0.05, suggesting a strong evidence 

against the null hypothesis, thereby confirming that there is a significant statistical 

difference in the accuracies of the ML models across the three datasets. 

Table 4. 9 One Way ANOVA (Welch’s) 

  F df1 df2 p 

Accuracy  9.57  7  6.83  0.004  

  

Table 4.10 shows One-Way ANOVA test results from testing if there was a statistical 

difference in the accuracies of the eight single machine-learning models when applied 

to three different comparative opinion datasets using TFIDF and trigram features. The 

p-value (0.077) is above 0.05, indicating mild evidence against the null hypothesis. This 
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suggests that there is insignificant statistical difference in the accuracies of the ML 

models across the three datasets. 

Table 4. 10 One Way ANOVA (Welch’s) 

  F df1 df2 p 

Accuracy  3.20  7  6.76  0.077  

 

Table 4.11 shows One-way ANOVA test results from testing if there was a significant 

statistical difference in the accuracies of the eight ML models using CV and trigram 

features. The p-value is 0.265, indicating there is no statistically significant difference 

between the accuracy of algorithms based on the datasets used.  

 

Table 4. 11 One-way ANOVA – ML Algorithms vs Accuracy 

  

Sum of 

Squares 

df 

Mean 

Square 

F p 

Algorithm  1648  7  235  1.42  0.265  

Residuals  2655  16  166        

Table 4. 12 Normality Test for ML Algorithms vs Accuracy  

Normality Test (Shapiro-Wilk) 

Statistic p 

0.921  0.061  

 The normality in table 4.12 shows a Shapiro-Wilk p-value of 0.061, which is above 

0.05, showing a non-violation of the normality assumption. 
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4.2.1.2 Deep Learning Models 

In the results shown in tables 4.13 to 4.15, the runtime (ms) metric indicates how long 

the model took to train while the prediction latency shows the duration the model took 

to predict the opinion classes. Tables 4.13 to 4.15 present results for the application of 

DL models in COM using datasets 1 to 3. The results show that the across all the 

datasets, the accuracy of CNN exceeds that of LSTM and MLP.   

Table 4. 13 Performance of DL Techniques on Dataset #1 

Deep Learning 

Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Runtime 

(ms) 

Prediction Latency 

(ms) 

CNN 87.4 87.4 87.4 87.3 175.6 1.8 

LSTM 80.6 81.5 80.6 80.8 2711.3 41.4 

MLP 85.6 86.3 85.6 85.8 42.9 0.0 

 

Table 4. 14 Performance of DL Techniques on Dataset #2 

Deep Learning 

Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Runtime 

(ms) 

Prediction Latency 

(ms) 

CNN 93.1 93.5 93.1 93.2 176.8 2.0 

LSTM 88.4 89.3 88.4 88.5 2714.1 41.2 

MLP 92.4 92.9 92.4 92.5 35.7 0.0 

 

Table 4. 15 Performance of DL Techniques on Dataset #3 

Deep Learning 

Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Runtime 

(ms) 

Prediction Latency 

(ms) 

CNN 99.7 99.7 99.7 99.7 61.5 0.7 

LSTM 99.3 99.4 99.3 99.3 951.6 13.9 

MLP 77.5 78.9 77.5 77.9 155.8 0.0 
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4.2.2 Developing a Hybrid Machine Learning Model for COM 

RQ4: How can a hybrid machine-learning model for comparative opinion mining be 

developed based on the experimental results? 

From literature analysis and empirical study, the researcher established that one of the 

best ways to develop a hybrid ML model is through ensemble learning method. The 

approach of using this method in developing hybrid ML models was described in 

Section 2.13. Indeed, studies show that models using ensemble method of learning are 

known as hybrid models. In our method, the researcher employed two scenarios: 

 

i. The base model being MLP (deep learning algorithm) as the base model for 

extracting features from text while the traditional machine learning algorithm 

like RF performs the classification using the probability features that MLP feeds 

it with. Top-level models included other algorithms like RF, DT, and SVM. 

This method worked so well, producing the best performing hybrid machine-

learning model for comparative opinion mining. This model was the MPL + RF.  

 

ii. Using SGD (traditional machine learning algorithm) as the base model for 

extracting features from text and feeding the same to the top-level model for 

classification. Top-level models included other algorithms like RF, DT, and 

MLP in this case. This option gave a high performance hybrid model, SGD + 

RF, whose performance was very close to that of the first option.  

 

In both scenarios, the hybrid model received entities features through a lexical 

approach. The researcher created a lexicon consisting of entity names (brand names) 

and their common brand name variations to reduce computational complexity if the 

researcher were to use the named entity extraction approach. Since the brands the 
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researcher were interested in were already known, identified using a purposive 

sampling strategy, a simple dictionary of brand names was needed. This was the 

hybridization approach achieved in our model at feature extraction level. 

 

4.2.3 Effectiveness of the Hybrid Machine Learning Model for COM 

RQ5: How effective would the hybrid machine-learning model be in performing 

comparative opinion mining? 

4.2.3.1 Accurate Prediction of Opinion Classes 

For the tables 4.16 to 4.23, D represents the dataset. For example, D1 represents dataset 

1. The Avg. accuracy column represents average accuracy of the model across the 

datasets 1 to 3. This metric was used to capture the smoothed accuracy given multiple 

datasets considering that different datasets yielded varying accuracies for purposes of 

ensuring model robustness (Kleinberg et al., 2018).  

 
Table 4. 16 Average Performance of the Hybrid ML Models for CV + Unigrams 

 

Table 4. 17 Average Performance of the Hybrid ML Models for CV + Bigrams 
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Table 4. 18 Average Performance of the Hybrid ML Models for CV + Trigrams 

 

Table 4. 19 Average Performance of the Hybrid ML Models for TFIDF + Unigrams 

 

Table 4. 20 Average Performance of the Hybrid ML Models for TFIDF + Bigrams 

 

Table 4. 21 Average Performance of the Hybrid ML Models for TFIDF + Trigrams 
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Eliminating Dataset #3 Due to Potential Model Overfitting 

Table 4.22 presents the accuracy of the hybrid ML models on Dataset 1 and Dataset 2, 

ignoring Dataset 3 which had caused model overfitting due to its small size. The results 

are for when Count Vectorizer technique was used for feature extraction, with n-gram 

range of 3.  

 

Table 4. 22 Average Performance of the Hybrid ML Models for CV + Trigrams 

 

Table 4. 23 Average Performance of the Hybrid ML Models for TFIDF + Trigrams 

 

Table 4.24 presents the performance of Hybrid ML Models when using Count 

Vectorizer for feature extraction and n-gram range of 2 on Dataset 2. The results show 

that MLP and SGD hybrid had the highest accuracy among the hybrid models.  
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Table 4. 24 Performance of Hybrid ML Techniques for CV + Bigrams for Dataset #2 

Hybrid ML Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Runtime 

(ms) 

Prediction Latency 

(ms) 

MLP + DT 92.4 92.8 92.4 92.5 33.0 0.0 

MLP + RF 92.6 92.9 92.6 92.6 41.2 0.1 

MLP + SGD 93.1 93.5 93.1 93.2 31.1 0.0 

MLP + SVM 90.6 91.3 90.6 90.6 35.1 0.2 

SGD + DT 92.6 93.0 92.6 92.6 1.1 0.0 

SGD + MLP 92.1 92.5 92.1 92.1 32.6 0.0 

SGD + RF 92.1 92.5 92.1 92.1 8.3 0.1 

SGD + SVM 91.7 92.1 91.7 91.6 2.8 0.1 

Table 4.25 presents the performance of Hybrid ML Models when using Count 

Vectorizer for feature extraction and n-gram range of 3 on Dataset 2. The results show 

that MLP and SGD hybrid had the highest accuracy among the hybrid models.  

 

Table 4. 25 Performance of Hybrid ML Techniques for CV + Trigrams for Dataset #2 

Hybrid ML Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Runtime 

(ms) 

Prediction 

Latency (ms) 

MLP + DT 92.0 92.4 92.0 92.0 52.2 0.0 

MLP + RF 92.6 92.9 92.6 92.6 63.4 0.1 

MLP + SGD 92.3 92.7 92.3 92.3 50.2 0.0 

MLP + SVM 91.9 92.6 91.9 91.9 57.8 0.2 

SGD + DT 92.0 92.3 92.0 92.0 1.5 0.0 

SGD + MLP 91.0 91.9 91.0 90.6 50.2 0.0 

SGD + RF 91.3 91.9 91.3 91.2 10.6 0.1 

SGD + SVM 92.1 92.8 92.1 92.1 3.3 0.2 
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Tables 4.26 to 4.29 present the performance of Hybrid ML Models when using CBOW 

feature extraction technique with window sizes of 1 an d5 respectively. The results 

show that MLP and RF hybrid model had the highest accuracy among the hybrid 

models. All the models underperformed, with accuracies below average (50%). This is 

because CBOW and Skip-Gram models require huge amounts of data to capture the 

meanings of words according to their contexts Skip Gram models (Mikolov et al., 

2013). In this study, datasets used for COM were relatively small. Also, these models 

are computationally expensive particularly in handling huge vocabularies. Due to this, 

the models suffer inefficiencies that cause sub-optimal model training on complex tasks 

(Levy & Goldberg, 2014). 

 
Table 4. 26 Performance of Hybrid ML Techniques for CBOW + Window Size = 1 

 

Table 4. 27 Performance of Hybrid ML Techniques for CBOW + Window Size = 5 

 

Tables 4.28 and 4.29 present the performance of Hybrid ML Models when using Skip 

Gram feature extraction technique with window sizes of 1 and 5 respectively. The 

results show that MLP and SVM hybrid model had the highest accuracy among the 

hybrid models.  
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Table 4. 28 Performance of Hybrid ML Techniques for Skip gram + Window Size = 1 

 

Table 4. 29 Performance of Hybrid ML Techniques for Skip gram + Window Size = 5 

 

 

Statistical Test of Significance 

Table 4.2 shows One-Way ANOVA test results from testing if there was a statistical 

difference in the accuracies of the hybrid machine-learning models applied to three 

different comparative opinion datasets using Count Vectorizer model and trigram 

features. The p-value (0.996) is above 0.05, signifying mild evidence against the null 

hypothesis and hence there is no significant statistical difference in the accuracies of 

the ML models across the three datasets. 

Table 4. 30. One-Way ANOVA (Welch's) 

One-Way ANOVA (Welch's) 

  F df1 df2 p 

Accuracy  0.106  7  6.72  0.996  
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Tables 4.31 and 4.32 present the results on the accuracy of the hybrid ML models using 

TFIDF models for feature extraction on dataset 2, with bigrams and trigrams 

respectively.  The results show that the SGD and RF hybrid outperformed other models 

in both cases. Its performance was followed closely by that of MLP and RF in the case 

of models that used a DL model as the base model in their architectures. 

 

Table 4. 31 Performance of Hybrid ML Techniques for TFIDF + Bigrams for Dataset #2 

Hybrid ML Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Runtime 

(ms) 

Prediction 

Latency (ms) 

MLP + DT 92.2 92.8 92.2 92.3 36.5 0.0 

MLP + RF 92.4 93.0 92.4 92.5 42.0 0.0 

MLP + SGD 92.4 92.9 92.4 92.5 33.9 0.0 

MLP + SVM 92.1 92.6 92.1 92.2 35.1 0.1 

SGD + DT 92.6 92.7 92.6 92.6 1.1 0.0 

SGD + MLP 92.3 92.7 92.3 92.4 28.6 0.0 

SGD + RF 93.0 93.4 93.0 93.0 7.9 0.0 

SGD + SVM 92.9 93.2 92.9 92.9 2.9 0.1 

 

Table 4. 32 Performance of Hybrid ML Techniques for TFIDF + Trigrams for Dataset #2 

Hybrid ML Technique 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Runtime 

(ms) 

Prediction 

Latency (ms) 

MLP + DT 92.2 92.8 92.2 92.3 59.9 0.0 

MLP + RF 92.4 92.8 92.4 92.5 65.9 0.1 

MLP + SGD 92.4 93.0 92.4 92.5 55.0 0.0 

MLP + SVM 91.6 92.1 91.6 91.6 63.4 0.2 

SGD + DT 92.1 92.4 92.1 92.1 1.4 0.0 

SGD + MLP 92.2 92.8 92.2 92.2 55.5 0.0 

SGD + RF 93.8 94.0 93.8 93.8 11.7 0.1 

SGD + SVM 92.8 93.2 92.8 92.8 3.4 0.2 
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Figure 4.5 shows a bar chart of the accuracy of the hybrid ML models for TFIDF feature 

extraction technique and Trigrams (nn = 3) on Dataset 2. 

 

Figure 4. 3 Accuracy of the Hybrid ML Models: TFIDF + Trigrams; D#2 

 

Table 4. 33 Best Performing Hybrid ML Model for Comparative Opinion Mining 

 

In determining the most effective hybrid machine-learning model for comparative 

opinion mining, the researcher applied accuracy and f1-scores as the model evaluation 

metrics recommended for comparative opinion mining. Based on Table 4.33, the best 

performing hybrid ML model was MLP + RF with an accuracy of 93.0% and F1-score 

of 93.0%. The minimum accuracy and f1-score was 90.3% across three datasets. This 

is a reliable performance that is suitable for use cases like brand reputation monitoring 

(Ondara et al., 2023). 
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Table 4. 34 Performance of Top Two Hybrid ML Models for N-Gram Range 1 - 3 

 

To conclude this section, the summary table 4.34 shows four key things: 

i. That the MLP + RF hybrid machine learning model outperformed the SGD + 

RF hybrid model on average across the n-gram range of 1 to 3. 

ii. The difference between the performance of MLP + RF and SGD + RF is 

insignificant (see Table 4.44 for T-test results). One can use either hybrid ML 

models for COM. 

iii. MLP + RF has a slightly higher accuracy than SGD + RF when using Count 

Vectorizer technique for feature extraction. On the other hand, SGD + RF has a 

slightly higher accuracy than MLP + RF when using TFIDF feature extraction 

technique.  

iv. In both MLP + RF and SGD + RF, the highest performance was recorded when 

using trigrams (n-gram with a range of 3).  
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Figure 4. 4 Accuracy of the Hybrid Machine Learning Models: TFIDF + Trigrams: D#3 

 

Statistical Test of Significance 

Table 4.35 shows One-Way ANOVA test results from testing if there was a statistical 

difference in the accuracies of the eight hybrid ML models when applied to three 

different comparative opinion datasets using Count Vectorizer model and trigram 

features. The p-value (1.00) showing a lack of evidence against the null hypothesis. 

This suggests that there is no significant statistical difference in the accuracies of the 

ML models across the three datasets hence the researcher accept the null hypothesis. 

This means that any of the eight Hybrid ML Models could be used without a significant 

loss in the accuracy from opinion classification. 

Table 4. 35. One-Way ANOVA (Welch's) 

One-Way ANOVA (Welch's) 

  F df1 df2 p 

Accuracy  0.0412  7  6.84  1.000  
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4.2.3.2 Reliable Brand Reputation Indicator 

The results shown in this section are the screenshots from the web-based prototype 

system that implemented the developed hybrid model for performing COM using live 

data from X platform and YouTube. The results are aimed at demonstrating that the 

hybrid ML model was capable of performing COM using primary / live data. The 

results for brands whose data were easily available on X platform and/or YouTube for 

the prototype to use in monitoring brand reputation using the developed hybrid ML 

model that served as the engine for the prototype.  

 

Telecommunications Brands 

The reputation of a brand is directly related with the sentiment positivity at any given 

time. Figure 4.7 and 4.8 shows that Safaricom has a higher opinion positivity compared 

with Airtel (a competitor in the Telecommunications sector). Safaricom is thus more 

preferred than Airtel. 

 

Figure 4. 5 Brand Positivity Comparison 1: Safaricom Vs Airtel 
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Figure 4. 6 Brand Positivity Comparison 2: Safaricom vs Airtel 

 

Figure 4.9 shows the prototype’s web interface. On this interface, the user has keyed in 

“Safaricom” as an entity / brand whose opinion / sentiment analysis is needed.  The 

horizontal bar chart shows the distribution of tweets according to sentiment classes, 

while showing the statistics in terms of the number of tweets classified as positive, 

negative, and neutral. In this case, Safaricom has more positive tweets than negative 

and neutral tweets.  
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Figure 4. 7 Brand Reputation: Safaricom 

Figure 4.10 shows the prototype’s web interface. On this interface, the user has keyed 

in “Airtel” as an entity / brand whose opinion / sentiment analysis is needed.  The 

horizontal bar chart shows the distribution of tweets according to sentiment classes, 

while showing the statistics in terms of the number of tweets classified as positive, 

negative, and neutral. In this case, Airtel has more positive tweets than both negative 

and neutral tweets. 
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Figure 4. 8 Brand Reputation: Airtel 
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Banking Brands 

 

Figure 4. 9 Brand Positivity Comparison 1: KCB Vs ABSA 

 

 

Figure 4. 10 Brand Positivity Comparison 2: Equity Bank Vs KCB 
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Figure 4. 11 Brand Reputation: KCB 
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Figure 4. 12 Brand Reputation: Equity Bank 
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Smartphone Brands  

 

Figure 4. 13 Brand Reputation Comparison: iPhone Vs Samsung 

 

 

Figure 4. 14 Brand Reputation: Samsung 
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Figure 4. 15 Brand Reputation: Nokia 

 

 

 

 



204 

 

 

  

Higher Education Brands 

 

Figure 4. 16 Brand Reputation: Kenyatta University 
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Figure 4. 17 The University of Nairobi 
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4.2.3.3 Insight into Brand Aspects 

Brand aspects are important in gaining competitive advantage. Even though detailed 

brand aspect mining was out of the scope of this study, the researched tried to perform 

basic mining to demonstrate the capability of the hybrid model in opinion mining. A 

sentiment word cloud was used to generate common terms mentioned in the reviews or 

texts analyzed. Figure 4.20 - 4.22 are screenshots showing some of the raw outputs. 

The words or terms output by the model are good pointers to what a brand manager 

could use to identify what most opinion holders were positive or negative about 

concerning their brand’s products, services, or general business. The column on aspects 

represents potential brand features (aspects) for use in brand reputation monitoring.  

 

Figure 4. 18 Brand Aspects: Telecommunications Domain 

 

 

Figure 4. 19 Brand Aspects: Banking Domain 
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Figure 4. 20 Brand Aspects: Roma vs Porsche 

 

4.2.3.4 Brand Reputation Trends 

Long-term trends in reputation is based on historical data and it helps to capture long-

term opinion trends (Das et al., 2018). The reputation of a brand over a period can be 

traced using the sentiment positivity trend. 

 

Figure 4. 21 Telecommunications Brand Reputation Monitor: Daily Trends 
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Figure 4. 22 Banking Brand Reputation Monitor: Daily Trends 

 

Figure 4. 23 Smartphone Gadgets Brand Reputation Monitor: Daily Trends 
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Figure 4. 24 Overall Brand Reputation for Roma: DOM vs COM 

 

Figure 4. 25 Brand Reputation for Roma Vs Porsche: DOM vs COM 



210 

 

 

  

4.2.3.5 Ground Truth (Results) 

From the 100 reviews classified by human experts in the ground truth experiment, it 

was observed that the three human classifiers agreed in the correct classification 95 of 

the 100 reviews. That is, they could not agree on the correct opinion classes for six of 

the reviews. On the other hand, the hybrid machine-learning model (MLP + RF, in this 

case) made 93 predictions accurately. The variance between the model’s prediction 

accuracy and the ground truth (human classification) was 2%, an insignificant variance 

between human classifiers and machine classifiers through the hybrid machine-learning 

model. This indicated the hybrid model’s prediction accuracy is reliable and 

satisfactory for use. The best hybrid machine-learning models developed in this 

experiment attained 93% accuracy.  

 

For model training, the researcher used three datasets that had been used in carrying out 

comparative opinion mining experiments. However, this study focused on using one 

machine-learning algorithm or model while our study focused on using hybrid machine 

learning models. The three datasets were published at 

https://www.kaggle.com/umairyounis/comparative-reviews-datasets. To ascertain the 

credibility of the datasets, the research had three human experts to annotate the datasets 

before using them for model training and validation. The Kappa (K) score for this 

annotation exercise was 0.81, indicating a strong agreement among the three human 

experts involved in annotating the data. The details of the datasets are in Table 4.32 as 

was published in a journal article “Hybrid Machine Learning Techniques for 

Comparative Opinion Mining” (Ondara et al., 2023) 
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Table 4. 36 Primary Data for Model Validation 

 

From a total of 207 records taken from one of the primary datasets collected and 

annotated by human experts before the same raw dataset was fed into MLP + RF hybrid 

model, the agreement level between the humans and this hybrid ML model for 

comparative opinion mining was 64%. This percentage was computed using the first 

100 records in the dataset, followed a random sampling strategy to avoid bias (Kothari, 

2015). Table 4.37 shows a sample of classification results comparing how the human 

classifiers and hybrid model classifier labelled 10 comparative reviews. The label 

“neut_neut” shows that the opinion classes for entity 1 and entity 2 were both neutral. 

For pos_pos, the opinion labels for both entity 1 and 2 were positive. For neg_neg, the 

opinion classes for entities 1 and 2 were both negative. Thus, the X_Y format could be 

used to ascribe the opinion classes, where X represents the opinion class for entity 1 

and Y for the opinion class for entity 2.  
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Table 4. 37 Sample Classification Results (Human Classifier vs. Hybrid Model Classifier) 

 

According to Cohen’s Kappa statistic, this agreement percentage represents substantial 

agreement level  (McHugh, 2012) between the human classifier and the hybrid 

machine-learning model. Therefore, the hybrid model was found to be a satisfactory 

replacement of human classifiers in the task of comparative opinion mining. The 

benefits of computer automation in opinion mining include achieving high opinion 

classification efficiency and effectiveness and opinion classification reliability.  

 

With automation, brand managers may get real-time brand reputation reports that would 

help them make informed decisions regarding the performance of their brands in 

relation to competitor brands over time. Table 4.28 shows a sample of 10 records 

classified by a human expert and the MLP + RF hybrid machine-learning model for 

comparative opinion mining. The classification of the opinion labels is based on two 

entities for each comparative review or text (tweets and YouTube comments). 

 

For the developed hybrid model, the opinion class indicates a brand reputation using 

the matrix show in table 4.29. Thus, it was possible to use the model in monitoring the 

reputation of a target brand, relative to the reputation of competitor brands through 

comparative opinion mining using available data on platforms like X and YouTube.  
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Table 4. 38 Mapping of the Hybrid ML Model’s COM Results to Brand Reputation 

Model Output Brand A Reputation Brand B Reputation 

Pos_Pos Positive  Positive 

Pos_Neg Positive Negative 

Pos_Neut Positive Neutral 

Neg_Pos Negative Positive 

Neg_Neg Negative Negative 

Neg_Neut Negative Neutral 

Neut_Pos Neutral Positive 

Neut_Neg Neutral Negative 

Neut_Neu Neutral Neutral 

 

4.2.4 Hypothesis Testing 

This section is dedicated to testing the five hypotheses in Section 1.6 

Test 1: Differences in the Accuracy of Hybrid ML Models versus Single ML 

Models 

H01: There are no statistically significant performance differences between the hybrid 

ML models and the single ML models in COM. 

HA1: There are statistically significant performance differences between the hybrid ML 

models and the single ML models in COM. 

 

Table 4.39 shows a p-value of <0.05, implying the presence of statistically significant 

performance differences between Hybrid ML models and Single ML models, hence we 

accept the alternative hypothesis while rejecting the null hypothesis. A posthoc analysis 

on this showed that this significant differences were between KNN single model and 

the following hybrid models: MLP + DT, MLP + RF, MLP + SGD, MLP+SVM, SGD 

+ MLP, SGD + RF, and SGD+SVM.  The posthoc analysis report is in Appendix V. 
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Table 4. 39 Statistical Differences in the Performance of Single ML Models in COM 

ANOVA - Accuracy 

  Sum of Squares df Mean Square F p 

ML Model  3385  15  226  2.10  0.018  

Residuals  8600  80  107       

 

Test 2: Differences in the Hybrid ML Models Performance in COM 

H02: There are no statistically significant performance differences in COM between 

the different hybrid ML model. 

HA2: There are statistically significant performance differences in COM between the 

different hybrid ML models in COM. 

From Table 4.40, it can be seen that the p value is 0.977, implying that there are no 

statistically significant performance differences between the different Hybrid ML 

models. There was no need for posthoc analysis in this case as the p-value was above 

0.05. This shows that the hybrid ML models have accuracies with no major deviations 

from each other.  

 

Table 4. 40 Statistical Differences in the Performance of Single Models vs Hybrid Models 

ANOVA - Accuracy 

  Sum of Squares df Mean Square F p 

ML Model  111  7  15.9  0.225  0.977  

Residuals  2823  40  70.6        
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Test 3: Differences in the Hybrid Models Performance in COM Based on Dataset 

Choice 

H03: There are no statistically significant performance differences in COM between 

the Hybrid ML models based on the choice of dataset. 

HA3: There are statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of dataset. 

 

Table 4.41 shows a p-value of <0.01, implying that there are statistically significant 

performance differences in the ML models based on the choice of datasets. A posthoc 

analysis on this result revealed the significant difference was between datasets 1 (D1) 

and 3 (D3).  

Table 4. 41  Stat. Diff. in Models’ Performances Based on Dataset Choice. 

ANOVA - Accuracy 

  Sum of Squares df Mean Square F p 

Dataset  1971  2  985.3  46.5  < .001  

Residuals  932  44  21.2        

 

Test 4: Differences in the Hybrid Models Performance in COM Based on Feature 

Extraction Technique 

H04: There are no statistically significant performance differences in COM between 

the Hybrid ML models based on the choice of feature extraction technique. 

HA4: There are statistically significant performance differences in COM between 

the Hybrid ML models based on the choice of feature extraction technique. 
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Table 4.42 shows a p-value of <0.01, implying that there are statistically significant 

performance differences in the various Hybrid ML models based on the choice of 

datasets. From the posthoc analysis (Appendix V), the difference is due to statistically 

significant differences between CV3 and CBOW5, CV3 and SkipGram; and TFIDF3 

and CBOW5 and TFIDF3 and SkipGram. This shows that Count Vectorizers and 

TFIDF models for feature extraction have a significant performance difference. 

Similarly, the performance of Hybrid ML Models using Count Vectorizers differs 

significantly from those models using SkipGram feature extraction techniques.  

Table 4. 42 Hybrid Models Performances Based on Feature Extraction Techniques . 

ANOVA - Accuracy 

  Sum of Squares df Mean Square F p 

FET  88508  3  29503  221  < .001  

Residuals  18678  140  133        

 

 

Test 5: Interaction between ML Models and Datasets 

This Two-way ANOVA test was carried to test if there was an interaction between ML 

models and the datasets chosen for COM. The results in Table 4.43 show that there was 

no significant interaction between ML models and datasets in COM. This means that 

any ML model could be used with any dataset without significantly affecting the 

performance of the model in COM.  
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Table 4. 43 Interaction Between ML Models and Datasets 

ANOVA - Accuracy 

  Sum of Squares df Mean Square F p 

ML Model  30039  15  2002.6  2.7326  0.002  

Dataset  4896  2  2448.1  3.3405  0.040  

ML Model ✻ Dataset  1387  30  46.2  0.0631  1.000  

Residuals  70355  96  732.9        

 

Test 6: Interaction between Datasets and Feature Extraction Techniques  

This Two-way ANOVA test was carried to test if there was an interaction between 

datasets and feature extraction techniques in COM. Table 4.44 shows that there was no 

significant interaction between Feature Extraction techniques and datasets. Thus, any 

feature extraction technique can be used on any dataset without significantly affecting 

model performance. 

Table 4. 44 Interaction Between ML Models and Datasets 

ANOVA - Accuracy 

  Sum of Squares df Mean Square F p 

Feature ET  88508  3  29502.6  312.90  < .001  

Dataset  3723  2  1861.3  19.74  < .001  

Feature ET ✻ Dataset  827  6  137.8  1.46  0.196  

Residuals  12446  132  94.3        
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4.3 Summary of Key Findings 

i. The performance of different ML models in COM varies depending on several 

factors including the feature extraction techniques and the datasets used.  

 

ii. A tried-and-tested way of developing powerful hybrid machine-learning models 

is the ensemble learning method. The reason this works powerfully is that it 

leverages the strengths of each of the individual models that make up the hybrid-

learning model.  

 

iii. There are statistically significant differences in the performance of single ML 

models and hybrid ML models in COM. 

 

iv. There are no statistically significant performance differences in COM between 

different hybrid ML models in performing COM. 

 

v. There are statistically significant performance differences in COM between 

different machine learning models based on the choice of datasets.  

 

vi. There is a statistically significant differences in the performance of machine 

learning models based on the choice of feature extraction techniques.  

 

vii. Hybrid ML models developed in this study outperformed the single ML models 

from which they were developed. This confirms the fact that hybrid models 

often outperform single models. Testing this model via a prototype proved that 

the hybrid ML models for comparative opinion mining are effective in brand 

reputation monitoring.  
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viii. The best performing hybrid models (MLP + RF and SGD + RF) both 

outperform the single models from which they were created, confirming the 

superior performance of hybrid models over single models.  

 

ix. Deep Learning models performed well. In many cases, they performed better 

than machine learning models. However, it is more challenging integrating them 

with machine learning models to develop hybrid architectures. The MLP model 

is easier to integrate with machine learning models.   

 

x. Dense vectorizers likes CBOW and Skip-Gram do not perform well with small 

datasets.  
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CHAPTER FIVE  

DISCUSSION 

5.1 Introduction 

This section presents a discussion of the results, organized according to the three 

research questions and four hypotheses that guided this study. 

 

RQ1: How do the existing machine learning models for comparative opinion mining 

compare in their performance? 

 

RQ2: How can a hybrid machine-learning model for comparative opinion mining be 

developed based on the experimental results? 

 

RQ3: How effective would the hybrid machine-learning model be in performing 

comparative opinion mining? 

 

5.2 Research Question 1 (RQ1) 

How do the objectively selected, existing machine learning models for comparative 

opinion mining compare in their performance? 

The existing models used in comparative opinion mining have varying performances 

based on their architectural designs, features extracted, and parameters implemented. 

From this research, most of the existing models for comparative opinion mining consist 

of single machine learning algorithms. As such, this research found scanty details about 

the application of hybrid models in performing comparative opinion mining. The single 

models vary in their performance. For instance, in terms of average accuracy across 

three datasets, the best performing single model was Stochastic Gradient Descent in the 
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case of conventional machine learning models. The multilayer perceptron was the best 

performing deep learning model in this study.  

The least performing single model out of these two groups was the K-Nearest Neighbor. 

This finding is similar to one reported by Younis et al. (2020), who also found K-

Nearest Neighbor to have performed the least while Random Forest performed the best 

in an experiment testing  a set of seven single classifiers on average across three 

datasets. The KNN is a lazy model. By default, it uses the Euclidean distance, which 

presents a challenge when working with noisy features and high dimensions’ data. 

These two factors often negatively affect the performance of the model. To solve this 

performance challenge, the value of K needs to be optimized.  

 

In this study, the Random Forest model served as the final estimator in the hybrid 

architecture. The choice of this model was because it was the second best performing 

single machine-learning model in the class of machine learning algorithms in this study. 

The model is easy to use and probably the most flexible algorithm with a high 

performance on classification tasks because it is an ensemble model consisting of 

multiple decision trees resulting in improved model generalization (Younis et al., 

2020). In Section 2.11, three of the six existing hybrid machine-learning models 

described also used the Random Forest models as the top-level model. The analysis of 

the findings from previous studies on hybrid models as well as the findings from this 

study reveal the power of the Random Forest classifier, making it a good choice in 

developing hybrid models for classification tasks besides other machine learning tasks 

where it has been applied in various studies.  
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Moreover, the finding that the Random Forest model is a powerful classifier is in 

agreement with that by Younis et al. (2020), who implemented the same algorithm for 

comparative opinion mining, getting an average accuracy of 92% while in our study, 

the model had an average accuracy of 84.8%. However, their experiment involved one 

dataset with which the performance was 100%, an indication of model overfitting. High 

data dimensionality, sparse and noisy features, and a small amount of labelled data may 

cause model overfitting. Contrary to our study, the researcher did not include results 

associated with model overfitting. Discounting the dataset where model overfitting was 

suspect, their average accuracy using the Random Forest model was 88.3%, which is 

close to the empirical results reported in this study. This study finds the random forest 

model a good choice for top-level models in hybrid models. The problem of model 

overfitting is addressed using various techniques. Specifically, this study employed 

feature selection and ensemble learning. The results show that there was no statistically 

significant difference in the performance of single machine learning models. This is 

because every machine learning or deep learning algorithm has its strengths and 

weaknesses for solving particular problems such text classification. Their performance 

may not be optimal, lacking the benefits of hybridization (Banihashemi et al., 2017).  

 

5.3 Research Question 2 (RQ2) 

How can a hybrid machine-learning model for comparative opinion mining be 

developed? 

From many publications in opinion mining, a conventional hybrid algorithm would 

consist of a machine-learning model combined with a lexical model. The lexical model 

would provide features that the machine-learning model would use to perform 

classification. Recent studies have witnessed a rise in developing hybrid machine-



223 

 

 

  

learning models for application in different areas including general text classification. 

The researcher, however, found limited publications on the development and 

application of a hybrid machine learning based model in comparative opinion mining. 

Borrowing from existing research in support of developing ensemble learning hybrid 

models, this study was able to come up with a hybrid machine-learning model that 

employs two machine learning models in one case and a machine learning – deep 

learning model in another case. Both cases performed satisfactorily in terms of 

classification accuracy in comparative opinion mining, revealing the potential of hybrid 

models in comparative opinion mining. This approach for developing hybrid machine-

learning models is in line with the approach in a study by Al Amrani et al. (2018) who 

developed a hybrid model consisting of SVM and RF using ensemble learning method. 

In both this studies, one model was used to extract features while the other model was 

used to perform opinion classification.  

 

The agile development methodology as documented in Section 3.10.1 was followed in 

implementing the hybrid model as a prototype, which was used as a proof of concept 

in brand reputation monitoring. The researcher found this software development 

methodology is suitable in machine learning projects (Elman & Turk, 2017). However, 

there may be other software development methodologies suitable for this. In terms of 

applying the ensemble learning method during hybrid model development, this study, 

supported by evidence from other studies such as Jain et al. (2021), and  Kim (2014). 

For the best performing hybrid model (MLP + RF), 32 hidden layers were defined for 

the multilayer perceptron. Further to this, the MLP performed well with a maximum 

iteration of 50 and a learning rate of 0.001.  
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5.4 Research Question 3 (RQ3) 

How effective would the hybrid machine-learning model be for comparative 

opinion mining? 

Research provides several reasons supporting our finding from this study that hybrid 

machine-learning models outperform single machine learning models. This is because 

a hybrid model leverages the strengths while diminishing the weaknesses of each single 

model (Bergstra & Bengio, 2012). Theoretically, a single machine-learning model A 

may have powerful feature extraction ability but less powerful classification accuracy. 

A different single machine-learning model B may have weak feature extraction ability 

but is powerful at classification. Creating a hybrid model consisting of A and B, with 

model A being used for feature extraction and model B used for classification should, 

theoretically, result in performance gains.  

 

Since deep learning models are better than machine learning models in feature 

extraction, choosing a deep learning model as a base model in the hybrid architecture 

would benefit a hybrid model especially where huge datasets are used. Nonetheless, the 

difference in the performance of the pure hybrid machine learning models (e.g. SGD-

RF) and hybrid machine learning - deep learning models (e.g. MLP-RF) was 

insignificant. Thus, one can use either hybrid approaches. The key finding here points 

to increased accuracy of comparative opinions classification when using hybrid models 

compared to when using single classification models. A study by Ondara and others 

(2023) confirm the suitability and effectiveness of hybrid machine learning models for 

use in comparative opinion mining, indicating the suitability of the models in brand 

reputation monitoring based on comparative opinion mining.  

 



225 

 

 

  

This finding agrees with the finding by Al Amrani and others (2018), that their SVM-

RF hybrid model outperformed their single models (SVM and RF) by 3% in terms of 

classification accuracy. The least accuracy improvement the researcher observed in this 

study was 5.7% while the highest accuracy improvement due to hybridization was 

7.3%, which is slightly higher than the 3% performance gain the study by Al Amrani 

et al. (2018). Other studies like those by Jain and others (2021), and  Kim (2014), have 

also demonstrated the superior performance of hybrid models over single models in 

classification. Their results agree with those the researcher observed while carrying out 

this study. This show the generalizability of the hybrid machine-learning model for 

comparative opinion mining developed in this study.  

 

For results presentation, web-based dashboards have been used in many past studies to 

capture brand mentions in a bid to help brands gauge their reputation online. However, 

our dashboard was developed purposely to handle comparative opinions, unlike most 

of the existing dashboards that handle direct opinions. The researcher supports the 

finding that comparative opinions communicate much more precise information 

regarding a target brand based on the aspects upon which the multiple entities are 

compared (Varathan et al., 2017). The visual aspects of the dashboard are an effective 

way of presenting results from a machine-learning based opinion-mining model. The 

display of brand mention statistics offers a quick view on the reputation of the brand 

based on the relationship between positive mentions and negative mentions. The 

reputation trend charted on the dashboard quickly reveals the performance of the 

brand’s reputation over a specific period thus making it easier for brand managers and 

interested users to establish the trend of their brand’s reputation for strategic decision-

making.  
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Statistical tests (Table 4.43) showed that there was a significant statistical difference 

between the performance of the hybrid machine learning models and the single machine 

learning models. The hybrid models had, on average, higher accuracy and f1-score 

values. This confirms that the hybrid models are superior in performance compared to 

single models. This is because hybrid models leverage the strengths and reduce the 

limitations of the single models, resulting in improved classification accuracy and 

overall model performance (Tan et al., 2023). The researcher observed, however, that 

among the hybrid models, there was no statistically significant difference in 

performance, since their performance is relatively similar. Overall, for application of 

comparative opinion mining to brand reputation monitoring, hybrid ML models were 

found to be more suitable compared to single ML models.  

 

5.5 Research Hypotheses  

H01: There are no statistically significant performance differences between the 

hybrid ML models and the single ML models in COM. 

HA1: There are statistically significant performance differences between the hybrid 

ML models and the single ML models in COM. 

 

The hybrid machine-learning models outperformed the single machine learning models. 

This reveals improved classification accuracy. Moreover, there was a statistically 

significant difference between the performance of the hybrid machine learning models 

and the single machine learning models studied in this work. Thus, in applications 

where classification accuracy is not the primary performance indicator, one could use 

any of the machine-learning models for carrying out comparative opinion mining. 

However, tt would be best to use a hybrid model where feature extraction is performed 

by a deep learning model while actual classification is performed by a machine-learning 
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model. For example, the MLP+RF hybrid model would fit this use case. However, for 

relatively small datasets, a hybrid of machine learning models such as SGD-RF would 

yield satisfactory results at no extra computational costs that deep learning models 

would demand. These findings are similar to those of study by Al Amrani et al. (2018), 

the statistical difference between their hybrid models and the single models was not 

significant even though accuracy improved in the case of their hybrid models.  

 

In concluding this chapter, the results show that the hybrid machine-learning model 

developed in this study are generalizable to applications in comparative opinion mining. 

This is because, on average, across multiple datasets, the hybrid ML models showed 

significant performance gains over the respective single models. The researcher noted 

lack of advancement in exploring the application of hybrid ML or hybrid DL models in 

COM. To the best of the researcher’s findings, there was no hybrid ML model for COM. 

This makes this study the first one in this area. Thus, future researchers should focus 

more on the implementation of hybrid ML models for comparative opinion mining to 

tap into the performance gains demonstrated in this study. As maintained in a related 

study, feature extraction techniques affect model performance because quality features 

in model training result in quality ML models (Trupthi et al., 2016).  

 

H02: There are no statistically significant performance differences in COM between 

the different hybrid ML model. 

HA2: There are statistically significant performance differences in COM between the 

different hybrid ML models in COM. 
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There findings of this study showed that there are no statistically significant differences 

in the performance of hybrid ML models in COM. This is because hybrid ML models 

developed in this study leveraged the strengths of the two single models while limiting 

their weaknesses thus producing much more consistent predictions in COM. A study 

by Wankhade et al. (2022) showed an improvement in the predictive accuracy of hybrid 

models. Another study by Sagi and Rokach (2018) showed that hybrid models boosted 

the performance of single models in classification tasks. However, there was limited 

information on the comparative analysis of different hybrid ML models with regards to 

their performance for benchmarking.   

 

H03: There are no statistically significant performance differences in COM between 

the Hybrid ML models based on the choice of dataset choice. 

HA3: There are statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of dataset. 

The study found that there is a statistically significant difference in the performance of 

machine learning models based on the choice of datasets. The performance of any 

particular algorithm varied across the three datasets used, confirming that the size and 

nature of the dataset impacted the performance of algorithms. Similar findings have 

been reported in studies by Khanvilkar and Vora (2019) where a huge dataset negatively 

affected the classification of the Random Forest algorithm due to increase feature 

dimensionality. Huge datasets have high dimensionality compared to small datasets 

hence can influence classification accuracies.  
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H04: There are no statistically significant performance differences in COM between 

the Hybrid ML models based on the choice of feature extraction technique. 

HA4: There are statistically significant performance differences in COM between the 

Hybrid ML models based on the choice of feature extraction technique. 

This study found that there is a statistically significant difference in the performance of 

machine learning models based on the choice of feature extraction techniques. From 

testing different feature extraction models such as Count Vectorizer, TFIDF, CBOW 

and Skip-Gram, it became clear that ML models achieve varying accuracies when 

different feature extraction models are adopted. This is because these models handle 

word contexts differently yet the context of words is important in identifying the 

relationship between entities to establish the correct opinions attributed to each entity. 

This finding agrees with those by Devlin et al. (2019) and Mikolov et al. (2013) who 

also noted that one needs to select specific feature extraction models based on needs 

such as contextualization of words because this has an effect on how the model 

performs. 
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CHAPTER SIX  

CONCLUSIONS 

This chapter presents a final summary of this research, conclusions, recommendations, 

research contributions, and limitations and future works emanating from this study. 

Section 6.1 gives the summary of this study. Section 6.2 presents the conclusions in a 

manner that corresponds to the research objectives in this work. Section 6.3 gives the 

recommendations of this work followed by section 6.4 lists down the contributions of 

this research. Finally, section 6.5 presents the limitations and future work associated 

with this study.  

 

6.1 Summary 

The primary purpose of this study was to develop a hybrid machine-learning model for 

performing comparative opinion mining. The developed hybrid machine learning had 

a higher accuracy than the independent machine learning or deep learning models used 

to create the hybrid model. The hybrid model was then implemented as a software 

prototype as a proof of concept in brand reputation monitoring. The prototype, through 

its web interface (dashboard), provided useful information on the performance of a 

specific target brand based on comparative opinion data that it collected from X and 

YouTube. The three human experts involved in the ground truth experiment reported 

that the prototype was a very important tool in helping them automatically gauge how 

their brands performed based on the brand’s online mentions on specific data sources 

like X. This confirmed the reliability and usefulness of the prototype and therefore the 

hybrid model itself when applied to brand reputation monitoring through comparative 

opinion mining. Through hypothesis testing, it was evident that the hybrid model 

outperformed the single models in performing comparative opinion mining. The 
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difference was statistically significant, confirming that hybrid models were superior to 

single models in performing comparative opinion mining and hence, for application in 

brand reputation monitoring, which leverages the opinion mining outputs (opinion 

classes).  

 

6.2 Conclusions  

The following are the conclusions from this study, organized by the research objectives.  

 

This work concludes that for comparative opinion mining, the accurate detection of the 

following elements that characterize comparative opinions and hence are critical in the 

development of reliable and accurate comparative opinion-mining models: comparative 

sentence detection, entity detection, relation detection, and feature detection. This 

quintuple, in the researcher’s opinion, is very essential in comparative opinion mining 

regardless of the domain where the resulting model would be applied. The study 

identified various techniques that have been used in previous studies to detect each of 

the elements. However, the researcher conclude that the machine learning approach is 

the more efficient and effective way to detect each of these elements because with the 

increasing volume of data, other approaches would be difficult to apply. At the very 

basic level, entity detection is the more critical element because without a good 

technique for detecting entities correctly, the detection of the other three elements 

would not be meaningful. Therefore, more efforts should be aimed at achieving high 

levels of effectiveness and efficiency in entity detection. 

 

This work recommends the creation of hybrid machine-learning models for performing 

comparative opinion mining from a selection of the following models: Multilayer 

Perceptron, Stochastic Gradient Descent, and Random Forest. This is because these 
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three models outperformed the other seven models that were independently 

experimented with on the same datasets and features. The fact that the hybrid models 

created from these three single models outperformed the single models and, indeed, 

every other single model confirms that these three are the most optimal ones for use in 

comparative opinion mining. 

 

While there are different techniques for creating hybrid machine-learning models, a 

popular and effective method is through ensemble learning. This technique has been 

used in numerous studies and demonstrated its power because of the manner in which 

the combined models leverage the strengths of each other, resulting in much more 

accurate models for use in different tasks including classification tasks like in opinion 

mining.   

 

The researcher conclude that hybrid machine-learning models should be validated using 

common methods that are used in testing the single models from which the hybrid 

models are created. This is to make comparative model performance analysis easier. 

For this reason, the researcher conclude that accuracy metric should be used especially 

where the datasets are well balanced. However, in the case of imbalanced datasets, the 

f-measure would suffice. 

 

Hybrid machine-learning models are more accurate in classifying comparative opinions 

as compared to single ML models. As evidenced in the statistical hypothesis test results; 

there is s statistically significant difference in the accuracy between the hybrid models 

and the single models. Thus, where accuracy is of significant value, brands should use 

the hybrid models. However, if the difference in accuracy does not matter to a brand, 

one can use the single models. Results from testing the models using the ground truth 
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after model training gave more confidence in the reliability of the hybrid model since 

the results of the human classifiers versus those of the hybrid models were relatively 

similar, improving confidence in the hybrid models. 

 

Feature extraction techniques have a significant effect on how machine-learning models 

perform comparative opinion mining. This was evidenced in the statistically significant 

difference in the accuracy of the developed models when using different feature 

extraction techniques like count Vectorizer and TFIDF Vectorizer.  

 

The choice of datasets does not have a statistically significant effect on the performance 

of machine learning models in comparative opinion mining. There was consistent 

performance 

 

Web-based dashboards are an effective way of monitoring different products and/or 

services online. With the visualizations such as histograms and line graphs, coupled 

with summary statistics, a brand manager would instantly be able to understand the 

current position of a target brand regarding its online reputation. This has the effect of 

making strategic-decision making easier and faster in a bid to enhance competitive 

advantage by making use of the competitive intelligence the dashboard avails.  
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6.3 Recommendations  

i. The researcher recommends improvements in named entity identification through 

machine learning approaches especially because of language nuances that make 

the use of natural language processing and rule mining approaches unfeasible for 

large datasets. 

 

ii. This study recommends the development of automatic tools for testing single 

machine learning or deep learning models on the same dataset to help 

automatically determine the most optimal models that can be combined into a 

hybrid model for opinion mining. 

 

iii. To help in improving model performance evaluation, this study recommends the 

creation of comprehensive, balanced, and huge comparative opinion datasets. 

This will help in building a strong ground truth for model training and testing.  

 

iv. The researcher recommends the development of library (e.g. for Python) for 

automatically mixing of one machine learning model with another machine 

learning or deep learning model in creating a hybrid model with automatic 

substitution of base model with a final estimator model and vice versa. In this 

case, the base model extracts features while the final model carries out the 

classification task. 

 

v. This study recommends further exploration on performing comparative opinion 

mining involving at least three entities. The current study faced the challenge of 

complexities associated with multiple classes arising from the multiple entities 
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present in each text under analysis hence resolving to use two entities to reduce 

the complexities involved.  

 

vi. Machine learning and deep learning algorithms learn better from huge amounts 

of training data; it would be interesting for future research to show how hybrid 

machine-learning models would perform on huge datasets with tens of thousands 

of reviews. 

 

vii. Dense vectors underperformed in the experiments in this study, probably because 

of the relatively small datasets the researcher used. It would be interesting to find 

out how dense vectors would perform in comparative opinion mining if huge 

datasets were used. 
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6.4 Research Contributions 

i. Developed a Hybrid ML Model and the associated algorithms for use in 

comparative opinion mining. 

 

ii. Developed and applied hybrid ML model on diverse datasets and using different 

feature extraction techniques for performing COM, which will help future 

researchers in opinion mining to advance the exploration on the application of 

complex hybrid ML models to perform comparative opinion mining to achieve, 

possibly, more improved opinion classification results. To the best of the 

researcher’s knowledge, this is the first study to develop a hybrid machine 

learning based approach to performing COM and subsequently applying the 

model to performing brand reputation monitoring.  

 

iii. Brand managers in charge of monitoring the reputation of their brands will 

benefit from this study by leveraging the power of hybrid machine-learning 

models developed and tested in this study, showing improved classification 

accuracy. The higher accuracy of hybrid models translates to higher accuracy 

in measuring a brand’s reputation.  

 

iv. By leveraging the performance evaluation results of both single ML algorithms 

and the developed hybrid ML algorithms tested in this study, developers of 

opinion mining tools can benefit from choosing the best performing single or 

hybrid classification algorithms for use in COM applications like brand 

reputation monitoring. 
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v. A systematic literature review on the state-state-of-the-art in ML algorithms / 

techniques, datasets, features, and algorithm evaluation metrics suitable in 

opinion mining was published during this research. This contributes to the 

advancement of knowledge in NLP (a field within computer science) as applied 

to COM. 

 

vi. The study led to the development of a hybrid opinion-mining model that can 

perform direct opinion mining, comparative opinion mining, or both. This was 

important because, currently, direct opinion mining is the predominant 

approach to brand reputation management. The inclusion of comparative 

opinion mining will help take care of comparative opinions that make up 10% 

of user-generated content, producing more precise opinion results for brands to 

improve their competitive intelligence from monitoring their reputation with 

respect to their competitor brands. 
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6.5 Limitations and Future Work 

i. Limited datasets containing comparative text: there was a challenge in accessing 

datasets containing comparative opinions. Comparative opinion datasets are not 

readily available. Some comparative datasets have imbalanced classes hence 

prone to model overfitting. Further works in creating and using bigger 

comparative opinion datasets for comparative opinion mining may help address 

this limitation.   

 

ii. Computational resource complexities: the use of deep learning models in some 

of the hybrid machine learning models, while powerful, faced the challenge of 

complex computational resource requirements. Training neural network-based 

models like the multilayer perceptron takes a lot of time and computing 

resources including high performance CPUs and GPUs. These resources are 

costly. The duration taken to train the models is longer. Future studies in this 

area may help reveal optimal computational resource requirements for deep 

learning models in comparative opinion mining. 

 

iii. Multi-class complexities: handling more than two entities in comparative 

opinion mining introduces complexities in developing, training, and testing a 

hybrid machine-learning model. For this reason, this study worked with two 

entities only. Future research may focus on handling more than three 

comparable entities in opinion reviews. 
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APPENDICES 

Appendix I - Work Plan 

     Duration 
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Research Concept 

Development 

         

Proposal Writing            

Proposal Defense          

Data Collection          

Model Design          

Model 

Development   

         

Model Validation          

Analysis of 

Results  

         

Thesis Writing          

Research 

Publications 

         

Thesis Defense          
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Appendix II – Budget 

S.N Item Description Cost Per Unit Quantity Total Cost 

(KES) 

1 Research Stationeries N/A N/A 15,000 

2 Data Collection 25,000 Twice 50,000 

3 Experimentation 75,000 Once 75,000 

4 Validation 75,000 Once 75,000 

5 Conference Fees 25,000 4 times 100,000 

6 Journal Registration 10,000 4 times 40,000 

7 Workshops / Seminars 20,000 3 60,000 

8 Internet Bundles 50,000 - 50,000 

9 Tool development & integration costs 250,000 1 150,000 

 Total   615,000 
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Appendix III – Primary Data 
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Appendix IV – Data for Hypothesis Testing 

Data for Experiment H1 – Single ML Models 

Hybrid ML Model Dataset Accuracy 

LR D1 86 

SGD D1 86.6 

MNB D1 80.4 

KNN D1 47.1 

SVM D1 76.6 

DT D1 83.9 

RF D1 85.3 

MLP D1 86.2 

LR D2 92 

SGD D2 91.8 

MNB D2 88.8 

KNN D2 53.7 

SVM D2 86.3 

DT D2 91.8 

RF D2 92.3 

MLP D2 92.6 

LR D3 78.2 

SGD D3 78.6 

MNB D3 73.5 

KNN D3 55.9 

SVM D3 74.1 

DT D3 76 

RF D3 76.7 

MLP D3 77.9 
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Data for Hypothesis 2 – Hybrid ML Models 

Hybrid ML Model Dataset Accuracy 

MLP + DT D1 86 

MLP + DT D2 92 

MLP + DT D3 98.4 

MLP + RF D1 86.6 

MLP + RF D2 92.6 

MLP + RF D3 99.7 

MLP + SGD D1 86.9 

MLP + SGD D2 92.3 

MLP + SGD D3 91.8 

MLP + SVM D1 85.6 

MLP + SVM D2 91.9 

MLP + SVM D3 99.7 

SGD + DT D1 63.1 

SGD + DT D2 92 

SGD + DT D3 99.7 

SGD + MLP D1 84.6 

SGD + MLP D2 91 

SGD + MLP D3 95.7 

SGD + RF D1 85.6 

SGD + RF D2 91.3 

SGD + RF D3 100 

SGD + SVM D1 85.7 

SGD + SVM D2 92.1 

SGD + SVM D3 100 
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Data for Hypothesis 5 – Feature Extraction Techniques vs Accuracy 

Hybrid ML Model Feature Extraction Technique Accuracy 

MLP + RF CV1 92.0 

MLP + RF CV2 92.8 

MLP + RF CV3 92.9 

SGD + RF CV1 91.3 

SGD + RF CV2 90.8 

SGD + RF CV3 92.3 

MLP + RF TF1 91.1 

MLP + RF TF2 92.6 

MLP + RF TF3 92.7 

SGD + RF TF1 91.3 

SGD + RF TF2 90.8 

SGD + RF TF3 92.3 

MLP + RF CB1 43.4 

MLP + RF CB5 43.0 

SGD + RF CB1 42.3 

SGD + RF CB5 42.0 

Annotations: 

CV - Count Vectorizer; TF - TFIDF; CB = CBOW 

The No. after the annotation is the n-gram range or window-size 
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All the Data for Hypothesis Testing 

ML Model Dataset Feature Extraction Technique (FET) Accuracy (%) 

LR D1 CV3 86 

SGD D1 CV3 85 

DT D1 CV3 84 

RF D1 CV3 85 

SVM D1 CV3 77 

KNN D1 CV3 47 

GNB D1 CV3 80 

MLP D1 CV3 86 

LR D1 TFIDF3 66 

SGD D1 TFIDF3 86 

DT D1 TFIDF3 85 

RF D1 TFIDF3 86 

SVM D1 TFIDF3 81 

KNN D1 TFIDF3 54 

GNB D1 TFIDF3 80 

MLP D1 TFIDF3 86 

LR D1 CBOW5 42 

SGD D1 CBOW5 14 

DT D1 CBOW5 42 

RF D1 CBOW5 42 

SVM D1 CBOW5 39 

KNN D1 CBOW5 42 

GNB D1 CBOW5 4.1 

MLP D1 CBOW5 42 

LR D1 SkipGram 42 

SGD D1 SkipGram 26 

DT D1 SkipGram 42 

RF D1 SkipGram 42 
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SVM D1 SkipGram 39 

KNN D1 SkipGram 42 

GNB D1 SkipGram 5 

MLP D1 SkipGram 42 

MLP + DT D1 CV3 86 

MLP + RF D1 CV3 87 

MLP + SGD D1 CV3 87 

MLP + SVM D1 CV3 86 

SGD + DT D1 CV3 63 

SGD + MLP D1 CV3 85 

SGD + RF D1 CV3 86 

SGD + SVM D1 CV3 86 

MLP + DT D1 TFIDF3 87 

MLP + RF D1 TFIDF3 86 

MLP + SGD D1 TFIDF3 86 

MLP + SVM D1 TFIDF3 85 

SGD + DT D1 TFIDF3 85 

SGD + MLP D1 TFIDF3 87 

SGD + RF D1 TFIDF3 86 

SGD + SVM D1 TFIDF3 65 

LR D2 CV3 92 

SGD D2 CV3 92 

DT D2 CV3 92 

RF D2 CV3 92 

SVM D2 CV3 86 

KNN D2 CV3 53 

GNB D2 CV3 90 

MLP D2 CV3 92 

LR D2 TFIDF3 75 

SGD D2 TFIDF3 93 
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DT D2 TFIDF3 92 

RF D2 TFIDF3 93 

SVM D2 TFIDF3 91 

KNN D2 TFIDF3 53 

GNB D2 TFIDF3 89 

MLP D2 TFIDF3 92 

LR D2 CBOW5 39 

SGD D2 CBOW5 40 

DT D2 CBOW5 40 

RF D2 CBOW5 40 

SVM D2 CBOW5 30 

KNN D2 CBOW5 40 

GNB D2 CBOW5 24 

MLP D2 CBOW5 40 

LR D2 SkipGram 42 

SGD D2 SkipGram 26 

DT D2 SkipGram 42 

RF D2 SkipGram 42 

SVM D2 SkipGram 39 

KNN D2 SkipGram 42 

GNB D2 SkipGram 5 

MLP D2 SkipGram 42 

MLP + DT D2 CV3 92 

MLP + RF D2 CV3 93 

MLP + SGD D2 CV3 92 

MLP + SVM D2 CV3 92 

SGD + DT D2 CV3 92 

SGD + MLP D2 CV3 91 

SGD + RF D2 CV3 91 

SGD + SVM D2 CV3 92 
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MLP + DT D2 TFIDF3 92 

MLP + RF D2 TFIDF3 92 

MLP + SGD D2 TFIDF3 92 

MLP + SVM D2 TFIDF3 92 

SGD + DT D2 TFIDF3 92 

SGD + MLP D2 TFIDF3 92 

SGD + RF D2 TFIDF3 94 

SGD + SVM D2 TFIDF3 93 

LR D3 CV3 100 

SGD D3 CV3 100 

DT D3 CV3 99 

RF D3 CV3 100 

SVM D3 CV3 100 

KNN D3 CV3 100 

GNB D3 CV3 100 

MLP D3 CV3 100 

LR D3 TFIDF3 100 

SGD D3 TFIDF3 100 

DT D3 TFIDF3 99 

RF D3 TFIDF3 100 

SVM D3 TFIDF3 100 

KNN D3 TFIDF3 100 

GNB D3 TFIDF3 100 

MLP D3 TFIDF3 100 

LR D3 CBOW5 46 

SGD D3 CBOW5 37 

DT D3 CBOW5 46 

RF D3 CBOW5 46 

SVM D3 CBOW5 33 

KNN D3 CBOW5 46 
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GNB D3 CBOW5 2.3 

MLP D3 CBOW5 46 

LR D3 SkipGram 49 

SGD D3 SkipGram 44 

DT D3 SkipGram 49 

RF D3 SkipGram 49 

SVM D3 SkipGram 35 

KNN D3 SkipGram 49 

GNB D3 SkipGram 39 

MLP D3 SkipGram 49 

MLP + DT D3 CV3 98 

MLP + RF D3 CV3 100 

MLP + SGD D3 CV3 92 

MLP + SVM D3 CV3 100 

SGD + DT D3 CV3 100 

SGD + MLP D3 CV3 96 

SGD + RF D3 CV3 100 

SGD + SVM D3 CV3 100 

MLP + DT D3 TFIDF3 99 

MLP + RF D3 TFIDF3 100 

MLP + SGD D3 TFIDF3 100 

MLP + SVM D3 TFIDF3 100 

SGD + DT D3 TFIDF3 100 

SGD + MLP D3 TFIDF3 100 

SGD + RF D3 TFIDF3 100 

SGD + SVM D3 TFIDF3 100 
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Appendix V – Posthoc Analysis Results 

Posthoc Analysis for Hypothesis: One-Way ANOVA for ML Models vs Accuracy 

Post Hoc Comparisons - ML Model 

Comparison  

ML Model   ML Model Mean Difference SE df t ptukey 

LR  -  SGD  -6.167  5.99  80.0  -1.0302  1.000  

   -  DT  -5.333  5.99  80.0  -0.8910  1.000  

   -  RF  -6.167  5.99  80.0  -1.0302  1.000  

   -  SVM  -2.667  5.99  80.0  -0.4455  1.000  

   -  KNN  18.667  5.99  80.0  3.1184  0.147  

   -  GNB  -3.333  5.99  80.0  -0.5569  1.000  

   -  MLP  -6.167  5.99  80.0  -1.0302  1.000  

   -  MLP + DT  -5.833  5.99  80.0  -0.9745  1.000  

   -  MLP + RF  -6.500  5.99  80.0  -1.0859  0.999  

   -  MLP + SGD  -5.000  5.99  80.0  -0.8353  1.000  

   -  MLP + SVM  -6.000  5.99  80.0  -1.0024  1.000  

   -  SGD + DT  -2.167  5.99  80.0  -0.3620  1.000  

   -  SGD + MLP  -5.333  5.99  80.0  -0.8910  1.000  

   -  SGD + RF  -6.333  5.99  80.0  -1.0580  0.999  

   -  SGD + SVM  -2.833  5.99  80.0  -0.4733  1.000  

SGD  -  DT  0.833  5.99  80.0  0.1392  1.000  

   -  RF  4.44e-16  5.99  80.0  7.42e-17  1.000  

   -  SVM  3.500  5.99  80.0  0.5847  1.000  

   -  KNN  24.833  5.99  80.0  4.1486  0.008  

   -  GNB  2.833  5.99  80.0  0.4733  1.000  
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Post Hoc Comparisons - ML Model 

Comparison  

ML Model   ML Model Mean Difference SE df t ptukey 

   -  MLP  5.33e-15  5.99  80.0  8.90e-16  1.000  

   -  MLP + DT  0.333  5.99  80.0  0.0557  1.000  

   -  MLP + RF  -0.333  5.99  80.0  -0.0557  1.000  

   -  MLP + SGD  1.167  5.99  80.0  0.1949  1.000  

   -  MLP + SVM  0.167  5.99  80.0  0.0278  1.000  

   -  SGD + DT  4.000  5.99  80.0  0.6682  1.000  

   -  SGD + MLP  0.833  5.99  80.0  0.1392  1.000  

   -  SGD + RF  -0.167  5.99  80.0  -0.0278  1.000  

   -  SGD + SVM  3.333  5.99  80.0  0.5569  1.000  

DT  -  RF  -0.833  5.99  80.0  -0.1392  1.000  

   -  SVM  2.667  5.99  80.0  0.4455  1.000  

   -  KNN  24.000  5.99  80.0  4.0094  0.012  

   -  GNB  2.000  5.99  80.0  0.3341  1.000  

   -  MLP  -0.833  5.99  80.0  -0.1392  1.000  

   -  MLP + DT  -0.500  5.99  80.0  -0.0835  1.000  

   -  MLP + RF  -1.167  5.99  80.0  -0.1949  1.000  

   -  MLP + SGD  0.333  5.99  80.0  0.0557  1.000  

   -  MLP + SVM  -0.667  5.99  80.0  -0.1114  1.000  

   -  SGD + DT  3.167  5.99  80.0  0.5290  1.000  

   -  SGD + MLP  -4.88e−15  5.99  80.0  -8.16e−16  1.000  

   -  SGD + RF  -1.000  5.99  80.0  -0.1671  1.000  

   -  SGD + SVM  2.500  5.99  80.0  0.4176  1.000  

RF  -  SVM  3.500  5.99  80.0  0.5847  1.000  
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Post Hoc Comparisons - ML Model 

Comparison  

ML Model   ML Model Mean Difference SE df t ptukey 

   -  KNN  24.833  5.99  80.0  4.1486  0.008  

   -  GNB  2.833  5.99  80.0  0.4733  1.000  

   -  MLP  4.88e-15  5.99  80.0  8.16e-16  1.000  

   -  MLP + DT  0.333  5.99  80.0  0.0557  1.000  

   -  MLP + RF  -0.333  5.99  80.0  -0.0557  1.000  

   -  MLP + SGD  1.167  5.99  80.0  0.1949  1.000  

   -  MLP + SVM  0.167  5.99  80.0  0.0278  1.000  

   -  SGD + DT  4.000  5.99  80.0  0.6682  1.000  

   -  SGD + MLP  0.833  5.99  80.0  0.1392  1.000  

   -  SGD + RF  -0.167  5.99  80.0  -0.0278  1.000  

   -  SGD + SVM  3.333  5.99  80.0  0.5569  1.000  

SVM  -  KNN  21.333  5.99  80.0  3.5639  0.046  

   -  GNB  -0.667  5.99  80.0  -0.1114  1.000  

   -  MLP  -3.500  5.99  80.0  -0.5847  1.000  

   -  MLP + DT  -3.167  5.99  80.0  -0.5290  1.000  

   -  MLP + RF  -3.833  5.99  80.0  -0.6404  1.000  

   -  MLP + SGD  -2.333  5.99  80.0  -0.3898  1.000  

   -  MLP + SVM  -3.333  5.99  80.0  -0.5569  1.000  

   -  SGD + DT  0.500  5.99  80.0  0.0835  1.000  

   -  SGD + MLP  -2.667  5.99  80.0  -0.4455  1.000  

   -  SGD + RF  -3.667  5.99  80.0  -0.6125  1.000  

   -  SGD + SVM  -0.167  5.99  80.0  -0.0278  1.000  

KNN  -  GNB  -22.000  5.99  80.0  -3.6753  0.034  
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Post Hoc Comparisons - ML Model 

Comparison  

ML Model   ML Model Mean Difference SE df t ptukey 

   -  MLP  -24.833  5.99  80.0  -4.1486  0.008  

   -  MLP + DT  -24.500  5.99  80.0  -4.0929  0.009  

   -  MLP + RF  -25.167  5.99  80.0  -4.2043  0.006  

   -  MLP + SGD  -23.667  5.99  80.0  -3.9537  0.014  

   -  MLP + SVM  -24.667  5.99  80.0  -4.1208  0.008  

   -  SGD + DT  -20.833  5.99  80.0  -3.4804  0.059  

   -  SGD + MLP  -24.000  5.99  80.0  -4.0094  0.012  

   -  SGD + RF  -25.000  5.99  80.0  -4.1765  0.007  

   -  SGD + SVM  -21.500  5.99  80.0  -3.5918  0.043  

GNB  -  MLP  -2.833  5.99  80.0  -0.4733  1.000  

   -  MLP + DT  -2.500  5.99  80.0  -0.4176  1.000  

   -  MLP + RF  -3.167  5.99  80.0  -0.5290  1.000  

   -  MLP + SGD  -1.667  5.99  80.0  -0.2784  1.000  

   -  MLP + SVM  -2.667  5.99  80.0  -0.4455  1.000  

   -  SGD + DT  1.167  5.99  80.0  0.1949  1.000  

   -  SGD + MLP  -2.000  5.99  80.0  -0.3341  1.000  

   -  SGD + RF  -3.000  5.99  80.0  -0.5012  1.000  

   -  SGD + SVM  0.500  5.99  80.0  0.0835  1.000  

MLP  -  MLP + DT  0.333  5.99  80.0  0.0557  1.000  

   -  MLP + RF  -0.333  5.99  80.0  -0.0557  1.000  

   -  MLP + SGD  1.167  5.99  80.0  0.1949  1.000  

   -  MLP + SVM  0.167  5.99  80.0  0.0278  1.000  

   -  SGD + DT  4.000  5.99  80.0  0.6682  1.000  
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Post Hoc Comparisons - ML Model 

Comparison  

ML Model   ML Model Mean Difference SE df t ptukey 

   -  SGD + MLP  0.833  5.99  80.0  0.1392  1.000  

   -  SGD + RF  -0.167  5.99  80.0  -0.0278  1.000  

   -  SGD + SVM  3.333  5.99  80.0  0.5569  1.000  

MLP + DT  -  MLP + RF  -0.667  5.99  80.0  -0.1114  1.000  

   -  MLP + SGD  0.833  5.99  80.0  0.1392  1.000  

   -  MLP + SVM  -0.167  5.99  80.0  -0.0278  1.000  

   -  SGD + DT  3.667  5.99  80.0  0.6125  1.000  

   -  SGD + MLP  0.500  5.99  80.0  0.0835  1.000  

   -  SGD + RF  -0.500  5.99  80.0  -0.0835  1.000  

   -  SGD + SVM  3.000  5.99  80.0  0.5012  1.000  

MLP + RF  -  MLP + SGD  1.500  5.99  80.0  0.2506  1.000  

   -  MLP + SVM  0.500  5.99  80.0  0.0835  1.000  

   -  SGD + DT  4.333  5.99  80.0  0.7239  1.000  

   -  SGD + MLP  1.167  5.99  80.0  0.1949  1.000  

   -  SGD + RF  0.167  5.99  80.0  0.0278  1.000  

   -  SGD + SVM  3.667  5.99  80.0  0.6125  1.000  

MLP + SGD  -  MLP + SVM  -1.000  5.99  80.0  -0.1671  1.000  

   -  SGD + DT  2.833  5.99  80.0  0.4733  1.000  

   -  SGD + MLP  -0.333  5.99  80.0  -0.0557  1.000  

   -  SGD + RF  -1.333  5.99  80.0  -0.2227  1.000  

   -  SGD + SVM  2.167  5.99  80.0  0.3620  1.000  

MLP + SVM  -  SGD + DT  3.833  5.99  80.0  0.6404  1.000  

   -  SGD + MLP  0.667  5.99  80.0  0.1114  1.000  
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Post Hoc Comparisons - ML Model 

Comparison  

ML Model   ML Model Mean Difference SE df t ptukey 

   -  SGD + RF  -0.333  5.99  80.0  -0.0557  1.000  

   -  SGD + SVM  3.167  5.99  80.0  0.5290  1.000  

SGD + DT  -  SGD + MLP  -3.167  5.99  80.0  -0.5290  1.000  

   -  SGD + RF  -4.167  5.99  80.0  -0.6961  1.000  

   -  SGD + SVM  -0.667  5.99  80.0  -0.1114  1.000  

SGD + MLP  -  SGD + RF  -1.000  5.99  80.0  -0.1671  1.000  

   -  SGD + SVM  2.500  5.99  80.0  0.4176  1.000  

SGD + RF  -  SGD + SVM  3.500  5.99  80.0  0.5847  1.000  

Note. Comparisons are based on estimated marginal means 

 

Posthoc Analysis for Hypothesis: One-Way ANOVA for Dataset vs Accuracy 

Post Hoc Comparisons - Dataset 

Comparison  

Dataset  Dataset 
Mean 

Difference 
SE df t ptukey 

D1  -  D2  -8.99  1.65  44.0  
-

5.43 
 < .001  

  -  D3  -15.93  1.65  44.0  
-

9.63 
 < .001  

D2  -  D3  -6.94  1.63  44.0  
-

4.26 
 < .001  

Note. Comparisons are based on estimated marginal means 
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Posthoc Analysis for Hypothesis: One-Way ANOVA for Feature Extraction 

Techniques (FET) vs Accuracy 

Post Hoc Comparisons - FET 

Comparison  

FET   FET 

Mean 

Difference 

SE df t ptukey 

CV3  -  TFIDF3  -0.0833  2.36  140  -0.0353  1.000  

   -  CBOW5  53.6729  2.89  140  18.5873  < .001  

   -  SkipGram  51.3896  2.89  140  17.7966  < .001  

TFIDF3  -  CBOW5  53.7563  2.89  140  18.6162  < .001  

   -  SkipGram  51.4729  2.89  140  17.8254  < .001  

CBOW5  -  SkipGram  -2.2833  3.33  140  -0.6848  0.903  

Note. Comparisons are based on estimated marginal means 
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Appendix VI – Sample Codes and Outputs 
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