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1. Abstract 

When users leave comments on companies’ Facebook profiles, these are expressions of customer engagement 

behaviours. Customer engagement behaviours are non-transactional behaviours that revolve around a focal 

company. These are important as they represent ways in which the customer may influence the company. Being 

able to distinguish between different customer engagement behaviours, is important for monitoring and 

accessing the information that these behaviours contain. However little research has been done determining the 

different customer engagement behaviours found on social networking sites such as Facebook. We therefor 

propose 8 different categories of customer engagement behaviours that can be found in comments left on 

companies’ Facebook profiles. These are based on previous academic research and inspections of the comments 

from different companies’ profiles.  These proposed categories are investigated using the Facebook data from 10 

different companies. This is done using five different machine learning algorithms to classify the comments 

according to their customer engagement behaviour, sentiment and intensity. Based on these results we look at 

how customer engagement behaviours vary across different companies and industries. 
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3. Introduction 

3.1. Topic, Importance, Relevance and Motivations 

Facebook is the social networking site with the most active users of around 2.5 billion as of January 2020 

(Statista, 2020). It has become a platform where users connect and interact socially and most brands and 

companies are present on Facebook today. These public company profiles are an integral part of their online 

presence, not only containing information, but also becoming an important marketing tool where companies can 

post promotional activities and reach a very wide audience of both users and non-users (de Valck, van Bruggen 

and Wierenga, 2009; Hansson, Wrangmo and Søilen, 2013; Tiago and Veríssimo, 2014).  Through Facebook 

companies have access to current and potential consumers and Facebooks own survey data estimated that 2 out 

of 3 users visited a profile page “of a local business at least once a week” (Facebook, 2018). The Facebook 

profile has also become a platform where customers can interact and engage with the company and other users 

through “likes”, “shares” and leaving comments. Particularly the comments can take many different forms from 

acclamations of love for the company to being negative and defamatory or completely irrelevant – subsequently 

creating massive amounts of content that the company has very little control over. This means that on these 

platforms consumers are no longer just passive receivers of the company’s marketing efforts, they also generate 

a lot of the content and have become “active partners, serving as consumers as well as producers” (Hennig-

Thurau et al., 2010, p.324). These actions are examples of customer engagement behaviours, which alongside 

customer engagement are concepts that haves garnered increasing attention in the marketing field (Bolton, 

2011). It is an important concept as it represents company-centric customer behaviours that can influence the 

company. Online platforms such Facebook has subsequently not only created an easy way for customers to 

express themselves but also a vast data-source of customer engagement behaviours. There are many different 

types of customer engagement behaviours and the influence of these behaviours differs dependent on the type of 

behaviour. Therefore being able to differentiate between these is an important way to not only gain insight into 

the behaviours but it is also a way to access the content and its potential value to the company. However only a 

few studies have investigated customer engagement behaviours on social networking sites, therefore the purpose 

of this paper is to investigate what different kinds of customer engagement behaviours that are expressed in 

Facebook comments. In addition to this we will explore how these different types of customer engagement 

behaviours are expressed in the comments on several different companies’ Facebook profiles. 
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3.2. Problem Formulation and Research Question 

In this paper we focus our work around the concept of customer engagement behaviours in Facebook comments. 

The primary research question we have based our work on is: 

How do Facebook users express customer engagement behaviours in the comments left on company 

Facebook profiles? 

In order to answer this question we will approach it by investigating the following sub-questions:  

1) What are the different types of customer engagement behaviours and how are these expressed in the 

Facebook comments? 

2) How can supervised machine-learning algorithms be used to access and gain insights into the customer 

engagement behaviours found in the comments? 

3) How do customer engagement behaviours vary across different companies and industries? 

The paper is organized as follows; first we use the theoretical framework to form the foundation for the proposed 

different categories of customer engagement behaviours found in the comments. Secondly we will use 5 

different supervised machine learning algorithms to classify the comments on 10 different company Facebook 

profiles according to the proposed categories. Finally these results are analysed in order to investigate how 

customers express their customer engagement behaviours in the comments.  

3.3. Delimitations 

Though we have access to several other actions from the users such as shares, likes and comment-replies we 

have chosen to limit the study to only include the comments, even if these other actions are also important 

interactions that the users have with the company. The comments contain information and content that can be 

used to gain insights and a greater understanding of how the customers engage with the company.  

3.4. Case Companies 

The datasets we are using are collected from the Facebook pages of 10 different companies. These were chosen 

from pre-fetched datasets that were made available through “Center for Business Data Analytics” at Copenhagen 
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Business School. The companies are Apple
1
, Samsung Mobile, British Airways, Ryanair, Burger King, 

McDonalds, HSBC UK, Lloyds Bank, Volkswagen and Tesla. Common for these companies are that their 

Facebook profile is operated in English and they all have an international presence. We also see that these 

companies in general have a lot of followers, they are very active on their profiles and there is a lot of user 

engagement.  

The datasets are selected to make sure that they include companies from different types of industries. They are 

distributed so that we have two companies from each of five different industries; fast-food restaurants, airlines, 

auto manufacturers, consumer electronics and banking. 

Company  Industry Facebook Followers
2
 

Apple Consumer Electronics 496,102 

Samsung Mobile Consumer Electronics  159,834,845 

Burger King Fast-food Restaurants 8,253,731 

McDonald’s Fast-food Restaurants 80,625,116 

Ryanair Airlines 5,045,534  

British Airways Airlines 3,229,449 

Tesla Auto Manufacturers 2,660,469 as of 2018  

(Tesla has since deleted their Facebook profile) 

Volkswagen Auto Manufacturers  33,957,041 

Lloyds Bank Banks – Regional – Europe 184,881 

HSBC UK Banks – Global 2,798,435 

Table 1: Companies used in the Analysis 

Having data from different industries provides us with the opportunity to investigate whether there are any 

industry-specific patterns or differences. Whether this is companies that caters to the same customer segment 

such as McDonald’s and Burger King or companies that cater to two very different price-points such as Ryanair 

and British Airways.  

                                                 
1
 Upon further inspection it was discovered that the Apple dataset was collected from a fan page. However we decided to 

still include the dataset in the analysis because it is difficult to immediately discern that it is not an official page. The 

activity on the page mimics the behaviour of an official company page where the users actively engage as if it was the 

official company page. The official page has 12,752,487 followers.  
2
 As of May 2020 
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3.5. Term Definitions and Keywords 

Throughout the thesis several words will be used to reference the following terms, these are 

User: User is used to reference the Facebook user who comments, likes and shares the content. 

Profile: When using the word profile we are referencing the company Facebook profile where the comment was 

posted.  

Action: When users likes, shares or leave a comment or comment reply on the post.  

eWOM: electronic Word-of-Mouth 

Customer: When using the word customer we refer to current or potential customers.  

CEB: Customer engagement behaviour  
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4. Theoretical Framework 

We want to examine customer engagement (CE) and what different kinds of customer engagement behaviours 

(CEBs) there are. This is done by investigating previous academic work on these topics, which will be used as 

the foundation for the proposed CEB categories we use in our analysis. First we will look into the concept of 

customer engagement behaviours and the importance of customer engagement, and secondly we will look into 

what different types of customer engagement behaviours that are found in academic literature.  

4.1. Customer Engagement Behaviours  

When users “like”, “share” and “comment” on the company Facebook posts, these actions are expressions of 

customer engagement behaviours (Bitter and Grabner-Kräuter, 2016). Customer engagement is a concept that 

has garnered increasing interest in the marketing field (Brodie et al., 2011; Haurum, 2018) and many companies 

actively pursue strategies to increase customer engagement on online platforms (Fournier and Avery, 2011).  

Customer engagement was by Brodie et al., (2011, p. 260) in part defined as a “psychological state that occurs 

by virtue of interactive, co-creative customer experiences with a focal agent/object (e.g., a brand)”. With 

customer engagement happening in relational contexts as well as being iterative and a co-creator of value. 

Though customer engagement lacks a uniform definition across academic literature (Kumar et al., 2010; Brodie 

et al., 2011, 2013; Hollebeek, Glynn and Brodie, 2014) there is consensus that customer engagement happens in 

interactions with or from experiences surrounding the focal company, and that it represents ways in which 

customers interact with a brand, product or company. Customer engagement is often considered to consist of 

three dimensions; a cognitive, an emotional and a behavioural dimension (Brodie et al., 2013). We specifically 

look into the behavioural dimension; customer engagement behaviours (CEBs).  These are the specific actual 

expressions of customer engagement and Van Doorn et al. (2010, p.254) defined CEBs as the “customer’s 

behavioral manifestations that have a brand or firm focus, beyond purchase, resulting from motivational 

drivers”. Based on this definition a CEB is a non-transactional behaviour that revolves around a focal brand, 

company or their product. Such behaviours can happen in interactions with the company, but also when 

customers interacts with each other about the company (Gummerus et al., 2012). CEBs can also be aimed at a 

broader audience such as the company’s suppliers, politicians, employees and the general public (Doorn et al., 

2010, p. 254). Examples of CEBs can be when customers recommend a product to others, actively boycott a 

company, advise others on where to find a product or give praise to an employee.  
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CEBs also take place online where examples of these include blogging about a company experience, leaving 

recommendations on review sites, participating in online brand communities, posting videos and pictures of 

products and many more (van Doorn et al., 2010; Verhoef, Reinartz and Krafft, 2010). This also means that 

when customers leave comments, or in other ways express themselves through “likes”, “shares” and “comments” 

on a company Facebook page, they participate in CEBs (Beckers, van Doorn and Verhoef, 2018; Carlson et al., 

2018). When looking at the vast amount of comments these range from customers expressing their opinion of the 

company, sharing their experience, connecting to other users and many more. However, common to all of them, 

they are non-purchasing behaviours that happens with a company-focus by it happening on the company 

Facebook profile. Online social networking sites such as Facebook have thereby facilitated an easy platform for 

customers to express their CEBs. In doing so they also create a large data source of expressions of CEBs that can 

be accessed by the company.  

Being able to access these CEBs, may prove valuable as customer engagement represents ways in which the 

customer can influence the company (Jaakkola and Alexander, 2014). It is therefore important for companies to 

monitor and learn from CEBs (van Doorn et al., 2010; Verhoef and Lemon, 2013). CEBs can take part on co-

creation with the company by containing information that can be a source of valuable customer-feedback about 

the company, its products and services, business operations and branding (van Doorn et al., 2010, p. 254; 

Verhoef, Reinartz and Krafft, 2010). Such CEBs are often aimed at correcting mistakes or on making 

improvements and new developments (Haurum, 2018).  

Additionally when customers share new ways of using the products or their product preferences, companies can 

use this to improve or support the customer’s consumption of their product, improving its value to the customer 

(Jaakkola and Alexander, 2014) and benefitting the customer’s experience (Kumar and Pansari, 2016).  

CEBs can also impact other customers by influencing their opinions and their purchasing decisions (de Valck, 

van Bruggen and Wierenga, 2009). CEBs online in the form of electronic word-of-mouth (eWOM) 

communications reaching other customers can be particularly influential when it comes to other customers’ 

outlook on the company and their purchasing decisions (King, Racherla and Bush, 2014; Erkan and Evans, 

2016). Additionally these CEBs, where the customers express positive experiences or share the company’s 

promotional activities, can increase exposure and help to promote the company and create recognition saving 

them the cost of doing it themselves (Beckers, van Doorn and Verhoef, 2018). 

CEBs can also influence the customers own relationship with the company beyond the immediate expression of 

the behaviour. Brodie et al.(2013, p. 111) investigated CEBs on the online platform of the training company 

Vibra-Train Ltd’s and found that it lead to several relational outcomes of customer engagement including 
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“consumer loyalty and satisfaction”, “consumer empowerment”, “connection”, “emotional bonding”, “trust” and 

“commitment towards others in the community”.  

The value created by customer engagement was investigated by Kumar et al. (2010) who proposed that customer 

engagement value consisted of four components; a customer lifetime value through repeat and additional 

purchases, a customer referral value through referral of new customers, a customer influencer value by 

customers exerting influence and a customer knowledge value through customers providing knowledge. 

Referral- and influence value is increased on social networking sites, where customers are connected to a very 

large network of users, and their CEBs are visible to both users and non-users. Building on these value 

components Kumar and Pansari (2016) investigated the connection between company performance and customer 

engagement. They found that companies with low customer- and employee engagement scores, who 

implemented strategies to increase engagement, subsequently experienced an increased performance through 

increased revenue and net income. Increasing customer engagement can therefore be an important element in 

adding value and increasing company performance.  

Though CEBs may prove valuable to companies, they do however also pose a risk. Beckers, van Doorn and 

Verhoef (2018)  found that announcements of firm-initiated customer engagement, by asking for replies on a 

post, decreased the market value of the company. Shareholders feared that these initiatives would go wrong and 

backfire against the company. As CEBs are largely out of the control of the company, customers are the ones 

holding much of the power over the reception of these initiatives. Especially CEBs expressed online can reach 

far and wide, amplifying both the positive and negative impact. Beyond customers sharing negative experiences 

and opinions, companies also face the risk of customers actively working against the company by hijacking the 

message they are trying to share, exposing company weaknesses, ridiculing them or spreading misinformation 

(Fournier and Avery, 2011).  

Companies are increasingly aware of the importance of customer engagement, and they actively try to monitor 

and develop strategies for encouraging and managing customer engagement (Roberts and Alpert, 2010; 

Gummerus et al., 2012; Verhoef and Lemon, 2013; Beckers, van Doorn and Verhoef, 2018). However CEBs are 

expressed in many different ways which are often dependent on where they are expressed. This means that some 

CEBs will differ depending on whether they are expressed in real life scenarios or online. The benefits of CEBs 

expressed online are that they often directly create a vast data source that can be accessed. Therefor being able to 

differentiate between different types of CEBs can be useful when trying to access the information it holds. 

Especially the comments on social networking sites such as Facebook can hold a lot of information, which can 

help to provide insights that are useful to the company. Being able to classify the comments using the concept of 
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CEBs will help to access this information and harness the potential value it has to the company. Therefor we 

need to establish the academic foundation in CEB literature on which we propose the different types of CEBs we 

find in the Facebook comments. 

4.2. Types of Customer Engagement Behaviours in Literature  

Throughout academic literature several researchers have investigated and proposed different kinds of CEBs. 

However there lacks a general definition of what specifically constitutes different CEBs as these are often 

dependent on the context during which they are expressed (Brodie et al., 2013). Throughout the literature we do 

however see how several authors have certain types of CEBs in common. We therefor assess this literature in 

order to find common and important types CEBs on which we can base our proposed CEB categories. An 

overview of CEBs in the literature we use can be found in table 2.  

Authors Research Customer Engagement Behaviours  

Jaakkola and 

Alexander (2014) 

Investigated CEBs in the case of public transportation with 

the Scottish railway company First ScotRail and their 

“Adopt a Station” volunteer campaign. CEB types were 

found based on 4 common themes in 42 interviews with 

volunteers, company representatives and other 

stakeholders 

Augmenting behaviours 

Co-developing behaviours  

Influencing behaviours  

Mobilizing behaviours 

Verleye, Gemmel 

and Rangarajan 

(2014) 

Investigated CEBs in the case of the Belgian nursing home 

sector, specifically the CEBs of the family members. They 

proposed 5 different CEBs that were explored using 

questionnaires given to 160 customers 

Cooperation 

Feedback 

Compliance 

Helping other customers 

Positive word-of-mouth 

Kumar et al. (2010) Propose that there are four parts to customer engagement 

value, related to four different customer engagement 

behaviours 

Customer purchasing behaviour  

Referral behaviour, 

Influencing behaviour 

Customer knowledge behaviour 

Brodie et al. (2013) Investigated customer engagement sub-processes in the 

case of the company Vibra-Train Ltd’s online discussion 

platform. CEBs were found based on analysis of the posts 

made by the six most active members and interviews with 

four of these 

Learning 

Sharing 

Co-developing 

Socializing  

Advocating 

Henning-Thurau et Investigated CEBs of customers who posted on an online A desire for platform assistance, 
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al. (2004) platform. 

Derived 8 potential motives for engaging in eWOM based 

on questionnaire data collected from 2,063 consumers who 

posted on a German online opinion platform 

wanting to vent negative feelings, 

their concern for other consumers, 

desire for positive self-enhancement, 

potential social benefits, economic 

incentives and rewards, wanting to 

help the company and seeking advice 

post-purchase 

Okazaki et al. 

(2015) 

Investigated CEB, specifically eWOM in Twitter posts 

about IKEA.  

Used 300 tweets that were classified using 7 different 

supervised machine learning algorithms according to 

emotional states and dialogue acts. The dialogue acts were 

proposed based on three forms of eWOM; objective 

statements (Information, Question and Reply), subjective 

statements (Opinion) and knowledge sharing (Sharing) 

Sharing 

Information 

Opinion 

Question  

Reply  

Exclude 

Carlson et al. (2018) Investigated CEBs that provided innovation opportunities 

expressed on company Facebook pages. Used survey data 

from 654 US customers who follow a company’s 

Facebook page and consume their products 

An intention to provide feedback 

(evaluations) to improve the brand 

An intention to participate in 

collaboration with other customers in 

the brand community 

Table 2: Overview of Customer Engagement Behaviours in Literature 

Both Jaakkola and Alexander (2014) and Verleye, Gemmel and Rangarajan (2014) investigated CEBs in real life 

cases, the former in the case of volunteers adopting vacant rail-stations and the latter in the case of nursing 

homes. Both investigated CEBs within very specific cases where the CEBs were expressed in a context that set 

specific limits on the CEBs that could be expressed. This means that the CEBs found does not represent the full 

range of different CEBs that the customers express. This may have left out some behaviours, however the 

categories found still capture a large part of all the different behaviours expressed by customers. Jaakkola and 

Alexander (2014) specifically extend these behaviours to also be applicable in an online context. And the general 

rationale behind the different types of CEBs found by Jaakkola and Alexander (2014) has allowed them to be 

applied beyond the scope of this case (Groeger, Moroko and Hollebeek, 2016; Roy et al., 2018). 

Kumar et al. (2010) proposed that there were four different CEBs each corresponding to a value. Unlike van 

Doorn et al. (2010) Kumar et al. (2010) include purchasing behaviours in their proposed types of CEBs. It shows 

how CEBs, as a concept, does not have a set uniform definition. Kumar et al. (2010) include purchasing 
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behaviours, as they believe these are another type of behaviour in which the customer can interact with the 

company. However this can also potentially dilute the value of CEBs, as purchasing behaviours by themselves 

contribute monetary value to the company. By including purchasing behaviours in CEBs we risk not being able 

to separate how CEBs beyond purchasing behaviours contribute value to the company. However the other 

dimensions defined still provides insights into the different types of CEBs and how they connect to value 

creation.  

Research has also been done into the CEBs expressed online, specifically Brodie et al. (2013) and Henning-

Thurau et al. (2004) both investigated CEBs on online opinion platforms. Henning-Thurau et al. (2004) found 

motives for engaging in electronic word-of-mouth (eWOM) communications. eWOM communications are 

CEBs, therefor these motives have been used when looking into CEBs (van Doorn et al., 2010). These motives 

are also applicable more broadly online, unlike the behaviours found by Brodie et al. (2013), who only looked at 

a specific online platform where the customers participated in order to get advice and help. Though we do not 

know what motivates the users to leave a comment, many of them appear to demonstrate several of the same 

motives as those found by Henning-Thurau et al. (2004) and Brodie et al. (2013).  

Only very few studies have looked at CEBs on social media despite its importance (Gummerus et al., 2012). 

Two studies that looked at CEBs on social networking sites were Okazaki et al. (2015) who looked at Twitter 

and Carlson et al. (2018) who looked at Facebook. Carlson et al. (2018) only looked at the CEBs that provide 

innovation opportunities while Okazaki et al. (2015) proposed 5 different eWOM categories that encompassed a 

lot of the different CEBs found in tweets about IKEA. These were used to summarize to which extent the 

different types of eWOM appeared. Though these categories can encompass many of the Facebook comments, 

Okazaki et al. (2015) also argues, that these categories are not able to capture all the different types of eWOM. 

They exlude posts such as jokes, maliciuos comments, spam messages etc. Unique to this research are that they 

differentiate between objective and subjective posts. This distinction speaks to the intent behind the post while 

also providing insight into the categories. Unlike the eWOMs presented by Henning-Thurau et al. (2004) they 

also separate the types of eWOM from the sentiment.  

Though most of the authors have found CEBs that are specific to a certain case or setting, there are still common 

types among most of them. Building on these commonalities, and the themes found when inspecting the user 

Facebook comments, we propose 8 categories of CEBs that are expanded upon in the following section.  
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4.3. Customer Engagement Behaviours in Facebook Comments 

4.3.1. Customer Engagement Behaviours 

We propose 8 different categories of CEBs that take place in the comments on companies Facebook posts. These 

categories are based on the previous academic literature as well as common themes found when inspecting the 

comments. The categories that we propose do not always relate directly to previous studies, as these are often 

based on CEBs in different contexts, however we are still able use many of them as guides for the CEBs we find 

in the comments. An overview of the proposed CEB categories can be found in table 3. A summary table 

containing the description, examples and academic foundation of each of these categories can be found in 

appendix 5.1. 

Customer Engagement Behaviours in Facebook Comments 

 Category Description  

1 Feedback Comments that provide the company with feedback on its products, services or other aspects of 

the company. 

2 Opinion Comments containing a subjective opinion of the company’s products, services, as well as the 

company or brand itself and its promotional activities. 

3 Customer Service Comments seeking assistance or help with customer service issues, mainly aimed at the 

company i.e. its platform operator. 

4 Reply Comments directly replying to company-posts. 

5 Social Interaction Comments containing a social interaction with other users. This can be by tagging other users or 

leaving other comments that appear to be intended to jovially interact with other users. 

6 Trolling Comments that are deceptive and malicious and appear anti-social. 

7 Controversy Comments regarding a controversial topic that involves the company or its products and 

services. 

8 Other Comments not included in the other categories. 

Table 3: An overview of the different CEB categories found in user comments on company Facebook posts 

When inspecting the comments many of these contain a reaction or response to the company or its products or 

services. These comments tend to have two different forms; first those that appear to provide feedback and 

secondly those that express opinions.  

Feedback: All the researchers, that we have looked at, have a type of CEB that refers to behaviours where the 

customers in some form provide feedback and information. This type of behaviour is called several different 

things such as “co-developing behaviour” (Brodie et al., 2013; Jaakkola and Alexander, 2014), “knowledge 
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behaviour” (Kumar et al., 2010), “information” (Okazaki et al., 2015) or they refer to the customer wanting to 

share feedback to help the company and other customers (Hennig-Thurau et al., 2004; Verleye, Gemmel and 

Rangarajan, 2014; Carlson et al., 2018). These are behaviours where the customer provides information, directed 

at the company or other users, which can be used for new developments and improvements. These behaviours 

can be found when the customer advises the company about problems, things that are missing or providing ideas 

and suggestions for new developments. In the case of Jaakkola and Alexander (2014) and Verleye, Gemmel and 

Rangarajan (2014) the feedback is expressed directly face-to-face to an employee of the company, and this 

unique property makes it fundamentally different from the types of CEBs found on Facebook. Nevertheless it 

still shows how important the customer’s point-of-view is in providing the company with knowledge on the 

user’s experience in the form of feedback, that can be used for improvement and new developments. Both of the 

types of CEBs found by Carlson et al. (2018) connect to this category. Both the feedback intention and the 

participation intention revolve around providing information, that the company can act on regardless of the 

intended recipient. Their findings also highlight how Facebook can be an important avenue for accessing this 

type of information.  

Therefor the CEB Feedback category contains the comments where the user provides feedback on improvements 

they want to see, new developments or share concrete experiences – all of which contain concrete actionable 

information, that can be used by the company. Examples of this type of comment can be found in table 4, which 

contains comments that appear directed to the company and others that more generally shares information and 

appears more like reviews.  

Customer Engagement Behaviour Company Example of Comment 

Feedback Burger King Please ease up on the SALT there is more salt than fries now. 

Even wiping off  what I can the fries are EXTREMELY SALTY.... 

Feedback Volkswagen Bring back the Corrado please! 

Feedback Samsung hello 15lassic mobile team  please don’t stop making 15lassic 

button phone with java. Java is great  regards. 

Feedback Volkswagen I would change out the wheels/tires .. Looks like a X3 .. In the 

back 

Feedback Samsung Mobile As an avid Android and Samsung fan boy - I am 

underwhelmed by these offerings and actually feel they are a 

step backwards  No external storage? No battery? No thanks.  

Sticking with my Note3 and possibly upgrading to a 4. 

Table 4: Examples of comments that are the CEB category Feedback 
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Opinion: However not all customer reactions contain actionable information, some only express subjective 

opinions. This separation was also proposed by Okazaki et al. (2015) who distinguishes between the objective 

“information” category and the subjective “opinion” category. The CEB Opinion category, that we propose, 

include comments that appear to be perceptions, feelings, appraisals of the company or its competitors such as 

praise, warnings and critique and other emotional expression. Examples of these types of comments are found in 

table 5.  

Customer Engagement Behaviour Company Example of Comment 

Opinion McDonalds Yay! Mcdonalds! ?? 

Opinion  Tesla Yeessss!!!! Thank you!! I'm glad this is coming! 

Opinion Apple I JUST WANT ALLL THESE 

Opinion HSBC UK I CRYING ?? BEST. BANK. EVER. 

Opinion British Airways Its always a pleasure flying with BA. 

Table 5: Examples of comments that are the CEB category Opinion 

The Opinion comments do not contain actionable information and consist mainly of sharing subjective 

exclamations. Several of the studies we have looked at have proposed CEB categories that are referred to as 

“influencing” behaviours (Kumar et al., 2010; Jaakkola and Alexander, 2014) or “sharing” (Brodie et al., 2013) 

which include CEBs where the customer shares their opinionsm which can affect the perceptions of other users. 

These comments illustrate the customers’ sentiments and attitudes towards the company and can reflect their 

general image, which is important for companies to gain insight into (Hansson, Wrangmo and Søilen, 2013; 

Okazaki et al., 2015). Some of the studies we have examined separate CEBs with a positive or negative 

sentiment such as “positive WOM” (Verleye, Gemmel and Rangarajan, 2014) or “venting negative feelings” and 

“extraversion/positive self-enhancement” (Hennig-Thurau et al., 2004). Unlike these we want the Opinion 

category to encompass both negative and positive opinions. However these still show that expressing opinions, 

especially strong ones, can be motivated by a need to vent and express ones emotions to others. And by doing 

this in a public online setting, the customer the customer takes part in the community.  

Customer Service: The third category that we propose is the Customer Service category. These are the 

comments where the customers seek help and assistance from the company, or more specifically its platform 

operator, with a specific practical issue, question or pressing problem. These are comments where the customer 

seeks assistance from the company in a public manner instead of the traditional more private avenues such as 

through company chat systems, or directly by email or phone (Grant and Kagan, 2019). These can be comments 

asking questions about pricing, products, locations, selections, opening hours or contact information. It can also 
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be asking for help with technical issues with the company app, email or accounts. Additionally it can be 

comments advising the company of a technical problem that need immediate attention, such as their website or 

app not working. Examples of these types of comments are found in table 6.  

Customer Engagement Behaviour Company Example of Comment 

Customer Service McDonald’s Ur app isn't working 

Customer Service Lloyds Bank Are u experiencing technical problems on your internet 

banking been unable to log on since last week 

Customer Service Volkswagen How do you access app connect 

Customer Service Samsung Mobile How much ? Is it available in Malaysia for online ? Can u 

explain about it ? Its advantages compared to others ? Tq 

Customer Service Ryanair How do we book flights for us 3 and unborn baby no2 (before 

the offer ends) when we don't know if we are being blessed 

with a he or she!!!??? 

Table 6: Examples of comments that are the CEB category Customer Service 

This category is similar to the “question” category from Okazaki et al. (2015), where an objective question is 

posed to the company. It also relates to the user seeking “platform assistance”  from Hennig-Thurau et al.'s 

(2004). Here the customer is motivated by a need for assistance from the platform moderator. The Facebook 

platform is an easy and convenient way of reaching out to the company with their problems, and most large 

companies have employees dedicated to operating their social media platforms. There is an additional layer 

behind the Hennig-Thurau et al. (2004) motivation of needing platform assistance publicly online where the 

customer also uses the public nature of their inquest to exert power over the company. These comments can 

emphasise technical issues, pricing or other aspects that might negatively reflect onto the company, and 

publicizing them may force the company to help the customer. 

Reply: Throughout the comments we find many comments that are short, often a single word, with no other 

information. These are comments where the customer leaves a reply based on specific instructions by the 

company. This can be replies to a company-post asking guesses at what location is in the picture, which one of 

two types of cars they like the best, their favourite vacation spots etc. It can also be based on financial incentive, 

where the comment enters the user into a competition or giveaway. Particularly on some of the companies’ 

profiles we see that a very large part of the comments are replies to posts made by the company. These posts aim 

to promote engagement by getting the customers to leave comments. It is not all companies that promote 

engagement by seeking customer replies, but in general those who does so, use specific instructions in their posts 
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to get users to leave short, often single-word, replies, resulting in large amounts of similar comments. Examples 

of these types of comments can be found in table 7.  

Customer Engagement Behaviour Company Example of Comment 

Reply Lloyds Bank Size 4 (I'm size 5) 

Reply Lloyds Bank 5 (7.5) 

Reply Volkswagen Dune. 

Reply Volkswagen That dune tho :D 

Reply Ryanair #ryanair winflight 

Reply Ryanair #RyanairWinflight 

Table 7: Examples of comments that are the CEB category Reply 

This type of CEB is similar to the “reply” category from  Okazaki et al. (2015) where the customer replies to the 

company, however they do not define what these replies entail. When companies provides a reward for the 

comment, as it enters them into a contest, the customer is also motivated by an “economic incentive” (Hennig-

Thurau et al., 2004).  

Social Interaction: We also find many comments that are primarily a social interaction between users. These 

are comments where users tag another user by name and shares the post. Included in this category are also 

comments that solely have a social intent but does not tag another user, such as when a user wishes everyone a 

“Good summer!”. These comments do not contain any specific information or long statement and has a clear 

primarily social intent. These types of comments both connect the users and help to share and promote the 

company content. Examples of these types of comments are found in table 8. 

Customer Engagement Behaviour Company Example of Comment 

Social Interaction Mcdonald’s Paige Lawton 

Social Interaction Lloyds Bank Andrew Clark show mum 

Social Interaction Tesla  Aaaaw...congrats! Carol 

Social Interaction Ryanair 10 for a flight? Lori Gavin maybe a 2016 trip is in question 

here 

Social Interaction Samsung Mobile It's Christmas !!! ... Bloody Happy Holidays ?? 

Table 8: Examples of comments that are the CEB category Social Interaction 

The social aspect of online CEBs can be found throughout the academic literature. Brodie et al. (2013, p. 111) 

refer to one of the sub-processes of CEB as “socializing” and describes this as a “two-way, non-functional 



 Customer Engagement Behaviours in Facebook Comments 

19 of 80 

 

interactions”. One of the motivations found by Hennig-Thurau et al.( 2004) is “social benefits” with users 

connecting to one another and become part of the community.  The fact that it is described as non-functional 

relates, to the fact that no useful information is shared, the comment is made with the sole purpose of socializing 

with other users.  

Even though these comments do not contain any information, they do occur in the context of the company’s 

online presence and help to promote the company. By tagging other users they help to share and spread the 

company message and assist the company in promotional activities. This aspect of this type of CEB relates to the 

“customer referral behaviour” from Kumar et al. (2010). Kumar et al. (2010, p. 299) described “referral 

behaviours” as behaviours where customers through a “firm initiated and –incentivized referral program” 

acquire new customers for the company. Though there are no such specific referral programs at play on the 

company Facebook page the users still engage in behaviours that can serve the same purpose of referring new 

customers to the company. Customers use their network on Facebook and share the company posts and content 

and inadvertently refer new customers to the company. 

Trolling: The Trolling category includes the comments that are malicious, deceptive and appear anti-social. 

Even though trolling can have different meanings and does not have a unanimous definition (Coles and West, 

2016), it is a term that has been used to encompass behaviour in a social setting online that is “deceptive, 

destructive, or disruptive” and “with no apparent instrumental purpose” (Buckels, Trapnell and Paulhus, 2014, 

p. 97). For the purpose of our analysis the Trolling category includes comments that include hate speech, 

discriminating and derogatory comments and other comments of an antisocial and offensive nature. Also 

included are attempts at phishing, spam and intrusive links. Though these links might contain legitimate sources 

of information or be sincere attempts at garnering support for a cause, the consumer has no way of vetting these 

links to make sure they are not harmful, and they are therefor considered trolling.  Examples of these comments 

are found in table 9.  

Customer Engagement Behaviour Company Example of Comment 

Trolling McDonald’s How many Families stay there  because the Child's Parent  ate 

your Food throughout their Pregnancy? 

Trolling Lloyds Lloyds (RACIST AGAINST WHITES)bank. This is a disgrace and I 

will never use your bank. You should be ashamed of 

yourselves. I sincerely hope your bank collapses and fails. 

Words cannot describe what Scum you are. 

Trolling Tesla http://www.yorkregion.com/news-story/6529940-thornhill-
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neighbourhood-cool-to-new-25-storey-condo/ 

Trolling British Airways https://youtu.be/LYt7Vb0NB9g 

Trolling Samsung Mobile ''URGENTLY REQUIRED STAFF'' ''No CONSULTANCY CHARGE''.  

''0? AMOUNT FOR JOINING''.  ''ONLINE HOME BASE JOB''.  

''VACANCY- 15000 (SELF EMPLOYEE)''.  FOR MORE IN 

FORMATION CONTACT OUR CUSTOMER CARE BY TYPING 

''WELCOME DETAILS'' AND SEND IT TO OUR WATSAPP 

NUMBERS :  ''+919145751245''. 

Table 9: Examples of comments that are the CEB category Trolling 

Trolling is a type of CEB that is unique to online platforms. Relating it to the concepts of CEBs from academic 

literature is difficult because of the deceptive, destructive and disruptive intent. One could argue that looking at 

Hennig-Thurau et al's.( 2004) motivation of “venting negative feelings” could be connected to these comments. 

They described that this motivation was linked to feelings of “the company harmed me, and now I will harm the 

company” and by “taking vengeance” (p. 46). And while some of these trolling comments might be motivated 

by wanting to rectify something they feel the company has done to them, others might solely be because of 

wanting to do harm. Studies have found that trolling is associated with sadistic personality traits (Buckels, 

Trapnell and Paulhus, 2014) and these types of comments contain content that appear to be purely of malicious 

intent. Therefor these types of behaviours might not be because of the need to vent ones feelings, but simply be 

because of wanting to post malicious and harmful comments.  

Controversy: We have also included a category that we call Controversy, that include comments that refer to a 

controversy surrounding the company. These comments are aimed at the company’s ethical and political 

dealings, regulations, lawsuits or other crisis and scandals they are involved in. Examples of this type of 

comments are found in table 10.  

Customer Engagement Behaviour Company Example of Comment 

Controversy McDonald’s Please stop using palm oil in your foods..it causes destruction 

of rianforests endangers humans and rare animals like 

orangutans and pygmy elephants. 

Controversy McDonald’s So stop using palm oil. 

Controversy Tesla So what about the years that the temp went below the 

norm? Where is the data to verify less fossil fuels being burnt 

in those years. What actually causes the fluctuation year to 
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year? You have an argument for the rise but cannot explain 

the lower temps. I am all for a clean environment  however 

this graph fails to provide critical data. 

Controversy Tesla geoengineering / climate engineering is the problem...haarp 

Controversy Volkswagen does this App work as well as Cheat-App ?            

#Itsbeen4months #VWnoCare #BuyBackYourLie 

#DontSignDontDriveEvent 

Controversy Volkswagen Fake emissions included? 

Table 10: Examples of comments that are the CEB category Controversy 

This category can be seen as attempting to influence other customers, which are a type of CEB that can be found 

in much of the academic literature (Kumar et al., 2010; Jaakkola and Alexander, 2014). However this category 

of CEB is mainly founded in the concept of ”mobilizing behaviour” from Jaakkola and Alexander (2014). These 

are defined as behaviours where the customer attempts to “mobilize other stakeholders’ actions towards the 

focal firm” (p.26). So by commenting on controversies surrounding the company they try to influence and 

mobilize other customers. This can be in order to get other customers to boycott the company or to protest 

against the company, and use the public Facebook platform to shame the company and reaching a larger 

audience than a real life protest would. . However there are no control over the comments and these messages 

can also be false and misleading, and may in reality be considered more as propaganda. However without the 

power to vet these comments we classify them as how they are immediately perceived by the reader without 

further verification. Using a very public platform, such as Facebook, to broadcast their message can also be 

motivated by wanting to exert power over the company. This motivation is included in the “platform assistance” 

motivation from Hennig-Thurau et al's.( 2004). By publicly protesting the company, the customer uses the 

public perception to leverage power over the company in an attempt to push them into company changes, 

product recalls, public apologies etc. Facebook becomes a way for these agendas to potentially go viral and by 

“exposing” the company, and pushing an unfavourable facet of the company they can attempt to get the 

company to change 

Other: Though we do try to encompass all the different CEBs found in the comments it is necessary to have a 

category that contains comments that are not included in the other categories. This Other category includes 

comments in languages other than English, illegible and indeterminable comments and comments only 

containing punctuations. It does not have a foundation in CEB literature, but is necessary in order to capture all 

the different comments that we find. Examples of this category are found in table 11.  
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Customer Engagement Behaviour Company Example of Comment 

Other McDonald’s Huacala de pollo con eso.....:-P:-! 

Other Lloyds Bank ?!?! 

Other Tesla  Skulle behÃ¶vts idag ?? Mikaela Anna Samuelsson 

Other Ryanair PorquÃ©  han retirado la ruta Madrid -Verona? 

Table 11: Examples of comments that are the CEB category Other 

4.3.2. Sentiment 

We also want to be able to differentiate between the different sentiments of the CEBs expressed. Much of the 

insights and information stems from also knowing the sentiment of those behaviours. There is a big difference 

between positive and negative opinions, or positive and negative feedback, and therefore we also categorise the 

comments according to their sentiment; positive, negative or neutral. These can be differentiated through 

sentiment laden words such as “love”, “hate”, “ugly”, “great” etc. but for the most part it is dependent on the full 

context of the words in the comment. Though sentiment lexicons, containing predetermined word-sentiments, 

are available for sentiment analysis, we do not use these in our analysis.  

Many of the CEBs have an either positive or negative sentiment and being able to differentiate between their 

different sentiments are important (Gummerus et al., 2012). This is also an important part of managing and 

monitoring CEBs (Schamari and Schaefers, 2015). Because, even though the companies generally strive for 

positive CEBs, they need to be especially aware of the negative ones. Negative communications between 

customers on social media can be very influential and have a negative impact on the company (Adjei, Nowlin 

and Ang, 2016). Especially the ease of expressing negative CEBs publicly online has meant that companies have 

found it necessary to develop strategies to deal with these, as they can have a negative impact on the brand (van 

Noort and Willemsen, 2012; Einwiller and Steilen, 2015). We see many companies actively engaging in webcare 

strategies on their Facebook page by publicly responding to negative comments. Such responses can be helpful 

in mitigating the potential harmful impact from negative comments by showing the company’s responsiveness 

(Fournier and Avery, 2011) and it can help to boost positive CEBs and deter negative CEBs (van Doorn et al., 

2010).  

Beyond being a way of mitigating negative consequences for the company, differentiating between the different 

sentiments also creates value opportunities for the company (van Doorn et al., 2010). Negative feedback can 

become a way for the company to adjust and provide a better product or service to the customer.  
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Though not much of the academic literature on CEBs also investigate the sentiment, Okazaki et al. (2015) does 

classify the tweets about IKEA according to the emotional states, which are very similar to sentiment. They were 

in particular interested in the “satisfaction” category which is similar to positive sentiment, as satisfaction was an 

important indicator of loyalty and sharing positive experiences and information enhance “pro-firm” attitudes. 

4.3.3. Intensity 

We also want to take into account that CEBs can occur at varying intensities. In order to do this we also classify 

each comment as; low, high or no intensity. A high intensity comment could be “That is so fantastic” while a 

similar low intensity comment could be “That is nice”. CEBs that are low and high intensities are perceived 

differently and reflect different impacts and urgencies. However many comments have no intensity, such as 

those that tag another user or is a reply. Therefore we also have an intensity category that can account for these 

types of comments.  

Being able to differentiate between these intensity levels is dependent on the text content, and there are no 

general rules for which specific words or phrases that constitute high and low intensity. However some examples 

of the categories of intensity are found in table 12.  

Intensity Company Example of Comment 

High Ryanair Rubbish airlines with horrible customer service. Will never 

travel again with you Ryanair. 

High Lloyds Bank WORST BANK EVER - AVOID AT ALL COSTS!!!!!!!! 

Low McDonald’s Don't eat the Burgers 

Low Volkswagen Just don't let it happen again 

No intensity Volkswagen Chris Kane 

No intensity Apple iphone 

Table 12: Examples of high and low intensity comments 
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5. Related Work 

In order to analyse the CEBs in the comments we will use text classification. Academic literature on text 

classification is vast, using many different methods to varying degrees of success. We therefor use this section to 

look into applications of text classification in research on CEBs. We also look more broadly into text 

classification and what other methods may be useful for dealing with some of the issues, there are with the more 

traditional text classification methods. 

5.1. Text Classification 

In the theoretical framework section we looked into different types of CEBs from several different researchers. 

However only Okazaki et al. (2015) used text classification for their research. Okazaki et al. (2015) classified 

twitter posts about IKEA, according to “dialogue acts”, using 7 different supervised machine learning 

algorithms; Naïve Bayes, K-nearest neighbours, decision trees, support vector machine using different kernels, 

artificial neural network, uRules classification and forest classification. The class-split of the dialogue acts 

categories were quite imbalanced and for the evaluation of the classifiers they used precision, recall and the F1 

score. Overall the evaluation measures varied greatly. The F1 score ranged from 0.051 to 0.739 with the NB 

classifier overall performing the best. They found that the most prominent category was “exclude”, which were 

all the post that did belong in the other categories such as jokes, malicious comments and spam. By not trying to 

capture all the different behaviours, they ended up excluding a large amount of comments. The researcher 

mainly looked into the behaviours of the most active users in the social networks created. Therefor no 

conclusions were drawn about the frequency of the different behaviours.  

We use text classification for classifying comments according to CEBs, sentiment and intensity however it is 

used for many other applications. Text classification overall has many and ever-growing applications with many 

different methods for doing so (Aggarwal and Zhai, 2012). Particularly social media has been a driving force 

behind the growth of text data (Hartmann et al., 2019). There are many different methods for doing text 

classification, such as using supervised machine learning algorithms or lexicon based classifications, however no 

one method will always provide good results (Mishu and Rafiuddin, 2018; Hartmann et al., 2019). Using 

supervised machine learning algorithms requires trying different methods and taking into account things such as 

their interpretability, adaptability, complexity, run time and computational cost (Carrizosa and Romero Morales, 

2013). It is also important to take into account the special characteristics of the data. It has been shown that due 

to the unique nature of text data, which often is sparse and high-dimensional, some algorithms such as 

multinomial Naïve Bayes and support vector machines tends to do well (Aggarwal and Zhai, 2012).  However, 



 Customer Engagement Behaviours in Facebook Comments 

25 of 80 

 

even  though some methods have been shown to be very popular within certain fields, it may be less popular 

methods that are actually best suited for the application (Hartmann et al., 2019). Many methods can also be 

adapted in various forms, such as linear classifiers that can be implemented as nonlinear versions. However often 

the simpler linear version performs well, and the added complexity and work involved in implementing the non-

linear version tends to not pay off (Aggarwal and Zhai, 2012). 

Additionally when we are classifying text, there is a multitude of different text pre-processing steps and feature 

selections that can be done (Yang, 1995; Yang and Pedersen, 1995; Aggarwal and Zhai, 2012). When doing text 

classification, and representing the documents using methods such as the bag-of-words approach, we often end 

up with a very high dimensional and sparse data. Therefor we may be interested in reducing the feature space, 

which can be done using methods such as principal component analysis and latent semantic analysis, though 

once again no one method will always be the best for all text classification applications (Aggarwal and Zhai, 

2012; Ljungberg, 2017).  

One of the disadvantages, using methods such as support vector machines and Naïve Bayes are that these 

methods belong to discriminative learning, where the goal of the classifier is to separate the observations into 

mutually exclusive classes. However text is often ambiguous, and people may have different views of the text or 

be uncertain about what the text means. Therefor when doing text classification, such clear cut separation 

between the classes is not always the best approach, and instead fuzzy methods based on fuzzy logic can be 

used. Fuzzy logic uses a truth value that ranges from 0 to 1 to show the degree of membership to a class. These 

are able to deal with the fuzziness of text and allow for overlap between classes and observations belonging to 

more than one class. There are many different approaches to fuzzy classification, one of which is the “mixed 

fuzzy rule formation algorithm” used by Liu et al. (2019) for cyberhate classification. They compared the fuzzy 

approach to traditional classifiers such as decision trees, gradient boosted trees, support vector machine, Naïve 

Bayes and deep neural networks as well as other fuzzy approaches. The fuzzy approach used was shown to 

perform significantly better than the other methods. Fuzzy rules has also been shown to much better represent 

the classification rules in a form, that is closer to how natural language is structured. This makes it more 

understandable and interpretable than other supervised machine learning algorithms (Liu and Cocea, 2017). 

However using fuzzy sets in natural language processing has become more uncommon (Carvalho, Batista and 

Coheur, 2012), nonetheless it is an approach that is very well suited to deal with some of the issues that comes 

with text classification. 
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6. Methodology 

6.1. Method and Research Philosophy 

In order to present the method used for our research process, we use the “research onion” by Saunders, Lewis 

and Thornhill (2009) to outline the structure of the research. We follow the research philosophy of positivism, 

that focus on objectivity and the observable reality (Saunders, Lewis and Thornhill, 2009). This means that the 

study relies on scientific evidence, in the form of experiments and statistics, to investigate the underlying rules 

(Serva, 2015). The data used are large datasets from Facebook, and we aim to investigate the Facebook 

comments across different companies’ profiles. 

We conduct data analysis based on theory on customer engagement, specifically CEBs, therefore the approach 

that we have taken for the majority of the work, has been deductive. More specifically we use existing theory to 

propose that there are 8 categories of CEBs exhibited in the user comments left on company Facebook profiles. 

These are investigated using datasets from 10 different companies, where the comments are classified according 

to the CEB exhibited as well as the sentiment and intensity. In order to do this classification we use different text 

pre-processing steps to prepare the text in the comments for text classification. The text classification is done 

using 5 different supervised machine learning algorithms. We use the results from the classification to 

summarise the behaviours exhibited and look for patterns across different companies and industries. In the 

research method we only use one data collection and analysis procedure, this means that we use the mono 

method (Saunders, Lewis and Thornhill, 2009).  

The data consists of comments left on the Facebook pages of 10 companies during approximately the same time 

of two years. The data is not collected during this time, instead we use the cross-sectional time horizon, where 

we investigate the comments in terms of what is present by the time of the data being collected. This means that 

the data represents a static snap-shot of what was present of the company Facebook profiles when the data was 

collected. 

The data we use for the analysis is secondary data as we have not collected the data ourselves. Further 

description of the data and specific tools that were used for the data collection, and the specific data analysis 

techniques will be elaborated on in the following sections. 

 

 



 Customer Engagement Behaviours in Facebook Comments 

27 of 80 

 

6.2. Data Analysis Process  

For the analysis of the data there are several steps that need to be taken - this process is illustrated in the 

following process diagram. 

Data Analysis Process Diagram  

 

Diagram 1: Data Analysis Process Diagram 

 

6.3. Data Collection and Analysis: Methods and Tools 

The datasets we use for the analysis are from the Facebook pages of 10 companies and were obtained through 

the Social Data Analytics Tool (SODATO) database. SODATO is a tool made available through the “Center for 

Business Data Analytics” at Copenhagen Business School. It is used for retrieving, archiving, analysing and 
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reporting on social data, and it is through the archived data that we have access to a collection of previously 

retrieved datasets. This also means that the datasets chosen were limited to the ones that were available through 

this tool. However we were still able to choose from a wide variety of datasets from large companies that belong 

to different industries.  

Attempts were made to conduct the pre-processing and data analysis in the open-source R and KNIME software. 

KNIME however could not properly do the text pre-processing, where it left some punctuations such as the 

apostrophe in words, which meant that when the tokenization was done words containing the apostrophe were 

split in two and we ended up with a lot of nonsensical words. Also in both KNIME and R the performance 

measures were so low, when doing the supervised machine learning, that we decided to not use these results. 

Therefore we ended up doing the data analysis in Python using scikit-learn tools that are used for machine 

learning. Specifically the MUTATO (Multi-dimensional Text Classification Tool) was used for the text pre-

processing and classification. MUTATO was also available through the “Center for Business Data Analytics” at 

Copenhagen Business School. 

R was however used to find the dataset dimensions and other descriptive statistics as well as the data cleaning 

and randomly selecting the data subset that was manually labelled.  

6.4. Dataset Description 

We are working with datasets collected from the Facebook profiles of 10 different companies. Each dataset 

contain 12 different feature-columns, containing observations id’s, time and date when the observation was 

posted, name of the actor, which type of post the observations is and the text from the post. A full list of these 

and their description can be found in appendix 7.1, while an abbreviated version of the features that we mainly 

work with can be found in table 13.   

Column Description 

CreatedDate Date and time of the action. 

ActorName Name of the profile that made the action.  

ActionType Factor of the type of action; POST, COMMENT or COMMENTREPLY 

TextValue The text from the action. 

Table 13: Dataset features 

The datasets are approximately from the same time period of late 2014-2016, and though we generally see a lot 

of activity on the different profiles, there are big variations in the total amounts of actions, such as posts, 
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comments and comment-replies, ranging from 6.465 up to 779.034. Full dimensions of the datasets, where 

empty TextValue’s have been removed, can be found in table 14.  

Dataset Dimensions 

Company Rows Rows 

(empty 

values 

removed) 

Time Period Number of 

Posts 

Number of 

Comments 

Number of 

Comment-

replies 

Number of 

Unique 

Actors 

(excl. the 

company) 

Apple 31.232 30.634 30/01/14-

18/10/16 

2.152 27.032 1.450 9.931 

 

Samsung 

Mobile 

785.316 779.034 06/09/13-

15/12/16 

2.574 693.558 82.902 186.789 

Burger King 260.757 258.699 25/10/14-

17/11/16 

307 177.365 81.027 172.519 

McDonalds 303.458 301.040 11/12/14-

17/11/16 

502 195.597 104.941 152.534 

Ryanair 21.748 21.548 31/12/14-

05/11/16 

376 17.621 3.551 14.603 

British 

Airways 

6.488 6.465 28/10/14-

05/11/16 

61 5.653 751 4.768 

Tesla 448.421 424.485 25/10/14-

18/11/16 

19.514 383.901 

 

21.070 

 

59.146 

Volkswagen 73.385 70.229 25/10/14-

04/11/16 

420 49.834 19.975 44.084 

Lloyds Bank 66.833 66.685 12/06/11-

14/05/17 

8.427 44.920 13.338 34.266 

HSBCUK 58.004 57.714 29/05/14-

10/05/17 

9.749 29.783 18.182 25.317 

Table 14: Dataset Dimensions 

6.5. Data Pre-Processing: Methods, Tools and Techniques 

In order to prepare the data for the analysis we first clean the datasets by removing missing values and creating 

datasets only containing the comments. From these datasets we create a subset of observations that are manually 
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coded. Finally several text pre-processing steps are done in order to transform the text into feature we can use in 

the text-classification. Below we will elaborate on these steps. 

6.5.1. Data Cleaning 

We are only using the comments for the analysis; the posts are made by the company and are irrelevant in the 

context of investigating the behaviours of the users (i.e. customers). The comment-replies are also not included 

as they are not examples of behaviours directly involving the company, and they are often without meaning 

without the original comment, that the reply was left to. Therefore we remove these actions from the datasets. In 

some of the datasets the company also leave comments, so we also remove any comments made by the company. 

Additionally we remove observations that contain no text, i.e. missing values.  

From 4 of the datasets, HSBC UK, Lloyds Bank, Tesla and Volkswagen, comments made by users have been 

miss-labelled as posts. For these datasets we remove any observations where the ActorName is the company, and 

subsequently remove the comment-replies. This means that the comments in these datasets in some cases are 

labelled as posts, when in fact they are comments. 

6.5.2. Manually Labelled Data Subset 

In order to perform the data analysis we create a subset of observations to be manually labelled. This dataset 

contains the true class-memberships of each comment, i.e. observation, and is used to train and test the 

classifiers. The subset is extracted by randomly sampling 100 observations from each of the 10 datasets and 

combining them in a single dataset (i.e. CSV file), where each observation can be manually labelled according 

the type of CEB, sentiment and intensity.  

For the manual labelling we had created a coding-manual containing examples of the different types of 

categories of CEBs from each of the datasets. This manual was created based on the characterisations of each of 

the proposed categories from section 5.3 and was used to refer to, when doing the manual labelling. This coding 

manual can be found in appendix 7.2. After we have done the manual labelling, we end up with a final labelled 

subset where the size of each category can be found table 15.  

Class Split 

CustomerEngagementBehaviour Count Relative Frequency 

Reply 219 0.219 

Opinion 210 0.21 

SocialInteraction 178 0.178 
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Feedback 141 0.141 

Other 117 0.117 

CustomerService 62 0.062 

Controversy 42 0.042 

Trolling 31 0.031 

Sentiment Count Relative Frequency 

Positive 373 0.373 

Neutral 372 0.372 

Negative 255 0.255 

Intensity Count Relative Frequency 

NoIntensity 442 0.442 

Low 368 0.368 

High 190 0.19 

Table 15: Class split of the labelled subset. 

6.7.6. Text Pre-Processing 

Each comment is a separate document, that has to be transformed from unstructured text into a data structure, 

which can be used when doing further modelling such as classification. Text, unlike other data structures, does 

not have a fixed number of features, and instead the text in converted into numerical features. In order to do this, 

we use several text pre-processing steps, that use concepts from natural language processing and is elaborated on 

below. 

First each document needs to be split up into its separate pieces, often referred to as the tokens. This is done 

using tokenization where the text is split up into the tokens, which we want to be the single words, numbers and 

punctuations. Each type of token will be treated as a feature, which means that we will have a very high-

dimensional feature-set where many of them are irrelevant (Chakrabarti, 2003, p. 127). Therefor several pre-

processing steps are done in order to make the tokens more consistent and reduce the number of features we are 

working with. With several of the pre-processing steps we want to make sure that words on different forms 

become identical, so that they are viewed as the same feature. Some of the pre-processing steps, that can be 

taken, are to lowercase all the letters, use a stemming algorithm such as Porter’s to reduce the words to their root 

form by removing the affixes i.e. the “ends” of the words, lemmatize variants of words to their base form, 

remove high-frequency words that do not have much discriminatory power such as the stopwords, removing 

noise such as punctuation marks, numbers and other characters that contaminate otherwise similar words (e.g. 

“sunset>” or “sunset3”). 
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The pre-processing steps we perform are that we first lowercase all text characters. This is done because we are 

not dealing with text where the case of the letters is important for separating different words (Ganesan, 2019). 

We also remove punctuations and numbers. In the comments, and on social media, in general punctuations are 

often an important part of how users express themselves, and they become a big part of the language by helping 

to accentuate what the user is trying to say. For example using the hash sign (#) before a word represents a 

hashtag that symbolize a keyword or topic (Twitter, 2019) and we often see it used in the comments for example 

in the form “#RyanairWinflight”. However these punctuations are still mainly used to accentuate the words, and 

they are therefore not essential for the meaning of the comment and are therefore removed.  

When investigating the word frequencies, we find that there are 3857 unique words found across all the 

documents in the manually labelled subset. The most frequent ones are words such as “the”, “and”, “you”, “for” 

and “that” (a list of the 50 most frequent words can be found in appendix 7.3). Words like these that appear 

frequently and do not provide much meaning to the content of the text, are called stopwords. These are words 

that may be important for the construction of a sentence but do not carry much discriminative power when it 

comes to text classification (Jurafsky and Martin, 2018, p.112). Therefor we want to remove them in order 

reduce the data size and increase the performance when training the classifiers (Vallantin, 2019). Stopwords can 

be removed based on a pre-set list within the program or based on a custom stopword list. The custom stopwords 

can be found based on frequency values such as the most frequent words, the least frequent words or other 

frequency measures such as inverse document frequency (IDF). We removed the standard stopwords and made 

an attempt to remove custom stopwords that consisted of the 2555 words that only occurred once (Liu et al., 

2019) and words that domain specific words such as company and product names (see appendix 7.3). However 

we were unable to get the custom stopwords removed when classifying the full datasets, so we ended up only 

removing the standard stopwords.  

6.7.7. Bag-of-Words 

After we have run the pre-processing of the text, we need a way of representing the text in a data structure that 

can be used when conducting further analysis. We do this by extracting the features from the text in the 

documents using the Bag-of-Words (BOW) approach. The BOW approach is one of the most common methods 

for feature extraction that works by treating each type of word, i.e. each unique word, found across all the 

documents, as a feature variable. Though we do lose the context of the words by disregarding the sequence, the 

BOW approach is one of the most popular feature extraction methods when doing classifications as it provides a 

simple and efficient way of representing the text (Aggarwal and Zhai, 2012, p. 167). In the BOW approach the 

sequence of the words in the documents are disregarded, and each document is represented as a vector, where 
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each value represents the value of that word-feature in the document. The values can be a binary value indicating 

that the word is- or isn’t present in the document, it can be a frequency count of how many times the type of 

word occurs in the document or other frequency weights such as word probability or the very popular term 

frequency inverse document frequency (tf-idf) (Liu et al., 2019).  

We use the tf-idf weighting scheme, which reflects the frequency of a word in a document, while also taking into 

account how often the word occurs across all the documents. The tf-idf weights enables us to account for high 

frequency words not being very discriminative as well as the fact, that words that only appears once or twice are 

less important (Jurafsky and Martin, 2018). Using tf-idf weights are very common when doing text 

classifications and has been shown to perform very well (Bramer, 2016).When calculating the tf-idf weights we 

first find the term frequency (tf). The term frequency is a measure of how often the term or word 𝑥𝑗 appears in 

document 𝑑𝑖. The term frequency value can be calculated as the absolute value of how many times the word 

occurs in the document or as a relative value which is how many times the term occurs in the document relative 

to the total number of terms in the document.  

𝑡𝑓𝑎𝑏𝑠(𝑥𝑗 , 𝑑𝑖) = 𝑓𝑥𝑗,𝑑𝑖 

𝑡𝑓𝑟𝑒𝑙(𝑥𝑗, 𝑑𝑖) =
𝑓𝑥𝑗,𝑑𝑖

∑ 𝑓𝑥𝑗,𝑑𝑖
𝑝
𝑗=1

 

Where   𝑓𝑥𝑗,𝑑𝑖: Number of occurences of term 𝑥𝑗 in document 𝑑𝑖 

∑ 𝑓𝑥𝑗,𝑑𝑖
𝑝
𝑗=1 : Total number of terms in the document 

The relative value, 𝑡𝑓𝑟𝑒𝑙, accounts for the fact that a word may just occur more times in longer documents than 

shorter ones. Therefore it normalizes the value by dividing with the total number of word in the document 

(Tfidf.com, no date). 

Secondly we calculate the inverse document frequency (idf). The idf-value is a weight for how often the word 

appears in all the documents, that decreases when the word appears a lot and increases when the word is not used 

a lot across the documents. This means that the idf value is an indicator of how informative the word is, and a 

lower idf-value indicates that the word appears in many documents and it is therefore not very informative. 

There are variations of how to calculate the idf-weight, we use the normalized inverse document frequency 

which is calculated as 

𝑖𝑑𝑓(𝑥𝑗) = log (
𝑛

𝑑𝑓(𝑥𝑗)
) + 1 

Where   𝑛: Total number of documents. 

𝑑𝑓(𝑥𝑗): Document frequency of the term 𝑥𝑗, i.e. number of documents that contain the term. 
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Adding 1 to the logarithm makes sure that terms that occurs in all the documents does not have an inverse 

document frequency of 0 (Pedregosa et al., 2011e). 

Finally the term frequency inverse document frequency (tf-idf) is calculated as 

𝑡𝑓𝑖𝑑𝑓(𝑥𝑗, 𝑑𝑖) = 𝑡𝑓𝑟𝑒𝑙(𝑥𝑗, 𝑑𝑖) ∗ 𝑖𝑑𝑓(𝑥𝑗) 

The tf-idf weight is a value that measures the importance of a word to the document (Silge and Robinson, 2019). 

By using the tf-idf weights, the term frequency is adjusted by how often the word appears across all the 

documents by multiplying with the inverse document frequency. A word that is very important for a document 

and does not occur in many other documents is very descriptive for the document itself and it will have a high tf-

idf value. On the other hand if a word occurs in almost all the documents it is not very informative for the 

documents and it will have a low tf-idf value.   

Once we have found the tf-idf values we use the document-term matrix (DTM) structure to represent the 

documents in a matrix form. In the DTM each row represents a document 𝑑𝑖 (𝑖 = 1,… , 𝑛) and each column 

represents a word feature 𝑥𝑗 (𝑗 = 1,… , 𝑝), in no particular order per the BOW approach. The values, 𝑥𝑖𝑗, in the 

DTM are the tf-idf weights. With social media data such as our dataset we have many different types of words 

and often short comments. This means that only a small portion of the words appear in each comment and the 

rest of the words, that do not appear in the comment will have a value of zero therefore the DTM is a high-

dimensional and sparse matrix (Pedregosa et al., 2011e). 

Now we have the data on a form that can be used for further data analysis such as unsupervised learning or 

supervised machine learning. We use supervised machine learning algorithms for classifying the comments. This 

will be elaborated on below. 

6.6. Data Analysis 

The data analysis will be done by training 5 different supervised machine learning algorithms, which will be 

used to classify the comments of each of the 10 different companies’ datasets. 

The dataset is first partitioned into a training set used for training the classification models and a test set used for 

evaluating the performance of the models. The dataset is partitioned because we do not want to test the models 

on the same dataset used for training them in order to avoid overfitting the models to the training data. The split 

is done randomly with 70% of the documents being selected for training set and 30% for the testing set.  The 

sizes of the classes in the training and testing set are found in table 16. 
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Customer Engagement Behaviour Training Testing Total 

Reply 160 59 219 

Opinion 142 68 210 

SocialInteraction 122 56 178 

Feedback 91 50 141 

Other 88 29 117 

CustomerService 50 12 62 

Controversy 24 18 42 

Trolling 23 8 31 

Sentiment    

Positive 251 122 373 

Neutral 270 102 372 

Negative 179 76 255 

Intensity    

NoIntensity 307 135 442 

Low 154 114 368 

High 139 51 190 

Total 700 300 1000 

Table 16: Class split of the training and testing sets 

From the class split we can see, that there are some imbalance issues as the numbers of observations belonging 

to each class are not approximately the same. This is in particular an issue for the CEBs. When the classes are 

highly imbalanced the classifier tends to primarily predict the majority class well. This is because most 

algorithms aim to maximize accuracy and minimize the prediction error (Boyle, 2019). If the classes are very 

imbalanced, we will still get a high prediction accuracy by just predicting all the observations to be the majority 

class and none as the minority class. This issue is also shown to be worse when the data is high-dimensional 

(Blagus and Lusa, 2013). Some supervised machine learning algorithms are able to handle or to be adjusted to 

handle imbalanced datasets (Thangaraj, 2018). There are also many methods for dealing with imbalanced data, 

such as; undersampling by reducing the majority class, oversampling by randomly increasing the minority class 

or using the Synthetic Minority Over-sampling Technique (SMOTE) (Swamynathan, 2017). SMOTE works by 

creating synthetic samples of the minority class for the training set based on the k nearest neighbours. 

Oversampling may be a better method when we have fewer observations, while undersampling may be better 

when we have a lot. SMOTE also tends to do better than simply oversampling the minority class but worse than 

undersampling for high-dimensional data (Blagus and Lusa, 2013). However when using undersampling we risk 
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losing information by not including all the observations, on the other hand using oversampling and SMOTE risks 

overfitting. Besides these methods there are many others and it can be difficult to find the optimal way of dealing 

with class imbalance for a dataset (Lemaitre et al., no date). Therefore this area is beyond the scope of this 

thesis. Instead we approach the class imbalance by taking it into account when evaluating the performance of the 

models. Because of this accuracy is not a good performance measure, and instead we focus on other performance 

measures that can address this.  

Notation: Below we will present the supervised machine learning algorithms used to classify the data. The 

notation used are, that each comment is approached as a separate document represented by a vector of p word-

features; 𝑑𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝). We have a total of 𝑛 = 1000 documents; 𝑑1, 𝑑2, … , 𝑑𝑛 ∈ ℝ
𝑝. The total 

document-term matrix, X, consisting of the tf-idf feature values, 𝑥𝑖𝑗 for each word-feature 𝒙𝒋 are on the form; 

𝑿 =

𝒙𝟏      𝒙𝟐       𝒙𝟑     …    𝒙𝒑

[
 
 
 
 
𝑥11 𝑥12 𝑥13
𝑥21 𝑥22 𝑥23
𝑥31 𝑥32 𝑥33

… 𝑥1𝑝
… 𝑥2𝑝
… 𝑥3𝑝

⋮ ⋮ ⋮
𝑥𝑛1 𝑥𝑛2 𝑥𝑛3

⋱ ⋮
… 𝑥𝑛𝑝]

 
 
 
 
 

We have a fixed set of K different categories, ℂ = {𝑐1, 𝑐2, … , 𝑐𝐾}, for each of the three different class 

memberships; customer engagement behaviours, sentiment and intensity. Each of these is fitted separately. 

When we classify according to the customer engagement behaviours we have that; 

𝐶𝐶𝐸𝐵 = {𝑐𝑟𝑒𝑝𝑙𝑦 , 𝑐𝑜𝑡ℎ𝑒𝑟, … , 𝑐𝑐𝑜𝑛𝑡𝑟𝑜𝑣𝑒𝑟𝑠𝑦} = {𝑐1
𝑐𝑒𝑏, 𝑐2

𝑐𝑒𝑏 , … , 𝑐8
𝑐𝑒𝑏} 

When it is sentiment; 

𝐶𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 = {𝑐𝑝𝑜𝑠, 𝑐𝑛𝑒𝑔, 𝑐𝑛𝑒𝑢} = {𝑐1
𝑠𝑒𝑛𝑡, 𝑐2

𝑠𝑒𝑛𝑡 , 𝑐3
𝑠𝑒𝑛𝑡} 

When it is intensity; 

𝐶𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 = {𝑐ℎ𝑖𝑔ℎ , 𝑐𝑙𝑜𝑤 , 𝑐𝑛𝑜} = {𝑐1
𝑖𝑛𝑡, 𝑐2

𝑖𝑛𝑡, 𝑐3
𝑖𝑛𝑡} 

For simplicity we will use 𝑐𝑘, 𝑘 = 1,2,… , 𝐾, as notation for the class membership in the following sections.  

We have a training set 𝔻 of documents that each are labelled according to its class membership, (𝑑𝑖, 𝑐𝑖) ∈ 𝕏 ×

ℂ. We use 5 different machine learning algorithms, which are explained below. Each of these take the training 

data, 𝔻, as input in order to train a classifier 𝛾 that predicts the class membership, so that each document belongs 

to one class (Manning, Raghavan and Schütze, 2009), i.e. 

𝛾: 𝕏 → ℂ 
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6.6.1. Naïve Bayes 

The Naïve Bayes (NB) classifier is a probabilistic classifier that classifies a document based on what it finds is 

the most probable class for the document. The NB classifier is often suitable to use when the number of features 

are large and density estimation is difficult (Hastie, Tibshirani and Friedman, 2009). In order to find the most 

probable class out of all the possible classes, 𝑐𝑘 ∈ 𝐶, NB computes the conditional probabilities of the classes 

given the document, 𝑃(𝑐𝑘|𝑑). Based on the conditional probability NB returns the class, �̂�, that has the 

maximum posterior probability given the document (Jurafsky and Martin, 2018); 

�̂�𝑖 = argmax
𝑐𝑘∈𝐶

Pr (𝑐 = 𝑐𝑘|𝑥 = 𝑑𝑖) = argmax
𝑐𝑘∈𝐶

𝑃(𝑐𝑘|𝑑𝑖) 

Index i is for simplicity left out for the following equations, however the class membership are made for each 

document. 

The conditional probability is calculated using Bayes’ theorem of conditional probability, so that; 

�̂� = argmax
𝑐𝑘∈𝐶

𝑃(𝑐𝑘|𝑑) = argmax
𝑐𝑘∈𝐶

𝑃(𝑑|𝑐𝑘)𝑃(𝑐𝑘)

𝑃(𝑑)
 

Where  𝑃(𝑑|𝑐𝑘) = 𝑃(𝑥1, 𝑥2, … , 𝑥𝑛|𝑐𝑘): The likelihood of the document given the class 𝑐𝑘. 

 𝑃(𝑐𝑘): The prior probability of the class 𝑐𝑘. 

 𝑃(𝑑) = 𝑃(𝑥1, 𝑥2, … , 𝑥𝑛): The prior probability of the document. 

The Naïve Bayes model assumes that the features, 𝑥1, 𝑥2, … , 𝑥𝑝, are independent of one another given the class 

𝑐𝑘 (Hastie, Tibshirani and Friedman, 2009). This naïve assumption means, that the conditional probability of the 

set of features, 𝑥1, 𝑥2, … , 𝑥𝑝, given a class 𝑐𝑘 is the product of the independent probabilities;  

𝑃(𝑑|𝑐𝑘) = 𝑃(𝑥1, 𝑥2, … , 𝑥𝑝|𝑐𝑘) = 𝑃(𝑥1|𝑐𝑘) ∙ 𝑃(𝑥2|𝑐𝑘) ∙ … ∙ 𝑃(𝑥𝑝|𝑐𝑘) =∏𝑃(𝑥𝑗|𝑐𝑘)

𝑝

𝑗=1

 

and therefore 

�̂� = argmax
𝑐𝑘∈𝐶

∏ 𝑃(𝑥𝑗|𝑐𝑘)
𝑝
𝑗=1 𝑃(𝑐𝑘)

𝑃(𝑑)
 

This can be simplified further as the prior probability of the document, 𝑃(𝑑), is constant because it is determined 

for the same document and therefore it is the same for all the classes. Therefore the denominator, 𝑃(𝑑), can be 

removed from the equation, and 

𝑃(𝑐𝑘|𝑑) ∝ 𝑃(𝑐𝑘)∏𝑃(𝑥𝑗|𝑐𝑘)

𝑝

𝑗=1
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 Thus we have that the NB classifier estimates the most likely class as; 

    𝑐𝑁𝐵 = �̂� = argmax𝑐𝑘∈𝐶 𝑃(𝑐𝑘)∏ 𝑃(𝑥𝑗|𝑐𝑘)
𝑝
𝑗=1      (1.1) 

When classifying documents, 𝑃(𝑥𝑗|𝑐𝑘) is the conditional probability of word 𝑥𝑗 occurring in a document of class 

𝑐𝑘, which can also be interpreted as a measure of how much evidence the term 𝑥𝑗 contributes to 𝑐𝑘 being the 

correct class (Manning et al., 2009).  

Fitting the parameters 𝑃(𝑐𝑘) and 𝑃(𝑥𝑗|𝑐𝑘) is done using maximum likelihood estimates using the relative 

frequencies (Jurafsky and Martin, 2018, p.13). The prior probability, 𝑃(𝑐𝑘), is estimated as the relative 

frequency of the class 𝑐𝑘 in the training set; 

     �̂�(𝑐𝑘) =
𝑛𝑐𝑘
𝑛

    (1.2) 

Where 𝑛𝑐𝑘 = ∑ 1{𝑐𝑖 = 𝑐𝑘}
𝑛
𝑖=1 : The number of documents that are class 𝑐𝑘 

𝑛: The total number of documents. 

There are different NB classifiers, where the difference lies in the assumptions made about the distribution of 

𝑃(𝑥𝑗|𝑐𝑘) (Pedregosa et al., 2011c). We use multinomial Naïve Bayes that estimates;  

�̂�(𝑥𝑗|𝑐𝑘) =
𝑐𝑜𝑢𝑛𝑡(𝑥𝑗, 𝑐𝑘)

∑ 𝑐𝑜𝑢𝑛𝑡(𝑥𝑗, 𝑐𝑘)
𝑝
𝑗=1

 

Where  𝑐𝑜𝑢𝑛𝑡(𝑥𝑗, 𝑐𝑘): The number of times feature 𝑥𝑗 occurs in the training documents of class 𝑐𝑘 

 ∑ 𝑐𝑜𝑢𝑛𝑡(𝑥𝑗 , 𝑐𝑘)
𝑝
𝑗=1 : The total number of features in class 𝑐𝑘 

However, 𝑃(𝑥𝑗|𝑐𝑘) will have a value of zero if the word-feature never appeared in any documents of that class in 

the training set. This means that if the word “good” never occurred in class 𝑐1, the estimated conditional 

probability would be; �̂�(𝑥𝑔𝑜𝑜𝑑|𝑐1) =
𝑐𝑜𝑢𝑛𝑡(𝑥𝑔𝑜𝑜𝑑,𝑐1)

∑ 𝑐𝑜𝑢𝑛𝑡(𝑥𝑗,𝑐1)
𝑝
𝑗=1

=
0

∑ 𝑐𝑜𝑢𝑛𝑡(𝑥𝑗,𝑐𝑘)
𝑝
𝑗=1

= 0.    And as equation (1.1) multiplies 

the conditional probabilities and the class probability, a value of zero for any of these would result in the 

probability of the document being that class being zero. This is often an issue in text classification because of 

sparseness, where it can be difficult for each feature to be present in every class (Manning et al., 2009). In order 

to avoid that the probability is zero, we use smoothing that adds a smoothing parameter 𝛼 > 0 to each count in 

the equation:  

   �̂�𝑠𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔(𝑥𝑗|𝑐𝑘) =
𝑐𝑜𝑢𝑛𝑡(𝑥𝑗,𝑐𝑘)+𝛼

∑ (𝑐𝑜𝑢𝑛𝑡(𝑥𝑗,𝑐𝑘)
𝑝
𝑗=1

+𝛼)
  (1.3) 

In text classification we often use add-one smoothing where 𝛼 = 1 (Jurafsky and Martin, 2018) so that; 
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  �̂�𝛼=1(𝑥𝑗|𝑐𝑘) =
𝑐𝑜𝑢𝑛𝑡(𝑥𝑗 , 𝑐𝑘) + 1

∑ (𝑐𝑜𝑢𝑛𝑡(𝑥𝑗, 𝑐𝑘)
𝑝
𝑗=1 + 1)

=
𝑐𝑜𝑢𝑛𝑡(𝑥𝑗, 𝑐𝑘) + 1

(∑ 𝑐𝑜𝑢𝑛𝑡(𝑥𝑗, 𝑐𝑘)) + 𝑝
𝑝
𝑗=1

 

Also as equation (1.1) for 𝑐𝑁𝐵 multiplies several probabilities this will generate very small numbers especially 

for large documents. Therefor computationally when estimating NB we take the logarithm to avoid floating-

point underflow and increase speed (Manning et al., 2009; Witten et al., 2016): 

log 𝑐𝑁𝐵 = log(argmax
𝑐𝑘∈𝐶

𝑃(𝑐𝑘)∏𝑃(𝑥𝑗|𝑐𝑘)

𝑝

𝑗=1

)          

   log⇓ 𝑐𝑁𝐵 = 𝑙(𝑑) = argmax𝑐𝑘∈𝐶[log𝑃(𝑐𝑘) + ∑ log𝑃(𝑥𝑗|𝑐𝑘)
𝑝
𝑗=1 ]   (1.4) 

Instead of using the frequency counts we use the tf-idf weights in the multinomial NB. This is done by including 

a frequency count for word j, that is the tf-idf weight, instead of the binary count (Rennie et al., 2003). So that 

document d is assigned the class where; 

    �̂� = argmax𝑐𝑘∈𝐶[log𝑃(𝑐𝑘) + ∑ 𝑥𝑗 ∗ log𝑃(𝑥𝑗|𝑐𝑘)]
𝑝
𝑗=1      (1.5) 

A benefit of the NB classifier is that it takes into account the probability of a word given the class through 

𝑃(𝑥𝑗|𝑐𝑘) in equation (1.1) (and (1.4)). This means that if the words in a document are more frequent in a 

particular class, for example as we would expect “great” to be in documents of positive sentiment, this increases 

the likelihood of the document being that class. NB also takes into account the prior probability of each class in 

the whole dataset, 𝑃(𝑐𝑘), so that more likely classes are up-weighed. This can be an issue when the data is 

imbalanced, leading to the NB classifier preferring the larger classes, though it is often alleviated by the 

conditional word probabilities (Rennie et al., 2003). 

When predicting the class membership of new documents, for example those in the testing set, we may 

encounter words that have not appeared in any class in the training set. These unknown features are omitted from 

the calculations when predicting the class memberships of new documents (Witten et al., 2016, p. 100). 

The Naïve Bayes algorithm is a simple probabilistic classifier that is easy to implement and it is often used in 

text classification with good results (Witten et al., 2016). It is a very fast algorithm both for training the 

classifier, as well as for predicting the class-memberships of new observations (Jurafsky and Martin, 2008; 

VanderPlas, 2016b). Additionally it is also an algorithm that is easy to interpret, as is uses probabilities in the 

classification. The naïve independence assumption for the features given the class is often not true for text data, 

as the words are dependent on one another. However the NB classifier still tends to perform very well for text 

data (Manning et al., 2009; Pedregosa et al., 2011c). 
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6.6.2. Logistic Regression 

Logistic regression is a popular classification technique, and it is viewed as a baseline algorithm for doing 

classification in natural language processing and tends to work better than the NB classifier on larger datasets 

(Jurafsky and Martin, 2018, p. 87). Logistic regression is used to compute the probability of an observation’s 

class membership, which is used to determine the class membership. This means instead of directly estimating 

the class membership, the model estimates the probability of the class memberships, which is used to assign a 

class, �̂�, to the observation based on the largest probability (Jurafsky and Martin, 2008, p. 193). 

When we have multinomial data, logistic regression can be fit using the one-vs-rest method or by directly fitting 

multinomial logistic regression (Pedregosa et al., 2011f). The presentation of the multinomial logistic regression 

can be found in appendix 7.4, and instead we will use this section to present the one-vs-rest method that was the 

method that we used. The one-vs-rest method works by fitting a binary classifier for each of the K classes. Each 

classifier fits one class, considered class 1, against the remaining classes, which combined are considered a 

combined single class, referred to as class 0. Using this method we fit K binary classifiers, that uses the sigmoid 

function, 𝜎(𝑧) =
1

1+𝑒−𝑧
=

𝑒𝑧

1+𝑒𝑧
, to map real valued numbers of z to the range of [0,1] (Jurafsky and Martin, 

2018). Specifically the logistic function is a sigmoid function, where z is a linear combination of the input 

features x and the feature weights 𝑤 ∈ ℝ𝑝 and bias parameter 𝑤0 ∈ ℝ . For simplicity we use the notation d to 

represent document 𝑑𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝). The conditional probability of class 1 is found using the logistic 

function, so that; 

 𝑃(𝑐𝑘 = 1|𝑥 = 𝑑) = 𝑝1 = 𝜎(𝑤𝑘,0 +𝑤𝑘
𝑇𝑥) =

1

1+𝑒
−(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)
=

𝑒
(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)

1+𝑒
(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)
 (2.1)  

And the conditional probability of the “rest”-class 0 is; 

  𝑃(𝑐𝑘 = 0|𝑥 = 𝑑) = 1 − 𝑝1 = 1 − 𝜎(𝑤𝑘,0 +𝑤𝑘
𝑇𝑥) = 1 −

1

1+𝑒
−(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)
=

𝑒
−(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)

1+𝑒
−(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)
   (2.2)

  

Therefor the one-vs-rest method fits K binary classifiers; 

𝑃(𝑐1 = 1|𝑥 = 𝑑) =
𝑒(𝑤1,0+𝑤1

𝑇𝑥)

1 + 𝑒(𝑤1,0+𝑤1
𝑇𝑥)

 

𝑃(𝑐2 = 1|𝑥 = 𝑑) =
𝑒(𝑤2,0+𝑤2

𝑇𝑥)

1 + 𝑒(𝑤2,0+𝑤2
𝑇𝑥)

 

⋮ 
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𝑃(𝑐𝐾 = 1|𝑥 = 𝑑) =
𝑒(𝑤𝐾,0+𝑤𝐾

𝑇𝑥)

1 + 𝑒(𝑤𝐾,0+𝑤𝐾
𝑇𝑥)

 

Using these K classifiers new unseen observations will be assigned to the class which, based on the 

observation’s feature values, has the highest probability (Jurafsky and Martin, 2008), i.e.; 

     �̂� = argmax𝑐𝑘∈𝐶 𝑃(𝑐𝑘 = 1|𝑥 = 𝑑)     (2.3) 

For each classifier the parameters 𝜃 = {𝑤𝑘,0, 𝑤𝑘
𝑇} are estimated using the cross entropy loss function. The cross 

entropy loss function is the negative log-likelihood function,  which can be found using the Bernoulli 

distribution as 𝑐𝑖 ∈ {0,1} (Bishop, 2006; Jurafsky and Martin, 2018). The cross entropy loss function is; 

𝐿𝐶𝐸(�̂�, 𝑐) = −ℓ(𝜃) = − log∏𝑝1
𝑐𝑖(1 − 𝑝1)

1−𝑐𝑖

𝑛

𝑖=1

 

   = −∑ {𝑐𝑖 log 𝑝1 + (1 − 𝑐𝑖) log(1 − 𝑝1)}
𝑛
𝑖=1   (2.4) 

And the cost function for the whole dataset is the average loss function; 

𝐽(𝜃) =
1

𝑛
∗ 𝐿𝐶𝐸(�̂�, 𝑐) = −

1

𝑛
∑{𝑐𝑖 log 𝑝1 + (1 − 𝑐𝑖) log(1 − 𝑝1)}

𝑛

𝑖=1

 

                       = −
1

𝑛
∑ {𝑐𝑖 log (

1

1+𝑒
−(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)
) + (1 − 𝑐𝑖) log (1 − (

1

1+𝑒
−(𝑤𝑘,0+𝑤𝑘

𝑇𝑥)
))}𝑛

𝑖=1   (2.5)  

The optimal values of the parameters 𝜃 are found by minimizing the cost function, and the objective function is;   

                             min𝜃 𝐽(𝜃) (2.6) 

The loss function for logistic regression is convex and there are several methods that can be used to find the 

minimum such as gradient descent used by Jurafsky and Martin (2018) the Newton-Raphson iterative 

optimization scheme used by Bishop (2006) and several other solvers are available in the sci-kit package 

(Pedregosa et al., 2011f). The program used to fit the logistic regression used the “liblinear” solver; however we 

will not elaborate further on this method in this paper. 

When fitting the logistic regression model we use regularization that penalize large coefficient weights, that tend 

to lead to overfitting to the training data and poor generalization to other data (Jurafsky and Martin, 2008). 

Regularization is done by adding a regularization term, 𝑅(𝑤), to the objective function in equation (2.6). 

Commonly used regularization terms are the 𝐿1 penalty, i.e. the lasso regression, that use the  ℓ1norm; 

||𝑤||
1
=∑|𝑤𝑗|

𝑝

𝑗=1

 

And the 𝐿2 penalty, i.e. the ridge regression, that use the ℓ2 norm; 
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||𝑤||
2

2
= √∑𝑤𝑗

2

𝑝

𝑗=1

 

The penalty is multiplied by a tuning parameter 𝜆 ∈ ℝ+ that controls the impact of the penalties (James et al., 

2013, p. 215). Both of these are tried and tuned within the program. 

Logistic regression enables us to get an understanding of the individual input variables’ role in classifying the 

observations (Hastie, Tibshirani and Friedman, 2009). More specifically the weights represent the importance of 

the feature in the classification (Jurafsky and Martin, 2018, p. 84), and the relationship can be found using the 

logistic function; 

𝑃(𝑐𝑘 = 1|𝑥 = 𝑑) = 𝑝1 =
𝑒𝑤𝑘,0+𝑤𝑘

𝑇𝑥

1 + 𝑒𝑤𝑘,0+𝑤𝑘
𝑇𝑥

 

𝑝1
⇕ (1 + 𝑒𝑤𝑘,0+𝑤𝑘

𝑇𝑥) = 𝑒𝑤𝑘,0+𝑤𝑘
𝑇𝑥 

𝑝⇕ 1 + 𝑝1 ∗ 𝑒
𝑤𝑘,0+𝑤𝑘

𝑇𝑥 = 𝑒𝑤𝑘,0+𝑤𝑘
𝑇𝑥 

𝑝⇕ 1 = 𝑒
𝑤𝑘,0+𝑤𝑘

𝑇𝑥 ∗ (1 − 𝑝1) = 𝑒
𝑤𝑘,0+𝑤𝑘

𝑇𝑥 − 𝑝1 ∗ 𝑒
𝑤𝑘,0+𝑤𝑘

𝑇𝑥 

𝑝1
1 − p1

⇕

= 𝑒𝑤𝑘,0+𝑤𝑘
𝑇𝑥 

log⇕ (
𝑝1

1 − p1
) = 𝑤𝑘,0 +𝑤𝑘

𝑇𝑥 

This log-odds function shows us that increasing feature 𝑥𝑗 by on unit, while holding the others constant, changes 

the log-odds by 𝑤𝑗. However, in the logistic function (2.1) the relationship between the probability and the 

feature variables is not linear, and increasing feature 𝑥𝑗 by one unit will increase the probability by a value 

dependent on the current value of this feature (James et al., 2013). Nevertheless a positive weight still shows that 

the presence of that feature, i.e. word, in a comment means an increased probability of the comment being that 

class. While a negative weight indicates that the presence of that word decrease the probability of the comment 

being that class. Using the weights we are also able to compare the importance of the words, which is useful 

when we want to interpret why the classifier makes certain classifications, which will be applied when assessing 

the performance of the classifiers. This adds to the popularity of the classifier, as it gives us insight and 

transparency (Jurafsky and Martin, 2008).  

6.6.3. Passive Aggressive Classifier 

The passive aggressive (PA) classifier is an online learning algorithm proposed by Crammer et al., 2006. It is an 

algorithm that is easy to implement, quick and it is often used when we have large streams of data like what is 
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often seen when working with social media data. The PA classifier is less well-known than the other classifiers 

we use, which means that there is considerably less information about it. 

Online learning algorithms operate on a sequence of data entries, where during each round, which is indexed by 

𝑡, it receives an observation, 𝑑𝑡, and predicts its class membership, �̂�𝑡 (Burlutskiy et al., 2016). After making the 

prediction, the true class-membership of the observation, 𝑐𝑡 , is revealed and the algorithm suffers an 

instantaneous loss that reflects how wrong the prediction was. At the end of each round the document 𝑑𝑡 and its 

class 𝑐𝑡 are used to improve the following predictions. 

The PA algorithm is a margin based classifier, which receives the observations and updates the classifier 

sequentially. The sequence of observations are indexed by 𝑡 = 1,2,… , 𝑇, so that the observation presented to the 

algorithm on round t is 𝑑𝑡. The PA algorithm then works by updating the classification function when a new 

observation is misclassified or when the classification score doesn’t exceed a pre-defined margin (Lu, Zhao and 

Hoi, 2016). The strategy is that, if the classification is correct the algorithm keeps the current model, meaning it 

is passive, and if the classification is incorrect it updates the weight vector 𝑤 in order to adjust to the 

misclassified observation.  

When we have multinomial data Crammer et al. (2006) presents a multi-prototype multiclass model for passive 

aggressive classification. The multinomial passive aggressive (MPA) algorithm receives an observation and 

computes a score for each of the possible K classes. The predicted class membership is then determined as the 

class with the highest score. The algorithm computes these scores by creating K weight vectors, 𝑤𝑡
1, … , 𝑤𝑡

𝐾, one 

for each class, that are used to compute K prediction scores (Lu, Zhao and Hoi, 2016); 

     ((𝑤𝑡
1 ∙ 𝑑𝑡),… , (𝑤𝑡

𝐾 ∙ 𝑑𝑡))  (3.1) 

Where 𝑤𝑡
𝑘 ∈ ℝ𝑝. 

The classifier then compares these scores by ranking them, and chooses the class with the largest score as the 

class membership for the observation. This means that the predicted class is determined as 

      �̂�𝑡 = argmax𝑐𝑘∈𝐶 𝑤𝑡
𝑘 ∙ 𝑑𝑡 (3.2) 

In order to find the weights, the algorithm is initiated by setting the weight vectors for each class to zero on the 

first round; 

𝑤1
𝑘 = (0,… ,0)𝑇 

Then for 𝑡 = 1,… , 𝑇, the algorithm observes 𝑑𝑡 and computes the K prediction scores, which are then used to 

predict �̂�𝑡 using equation (3.2). After predicting the class-membership the algorithm receives the true class-

membership and an instantaneous loss occurs determined by the hinge loss function, that is defined as (Crammer 

et al., 2006); 
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   ℓ(𝑤𝑡
1, … , 𝑤𝑡

𝐾; (𝑑𝑡 , 𝑐𝑡)) = ℓ𝑡(�̅�𝑡) = {
0              if          𝛾𝑡 ≥ 1 

1 − 𝛾𝑡         if      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (3.3) 

Where �̅�𝑡 is the set of the K weight vectors, and 𝛾𝑡 is the margin on round t.  

The margin is found using the two classes that on round t corresponds to the largest violation of the margin 

constraints, 𝛾𝑡 ≥ 1 (Crammer et al., 2006). These are, for round t, the lowest ranked class 𝑐𝑡
𝑟 and the highest 

ranked class 𝑐𝑡
𝑠; 

𝑐𝑡
𝑟 = argmin

𝑐𝑟∈𝐶
𝑤𝑡
𝑟 ∙ 𝑑𝑡 

𝑐𝑡
𝑠 = argmax

𝑐𝑠≠𝐶
𝑤𝑡
𝑠 ∙ 𝑑𝑡 

Where 𝑟, 𝑠 ∈ 𝐾.And the margin becomes 

     𝛾𝑡 = 𝑤𝑡
𝑟𝑡 ∙ 𝑑𝑡 −𝑤𝑡

𝑠𝑡 ∙ 𝑑𝑡  (3.4) 

The weights are then updated if a loss has occurred, so that when a correct classification has been made the 

margin is 𝛾𝑡 > 0, and no loss occurs. However the MPA algorithm defines, that it wants the margin to be 𝛾𝑡 ≥ 1, 

so that when the margin is below 1 the weights are updated. Therefore the MPA algorithm updates the weights 

when a misclassification happens, as well as when the prediction made is correct but the margin is below 1.  

The algorithm will update the weight vectors by solving an optimization problem. From Lu, Zhao and Hoi 

(2016) and Crammer et al. (2006) we have that there are three different variations of the optimization problem;  

𝑤𝑡+1 = argmin�̅� 𝐹(�̅�)     (3.5) 

where there are three variations to finding 𝐹(�̅�); 

𝐹(�̅�) =

{
 

 ½∑ ||𝑤𝑟 −𝑤𝑡
𝑟||

2𝐾
𝑟=1                   𝑠. 𝑡.             ℓ𝑡(�̅�; (𝑥𝑡 , 𝑐𝑡)) = 0                            (𝑀PA)

½∑ ||𝑤𝑟 −𝑤𝑡
𝑟||

2𝐾
𝑟=1  + 𝐶ξ         𝑠. 𝑡.        ℓ𝑡(�̅�; (𝑥𝑡, 𝑐𝑡)) ≤ 𝜉   𝑎𝑛𝑑   𝜉 ≥ 0     (𝑀PA-I) 

½∑ ||𝑤𝑟 −𝑤𝑡
𝑟||

2𝐾
𝑟=1  + 𝐶ξ2      𝑠. 𝑡.             ℓ𝑡(�̅�; (𝑥𝑡 , 𝑐𝑡)) ≤ 𝜉                         (MPA-II)

  (3.6) 

The variations MPA-I and MPA-II address the problem that may happen because of the PA algorithm’s 

aggressive updating strategy. This updating strategy means that the algorithm modifies the weight vector based 

on how it classifies the current observation. However, this strategy can be an issue when there are mislabelled 

observations, which can lead to the PA algorithm mistakenly changing the weight vector and dramatically 

influencing the following predictions. Instead MPA-I and MPA-II use a slack-variable, 𝜉 ≥ 0, to modify the 

optimization problem and allow for some misclassification. It also uses a positive hyper-parameter, C > 0, to 

control the influence of the slack-variable on the objective function. C is considered an aggressiveness 

parameter, where if C is larger this means that the update step is more aggressive. 
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The solutions to the optimization problem in equation (3.5) are that, when ℓ𝑡 = 0 then 𝑤𝑡 is the optimal solution. 

However for ℓ𝑡 > 0 the optimization problems are solved as convex optimization problems, and the closed form 

solution found by Crammer et al. (2006) are; 

𝑤𝑡+1
𝑟𝑡 = 𝑤𝑡

𝑟𝑡 + 𝜏𝑡𝑥𝑡    (3.7) 

       𝑤𝑡+1
𝑠𝑡 = 𝑤𝑡

𝑠𝑡 − 𝜏𝑡𝑥𝑡  (3.8) 

And the step size 𝜏𝑡 for each variation is; 

𝜏𝑡 = 

{
 
 

 
 

ℓ𝑡

2||𝑥𝑡||
2                               (𝑀PA)

min {𝐶,
ℓ𝑡

2||𝑥𝑡||
2}          (𝑀PA-I) 

 
ℓ𝑡

2||𝑥𝑡||
2
+
1

2𝐶

              (MPA-II)

  (3.9) 

The equations for computing the step size shows that when the hinge loss is zero, ℓ𝑡 = 0, the weight vector is 

not updated and  𝑤𝑡+1 = 𝑤𝑡, and the algorithm is passive. However when the algorithm makes a 

misclassification, the loss function is positive and the weight vector is modified, and the algorithm is now 

aggressive.  

Computationally we note that the observations in our dataset are not sequential. Instead the algorithm will run 

through the observations itteratively, attempting to optimize the weights for a maximum number of iterations 

pre-set by the program. 

6.6.4. Linear Support Vector Classifier 

We fit a support vector classifier with a linear kernel. Support vector classifiers are considered powerful 

classifiers that are efficient and often does well on high-dimensional data (Pedregosa et al., 2011a). The support 

vector classifier works by separating the classes by computing a hyperplane with a maximum margin between 

the classes.  

Multinomial classification using the support vector classifier can be done using a one-versus-one strategy or 

using a one-vs-rest strategy (Pedregosa et al., 2011g). We use the one-vs-rest strategy that fits K classifiers, one 

for each class. For each classifier one class is coded as +1 and is fitted against the remaining 𝐾 − 1  classes, 

which are coded as −1. Therefor we use the class-membership notation 𝑦𝑖 ∈ {−1;+1}. 

When fitting the support vector classifier the goal is to find the optimal hyperplane used to separate the two 

classes, and classify new observations based on which side of the hyperplane they are. From Hastie, Tibshirani 

and Friedman (2009) we have that a hyperplane is defined as  
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{𝑥:     𝑓(𝑑) = 𝑤0 +𝑤
𝑇𝑥 = 0} 

The hyperplane, i.e. decision boundary, is used to classify new observations, so if 𝑓(𝑑) > 0 the observation is 

classified as 𝑦𝑖 = 1 and if 𝑓(𝑑) < 0 then it is classified as 𝑦𝑖 = −1. And the classification rule is; 

𝑐 = 𝑠𝑖𝑔𝑛[𝑓(𝑑)] = 𝑠𝑖𝑔𝑛[𝑤0 +𝑤
𝑇𝑥]  (4.1) 

We want to find the weights 𝑤 ∈ ℝ𝑝 and bias parameter 𝑤0 ∈ ℝ that maximizes the margin M between the two 

classes. However the algorithm instead solves the equivalent convex optimization problem of minimizing the 

Euclidean norm of w; 

  min𝑤,𝑤0 ||𝑤||   (4.2) 

subject to     𝑦𝑖(𝑤0 +𝑤
𝑇𝑥) ≥ 1,        𝑖 = 1,2,… , 𝑛 

The solution to the optimization problem is a linear combination of the support vectors, which are the 

observations that are on the boundary of the margin. This is known as the hard margin and requires that the 

classes are perfectly separable i.e. that all the observations should be correctly classified (Baesens, 2014). This 

means, that the classifier tends to overfit to the training set and generalizes poorly to new data. Instead we want 

to allow some observations to be misclassified while still making sure that it is as few as possible. This is done 

by calculating the soft margin, which extends the objective function to include a slack-variable, ξi, that allows 

for misclassifications (Baesens, 2014). The optimization problem now becomes; 

   min𝑤,𝑤0
1

2
||𝑤||

2
+ 𝐶 ∑ ξi

𝑛
𝑖=1 = min𝑤,𝑤0

1

2
∑ 𝑤𝑗

2𝑝
𝑗=1 + 𝐶 ∑ ξi

𝑛
𝑖=1   (4.3) 

subject to       𝑦𝑖(𝑤0 +𝑤
𝑇𝑥) ≥ 1 − ξi,      ∀𝑖 

ξi ≥ 0,          ∀𝑖 

Which is solved in order to find 𝑤 ∈ ℝ𝑝, 𝑤0 ∈ ℝ and ξi. The cost parameter C is a hyper-parameter that is tuned 

in order to find the optimal value. The cost parameter controls the sum of the slack-variables and it is used to 

trade-off between maximizing the margin and minimizing the classification errors (Baesens, 2014).  

From Hastie, Tibshirani and Friedman (2009) we have that the optimization problem can be solved by using the 

Langrangian dual objective function
3
 which creates a solution on the form 

       �̂� = ∑ �̂�𝑖𝑦𝑖𝑑𝑖𝑥
𝑛
𝑖=1     (4.4) 

Where 𝛼𝑖 is the lagrangian multiplier, which is only nonzero for the observations that meet the constraints of the 

optimization problem. These observations are called the support vectors, and the hyperplane, and subsequently 

                                                 
3
 We will not elaborate on how the optimization problem is solved using Langrangian optimization in this thesis, as this is 

beyond the scope. 



 Customer Engagement Behaviours in Facebook Comments 

47 of 80 

 

the classifier, is only affected by the support vectors. The support vectors are the training observations that lie on 

the margin or on the wrong side of the margin for their class. This means that the support vector classifier only 

relies on a small subset of training observations making it robust (James et al., 2013). It also means that the 

classifier works well on data that is high-dimensional (VanderPlas, 2016a). 

After having estimated the optimal values �̂�0 and vector �̂�, these are used to determine the decision boundary 

𝑓(𝑑) = 𝑤0̂+�̂�1𝑥1 + �̂�2𝑥2 +⋯+ �̂�𝑝𝑥𝑝 = �̂�0 + �̂�
𝑇𝑥 

Where new observations are classified according to; 

�̂�𝑛𝑒𝑤 = 𝑠𝑖𝑔𝑛 [𝑓(𝑑𝑛𝑒𝑤)] = 𝑠𝑖𝑔𝑛(�̂�0 + �̂�
𝑇𝑥) = { +1   𝑖𝑓  �̂�0 + �̂�

𝑇𝑥 > 0        
−1   𝑒𝑙𝑠𝑒                                     

 

However as we have multinomial data, and use the one-vs-rest method, the class membership of unseen new 

observation is instead based on a confidence score. This means that after having fitted the K classifiers, the class 

membership is predicted as the class with the highest score. This score is determined using the estimated 

decision boundary for class k, as this amounts to a high level of confidence that the observation belongs to this 

class (James et al., 2013; Paul, 2018). Therefor; 

 �̂�𝑛𝑒𝑤 = argmax𝑐𝑘∈𝐶 𝑓𝑘(𝑑𝑛𝑒𝑤)  (4.5) 

 

For our data classification we will also use a support vector machine fitted using stochastic gradient descent. The 

support vector machine fitted with stochastic gradient descent also estimates the optimal hyperplane, however it 

is found using the hinge loss function (Hastie, Tibshirani and Friedman, 2009); 

𝐿(𝑋, 𝑦; 𝑤) =∑max[0,1 − 𝑦𝑖(𝑤0 +𝑤
𝑇𝑥)]

𝑛

𝑖=1

 

Which is used in the optimization function that minimizes the training error (Pedregosa et al., 2011b); 

min
𝑤0,𝑤

1

𝑛
∑𝐿(𝑋, 𝑦;𝑤) + 𝜆𝑅(𝑤)

𝑛

𝑖=1

 

Where 𝑅(𝑤) is a regularization term like those used for logistic regression. 

The optimal values of 𝑤 ∈ ℝ𝑝 and 𝑤0 ∈ ℝ, are found using stochastic gradient descent. Stochastic gradient 

descent works well on large and sparse dataset, such as those we often find in text classification. However  it 

does require tuning of several hyper-parameters, such as the regularization parameter and the number of 

iterations (Pedregosa et al., 2011b). We will not elaborate further on how the model uses stochastic gradient 

descent to find the optimal solution. Fitting a support vector machine using stochastic gradient descent is similar 
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to logistic regression, but when the classes are well separated the support vector classifier tends to provide better 

results (James et al., 2013). 

6.6.5. Computational Methods 

The hyperparameters used, when training the algorithms, need to be tuned in order to find their optimal values. 

In order to do this we use gridsearch, where the hyperparameter values are found by searching through a grid of 

pre-set values for the optimal value (or values). This means that the classifiers are fitted for all combinations of a 

pre-set range of values, and the optimal set of values for the classifier is determined using crossvalidation. 

Tuning the hyperparameters using grid search comes at a significant computational burden, as many models 

need to be fitted (Swamynathan, 2017). However by tuning the hyperparameters we make sure that the fitted 

model classify the data as well as possible.  

After we have built the five classifiers we use ensemble learning to build the final prediction model, which 

combines the individual classifiers. Ensemble learning helps to improve the performance of the classification 

(Smolyakov, 2017). There are several different ensemble methods such as bagging, boosting and stacking 

(Hastie, Tibshirani and Friedman, 2009). The ensemble method we use when classifying unseen new 

observations is a simple voting ensemble, where observation are classified based on the majority vote. This 

method has been shown to reduce the classification error rate (Jacob van Veen, Nguyen The Dat and Segnini, 

2015) and works by having each classifier classify the unseen new observation, after which the observation is 

assigned to the class the majority of the classifiers determined as the class membership.   

6.7. Evaluation of the Classifiers 

We use the testing set to determine how well the models we have fitted, performs when classifying unseen new 

observations. This is done by using the fitted classifiers to predict the class membership of the observations in 

the testing set (�̂�) and compare this predicted class membership to the true class membership (𝑐𝑡𝑟𝑢𝑒).  

6.7.1. Performance Measures 

We have several different measures that can be used to assess the performance of the classifiers when predicting 

the class-membership of new observations. Among the measures that we calculate is the accuracy, which is 

calculated as the total amount of observations that are correctly classified out of all of the observations; 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ |�̂�𝑘 ∩ 𝑐𝑘|
𝐾
𝑘=1

𝑛
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Though accuracy is easy to understand when summarizing the performance of a classifier, the issue is, that when 

we have data that is highly imbalanced using accuracy tends to not be a good performance measure (Manning, 

Raghavan and Schütze, 2009). Accuracy looks at all classes combined and a good performance only in the 

majority class can account for good accuracy, which means we are not able to see how the classifier does on the 

minority classes. As we want to make sure that the classifier does well in all the classes the recall, precision and 

the F1 score are better as they account for how the classifier performs on the individual classes. The precision is 

the proportion of the observations that are predicted as being in category 𝑐𝑘 that truly belong in that category, i.e. 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(�̂�𝑘 , 𝑐𝑘) = 𝑝𝑟𝑒𝑘 =
True 𝑐𝑘

Total Predicted 𝑐𝑘
=

|𝑐̂𝑘∩𝑐𝑘|

|𝑐̂𝑘|
  

Recall is determined as the proportion of observations in category 𝑐𝑘 that are correctly predicted, so that; 

𝑟𝑒𝑐𝑎𝑙𝑙(�̂�𝑘 , 𝑐𝑘) = 𝑟𝑒𝑐𝑘 =
True 𝑐𝑘

Total True c𝑘
=

|𝑐̂𝑘∩𝑐𝑘|

|𝑐𝑘|
  

Finally the F1 score combines recall and precision into one measure by calculating the weighted harmonic mean. 

The F1 score is a value between 0 and 1, where a value of 1 means perfect classification of the new observations. 

For class k the recall, precision and F1 score is calculated as (Pedregosa et al., 2011d) 

𝐹1(�̂�𝑘, 𝑐𝑘) =
2 ∗ 𝑟𝑒𝑐𝑘 ∗ 𝑝𝑟𝑒𝑘
𝑟𝑒𝑐𝑘 + 𝑝𝑟𝑒𝑘

 

We also use macro-average and weighted-average that both produce a single value for the performance measures 

precision, recall and the F1 score. The macro average is found by computing the average performance value over 

all the classes, while the weighted average is calculated by also taking into account the number of observations 

in each class (Pedregosa et al., 2011d). These are calculated using the formula found in table 17. 

 Precision Recall F1 score 

Macro average 
𝑀𝑎𝑐𝑝𝑟𝑒𝑐 =

∑ 𝑝𝑟𝑒𝑐(�̂�𝑘 , 𝑐𝑘)
𝐾
𝑘=1

|𝐾|
 𝑀𝑎𝑐𝑟𝑒𝑐 =

∑ 𝑟𝑒𝑐(�̂�𝑘 , 𝑐𝑘)
𝐾
𝑘=1

|𝐾|
 𝑀𝑎𝑐𝐹1 =

∑ 𝐹1(�̂�𝑘 , 𝑐𝑘)
𝐾
𝑘=1

|𝐾|
 

Weighted 

average 
𝑊𝑒𝑖𝑔𝑝𝑟𝑒𝑐 =

∑ 𝑝𝑟𝑒𝑐(�̂�𝑘 , 𝑐𝑘)
𝐾
𝑘=1 ∗ |𝑐𝑘|

𝑛
 𝑊𝑒𝑖𝑔𝑟𝑒𝑐 =

∑ 𝑟𝑒𝑐(�̂�𝑘 , 𝑐𝑘)
𝐾
𝑘=1 ∗ |𝑐𝑘|

𝑛
 𝑊𝑒𝑖𝑔𝐹1 =

∑ 𝐹1(�̂�𝑘 , 𝑐𝑘)
𝐾
𝑘=1 ∗ |𝑐𝑘|

𝑛
 

Table 17: Formula for Macro Average and Weighted Average 

Finally the accuracy of the voted ensemble, i.e. the voted accuracy, is calculated. This is found using the voted 

class memberships, �̂�𝑣𝑜𝑡𝑒𝑑, and finding how many of these are correct compared to the true class memberships, 

𝑐𝑡𝑟𝑢𝑒, out of the total number of observations; 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑣𝑜𝑡𝑒𝑑 =
∑ |�̂�𝑖,𝑣𝑜𝑡𝑒𝑑 ∩ 𝑐𝑖,𝑡𝑟𝑢𝑒|
𝑛
𝑖=1

𝑛
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6.7.2. Performance Results 

The performance measures for each of the three class memberships, customer engagement behaviours, sentiment 

and intensity, are found in tables 18-20. Full tables also containing the notable influential word features can be 

found in appendix 7.5.1 (the total performance log-files can be found in appendix 7.6) 

Evaluation Measures: Customer Engagement Behaviours  

Algorithm Category Precision Recall F1 Support Accuracy  Macro 

Avg. 

Weighted 

Avg. 

NB Reply 0.57 0.88 0.69 59 0.53 Precision 0.47 0.54 

 Other 0.75 0.31 0.44 29 Recall 0.41 0.53 

 Opinion 0.54 0.56 0.55 68 F1 Score 0.4 0.50 

 Feedback 0.44 0.72 0.55 50  

 Trolling 0 0 0 8 

 SocialInteraction 0.61 0.25 0.35 56 

 CustomerService 0.33 0.25 0.29 12 

 Controversy 0.50 0.33 0.40 18 

Lin SVC Reply 0.88 0.59 0.71 59 0.55 Precision 0.49 0.58 

 Other 0.69 0.31 0.43 29 Recall 0.43 0.55 

 Opinion 0.51 0.66 0.57 68 F1 Score 0.44 0.55 

 Feedback 0.51 0.60 0.55 50  

 Trolling 0 0 0 8 

 SocialInteraction 0.49 0.66 0.56 56 

 CustomerService 0.23 0.25 0.24 12 

 Controversy 0.64 0.39 0.48 18 

LR Reply 0.87 0.56 0.68 59 0.51 Precision 0.35 0.50 

 Other 0.50 0.17 0.26 29 Recall 0.34 0.51 

 Opinion 0.43 0.78 0.55 68 F1 Score 0.32 0.47 

 Feedback 0.60 0.48 0.53 50  

 Trolling 0 0 0 8 

 SocialInteraction 0.44 0.70 0.54 56 

 CustomerService 0 0 0 12 

 Controversy 0 0 0 18 

PA Reply 0.89 0.58 0.70 59 0.56 Precision 0.49 0.58 

 Other 0.62 0.28 0.38 29 Recall 0.42 0.56 

 Opinion 0.51 0.69 0.58 68 F1 Score 0.43 0.55 

 Feedback 0.54 0.64 0.59 50  

 Trolling 0 0 0 8 
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 SocialInteraction 0.50 0.68 0.58 56 

 CustomerService 0.23 0.25 0.24 12 

 Controversy 0.62 0.28 0.38 18 

SVM SGD Reply 0.86 0.53 0.65 59 0.54 Precision 0.49 0.57 

 Other 0.64 0.31 0.42 29 Recall 0.40 0.54 

 Opinion 0.49 0.72 0.59 68 F1 Score 0.41 0.52 

 Feedback 0.52 0.60 0.56 50  

 Trolling 0 0 0 8 

 SocialInteraction 0.47 0.66 0.55 56 

 CustomerService 0.30 0.25 0.27 12 

 Controversy 0.60 0.17 0.26 18 

Voted Accuracy 0.56 

Table 18: Evaluation Measures – Customer Engagement Behaviours 

Evaluation Measures: Sentiment  

Algorithm Category Precision Recall F1 

Score 

Support Accuracy  Macro 

Avg. 

Weighted 

Avg. 

NB Neutral 0.58 0.79 0.67 102 0.64 Precision 0.66 0.67 

 Negative 0.64 0.78 0.70 76 Recall 0.67 0.64 

 Positive 0.77 0.43 0.55 122 F1 Score 0.64 0.63 

Lin SVC Neutral 0.56 0.85 0.67 102 0.62 Precision 0.64 0.64 

 Negative 0.70 0.63 0.66 76 Recall 0.63 0.62 

 Positive 0.68 0.42 0.52 122 F1 Score 0.62 0.61 

LR Neutral 0.55 0.86 0.67 102 0.61 Precision 0.64 0.63 

 Negative 0.72 0.51 0.60 76 Recall 0.61 0.61 

 Positive 0.65 0.46 0.54 122 F1 Score 0.60 0.60 

PA Neutral 0.58 0.75 0.66 102 0.63 Precision 0.64 0.64 

 Negative 0.62 0.71 0.66 76 Recall 0.64 0.63 

 Positive 0.71 0.47 0.56 122 F1 Score 0.63 0.62 

SVM SGD Neutral 0.56 0.81 0.67 102 0.61 Precision 0.62 0.62 

 Negative 0.67 0.63 0.65 76 Recall 0.62 0.61 

 Positive 0.63 0.42 0.50 122 F1 Score 0.61 0.60 

Voted Accuracy 0.623 

Table 19: Evaluation Measures – Sentiment 

Evaluation Measures: Intensity 

Algorithm Category Precision Recall F1 

Score 

Support Accuracy  Macro 

Avg. 

Weighted 

Avg. 
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NB NoIntensity 0.81 0.83 0.82 135 0.64 Precision 0.59 0.65 

 High 0.37 0.45 0.40 51 Recall 0.60 0.64 

 Low 0.59 0.51 0.55 114 F1 Score 0.59 0.64 

Lin SVC NoIntensity 0.72 0.87 0.79 135 0.65 Precision 0.59 0.63 

 High 0.43 0.31 0.36 51 Recall 0.58 0.65 

 Low 0.62 0.54 0.58 114 F1 Score 0.58 0.64 

LR NoIntensity 0.70 0.93 0.80 135 0.67 Precision 0.64 0.66 

 High 0.58 0.14 0.22 51 Recall 0.56 0.67 

 Low 0.64 0.61 0.62 114 F1 Score 0.55 0.63 

PA NoIntensity 0.79 0.85 0.82 135 0.69 Precision 0.64 0.69 

 High 0.48 0.49 0.49 51 Recall 0.64 0.69 

 Low 0.65 0.59 0.62 114 F1 Score 0.64 0.69 

SVM SGD NoIntensity 0.78 0.87 0.82 135 0.69 Precision 0.64 0.68 

 High 0.49 0.45 0.47 51 Recall 0.64 0.69 

 Low 0.66 0.59 0.62 114 F1 Score 0.64 0.69 

Voted Accuracy 0.673 

Table 20: Evaluation Measures – Intensity 

When attempting to run these fitted classifiers we experienced some issues getting them to run for three of the 

datasets; Lloyds Bank, Tesla and Volkswagen. Therefor we had to re-train the classifiers in order to get them to 

run for these datasets - which resulted in new classifiers and performance measures. The performance measures 

for these can be found in appendix 7.6.2. These measures are very similar to those used for the majority of the 

datasets seen in table 18-20, which is why we will only refer to these used for the majority of the datasets. 

The voted accuracy for CEBs is 56%, and in general we see some issues with the performance measures.  

Logistic regression does not do well with low macro-average scores, which can be attributed to it not classifying 

any comments as being Trolling, Customer Service or Controversy. The weighted average however does better, 

as it takes into account the small number of observations in each category. In general we see that the macro-

average and weighted average for all of the classifiers are approximately 40-58%, with the weighted average 

doing better as it takes into account the class imbalance, where we have some much smaller classes. We also see 

that the Reply- and Other categories generally have high precision and lower recall, which means that the models 

does not classify the category well, but when it classifies a comment as being these categories it is very reliable. 

None of the models classify any of the comments as being Trolling. Customer Service is also not classified very 

well. However both of these categories are also very small, which may account for the classifiers inability to 

handle them well. For Opinion, Feedback and Social Interaction we see that all the classifiers perform well, with 

high recall- and precision scores (and therefor also F1 score). 
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The varying performance, when classifying comments according to CEBs, may be due to the comments being 

short. This means that there are few word-features indicating the class-membership in each comment, which can 

negatively impact the performance. We are also attempting to capture the full range of different CEBs that 

happen in the comments. If we were only attempting to classify a few very specific types of CEBs, we would 

potentially have categories with more specific and unique features, that would help in the classification. 

Additionally some categories are very domain or company specific. For example the comments we see in the 

categories Reply and Trolling are very specific to the company profiles they are left on. This means the features 

for these categories will not be as generalizable across the different companies.  

For sentiment the voted accuracy is 62.3%, and all of the performance measures are considerably better than 

those for the CEBs. Particularly the negative category and the neutral category does well with high F1 scores. 

This mainly comes from high recall scores, which means that the classes are identified well, but that other 

comments are included.  The positive class for all the classifiers has a high precision score and a lower recall 

score which means that the classifiers are very precise but may not identify the comments well.  

For intensity the voted accuracy is 67.3%. There are bigger differences between how the individual classifiers 

perform as opposed to CEB and sentiment. The no-intensity generally has very high F1 score from both a high 

recall score and a high precision score, which means that the classifiers handle this type of comment very well. 

The low intensity also does well, however we see big differences in how the classifiers handle high-intensity. 

Particularly logistic regression has very low recall score for high-intensity which means that the classifier does 

not identify the class well. The low performance in the high-intensity category may again have something to do 

with the class imbalance, where few of the comments are high-intensity.  

For both sentiment and intensity we get macro- and weighted average values of recall, precision and F1 scores 

that are similar in the range of 55-69%.  

However in addition to the performance measures we are also provided with 40 feature weights for each label. 

These show which top 20 words, according to the classifier, score high and are most influential when indicating 

the class and which bottom 20 words that are not. These feature-weights help us to make a more qualitative 

assessment of how the models work and which features are being used to identify a class, helping with the 

interpretability of the model. We generally see that for all of the models many of the most influential word-

features are words that represent the class well. For the CEBs we see many non-english word in the Other 

category, many names for Social Interaction and short nonsensical words for Reply. For Opinion there are many 

descriptive words, such as “love”, “yummy”, “gross” and “beautiful”, while the Feedback category instead have 

words that reads as orders such as “open”, “bring”, “wait” and “come”. For the Trolling category some of the 
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most influential words are “white”, “diabetes”, “women” and “fraudsters”. Many of the most influential words 

for the Customer service category are words that would be used in an email such as “hello” and “question” or 

referencing an issue with technology such as “app”, “internet”, “text”.  Finally for the Controversy category we 

see words that reference the companies’ impacts such as “profit”, “funding” and “emissions”. So even though 

there are issues with the performance measures, we can see that many of the most influential words are words 

that we associate with the CEB categories. This can to some degree alleviate some of the performance measure 

issues.  

For sentiment the most influential words for the neutral class, for all of the models, are words with no innate 

sentiment, while the least influential often are words linked to expressing positive and negative sentiment such 

as “good”, “love” and “gross”. For positive sentiment many of the influential words are words that express 

positive sentiment such as “great”, “awesome” and “best”. For negative sentiment we do not see the same 

amount of negative words that are influential.  The few we see are words such as “gross” and “horrible”. 

However, for negative sentiment we see that many of the least influential words are words associated with 

positive sentiment such as “awesome”, “best” and “love”. That positive laden words are least influential in 

indicating the negative class makes sense intuitively, and it can make up for there not being as many influential 

negative words.   

For intensity the most influential words for no-intensity are words with no innate intensity. Also words that often 

help to show both high and low intensity are among the least influential words for the no-intensity class. The 

high intensity class for all of the models have large feature weights for words that are very intense, such as 

“wow”, “best”, “gross”, “love”, “fantastic” and “horrible”. The same tendency occurs for the low intensity class 

where words such as “nice” and “like” are among the most influential words. 

  



 Customer Engagement Behaviours in Facebook Comments 

55 of 80 

 

7. Results and Findings 

The classifiers that we have trained are used to classify the comments of each of the 10 datasets. These classified 

datasets are used to gain insights into the customer engagement behaviours that happen on each company’s 

profile and how these may vary. There are many different things that can be deduced from the datasets however 

we will focus on the most noticeable patterns for each company in terms of the CEB frequencies and their 

sentiment and intensity. The total amount of comments in each category is found as well as how big of a 

percentage the category is out of the total. The percentage is valuable when comparing the results between the 

datasets, as the percentage takes into account that the datasets are very different sizes. We also look into how 

many of each of the CEB categories are which sentiment and intensity, particularly looking for any noticeable 

patterns in terms positive or negative sentiment and high intensity. Finally we also investigate how the CEBs 

change over time. For each company we find how many of the comments belong to each of the categories of 

CEB, sentiment and intensity, these results can be found in table 21. 

These summarizing calculations and visual representations are found using R (see appendix 10 for the R script 

used to find these results). Summarising statistics for each company’s data can be found in appendix 8.1, which 

include a summary of the data, the total and relative class frequencies as well as the sentiment and intensity 

frequencies of each CEB category.  

For each company we use a barplot to illustrate the CEB frequencies. These plots include the total frequency of 

the CEB category below each bar and the relative frequency above the bar. We also plot the sentiment and 

intensity of each CEB category, which can be found in appendix 8.2. These plots illustrate how many of each 

CEB that are which sentiment and intensity but also the percentage of each sentiment that are high, low or no-

intensity.  In appendix 8.3 we have included the plots of the CEB activity over time. These include the total 

comment frequency over time, the frequency of each CEB category over time and plots of sentiment and 

intensity distributions over time. 

Below we will go over the results and findings for each company. However we do not look much into the CEB 

category Other as these are mainly comments in other languages or ones that are otherwise unintelligible. The 

general pattern shows that these comments only account for a small percentage, for the most part less than 5%, 

of the comments and they are mainly of neutral sentiment and no intensity.  
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Frequency 

Total and Percentage 

 British Airways Ryanair McDonald’s Burger King Tesla Volkswagen Apple Samsung Lloyds Bank HSBCUK 

 Total % Total % Total % Total % Total % Total % Total % Total % Total % Total % 

Controversy 51 0.92 77 0.44 3307 1.69 1569 0.89 5866 1.52 3159 6.35 119 0.44 1913 0.56 344 0.77 1465 4.6 

Customer 

Service 
179 3.22 1619 9.24 4702 2.41 2326 1.31 7720 2.01 546 1.1 363 1.35 10744 3.16 1925 4.3 3470 10.89 

Feedback 303 5.46 1715 9.79 38245 19.57 19915 11.23 48330 12.56 5826 11.71 602 2.24 35971 10.58 13003 29.05 13418 42.12 

Opinion 1819 32.76 3099 17.69 91678 46.92 54872 30.96 120502 31.32 15568 31.3 4905 18.22 88000 25.87 7241 16.18 5770 18.11 

Other 179 3.22 939 5.36 5245 2.68 6347 3.58 22211 5.77 1842 3.7 1053 3.91 51974 15.28 426 0.95 815 2.56 

Reply 1143 20.59 6560 37.45 8737 4.47 7267 4.1 16700 4.34 2845 5.72 10867 40.36 26848 7.89 16605 37.1 1098 3.45 

Social 

Interaction 
1860 33.5 3491 19.93 42235 21.62 84398 47.61 162189 42.15 19823 39.86 8949 33.24 122338 35.97 5184 11.58 5715 17.94 

Trolling 18 0.32 18 0.1 1247 0.64 565 0.32 1251 0.33 127 0.26 66 0.25 2356 0.69 34 0.08 109 0.34 

Negative 343 6.18 2197 12.54 70956 36.31 28579 16.12 63655 16.54 7257 14.59 1922 7.14 52077 15.31 16335 36.49 18788 58.97 

Neutral 2819 50.77 11721 66.91 54250 27.76 83215 46.95 179525 46.66 19227 38.66 21997 81.7 219755 64.61 21720 48.52 8200 25.74 

Positive 2390 43.05 3600 20.55 70190 35.92 65465 36.93 141589 36.8 23252 46.75 3005 11.16 68312 20.08 6707 14.98 4872 15.29 

High 784 14.12 988 5.64 51024 26.11 17596 9.93 36415 9.46 6343 12.75 974 3.62 32401 9.53 5795 12.95 8925 28.01 

Low 1841 33.16 4949 28.25 87332 44.69 66518 37.53 136410 35.45 20698 41.62 2947 10.95 79054 23.24 16515 36.9 14706 46.16 

No Intensity 2927 52.72 11581 66.11 57040 29.19 93145 52.55 211944 55.08 22695 45.63 23003 85.44 228689 67.23 22452 50.16 8229 25.83 

Total 5551 / 17518 / 
195396 

/ 
17725

9 
/ 

384769 
/ 

49736 
/ 

26924 
/ 

340144 
/ 

44762 
/ 

31860 
/ 

Time 
2014-10-28 to 

2016-11-05 

2015-07-08 to 2

016-11-05 

2014-12-11 to 20

16-11-17 

2014-10-25 to 2

016-11-17 

2014-10-25 to 2

016-11-18 

2014-10-25 to 20

16-11-03 

2014-01-30 to 20

16-10-18 

2013-09-07 to 20

16-12-15 

2014-01-30 to 20

16-10-18 

2013-09-07 to 20

16-12-15 

Table 21: Frequency Table (total and relative)
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Airlines:  

Ryanair: For Ryanair the majority of the comments are Reply, Social Interaction and Opinion, see figure 1. 

Particularly the Reply category is very big with the comments being mainly neutral sentiment and no intensity is 

very big. We also see that the most frequent comments is a Reply-comment, “#RyanairWinflight”, which has 

been left 1850 times. This indicates that the company engages in a strategy where they do a lot to promote 

engagement through Reply-comments and they are very successful at this. Overall 12.54% of the comments are 

of negative sentiment and 20.55% are of positive sentiment.  

 

Figure 1: Barplot of the Customer Engagement Behaviours for Ryanair 

We also find that comments in the Social Interactions category are mainly neutral sentiment and of no intensity 

which corresponds to the comments consisting of other user’s names which indicate that users are tagging and 

sharing the posts. In general only 5.6% of the comments are of high intensity and we find that most of the high 

intensity comments are in the Opinion category. Of the comments, that are the Opinion category, the majority of 

these, 65.31%, are of positive sentiment, while 14.39% are negative. Looking into the intensity of each sentiment 

for each of the CEB categories (see appendix 8.2.1), we find the majority of high intensity comment are positive 

Opinions. Of the negative Opinion 29.6% of these are high intensity, while of the positive Opinions 19.91% are 

high intensity. So there may be a lot more positive Opinions, but a greater part of the negative Opinions are high 

intensity. As to be expected, the comments that are Feedback are mainly negative, this corresponds to the fact 

that users mainly leave feedback wanting something to change, which often translates to the comment having a 
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negative sentiment. However we find that only a small part of the negative Feedback has a high intensity 

indicating less urgency as well as lessening the potential negative impact of these comments.  

Looking into how the comment activity changes over time (see figure 2), we find that there overall is a lot more 

activity in 2015, especially the Reply category is vastly bigger in 2015 than 2016. The increased activity happens 

during October 2015 (see appendix 8.3.1 for plot of activity over time). Not only are there a lot more comment 

activity during 2015, there are also big difference in the percentage of comments that are Reply and Social 

Interaction. The Reply category is vastly bigger in 2015, while Social Interaction percentage wise is larger in 

2016. This indicates that the Ryanair runs a very successful strategy to increase customer engagement in 2015. 

 

Figure 2: Frequency of Customer Engagement Behaviours over Time 

British Airways: For British Airways we see that the CEBs that take place mainly are Social Interactions and 

Opinions followed by Reply (see figure 3). In total very few of the comments are of negative sentiment, 

specifically only 6.18% of the comments are of negative sentiment while 43.05% are of positive sentiment. We 

find that the vast majority of the Opinion comments are of positive sentiment. Specifically 84.28% of the 

Opinion comments are of positive sentiment where 33.59% of these are of high sentiment (see appendix 8.2.1).  
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Figure 3: Barplot of the Customer Engagement Behaviours for British Airways 

Over time we see very big changes in the amount of comments that are left on the British Airways profile, see 

figure 4. Engagement is very high in 2014, despite the dataset only being from the months of October to 

December of 2014. In 2014 in particular there are a lot of comments that are of the categories Opinion, Reply 

and Social Interaction. The high amount of positive Opinions we saw overall particularly seems to be from 

November 2014, where we can see that there are a lot of the Opinion comments that are positive and of high 

intensity (see appendix 8.3.2 for plot of sentiment and intensity distributions over time). 

 

Figure 4: Frequency of Customer Engagement Behaviours over Time 
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Comparing the comment activity of the two airlines British Airways and Ryanair we see in table 21, that there is 

significantly more activity on Ryanair’s posts, where British Airways gets 5551 comments and Ryanair gets 

17518 comments, even during a shorter time period. This appears to be due to Ryanair getting a lot of Reply 

comments. And though both companies overall see a lot of Reply-comments, Ryanair appears to be especially 

successful at getting users to engage through Reply comments. When looking at the percentages of the different 

CEB categories we find that the categories Controversy, Trolling and Other take up approximately the same 

percentage of the comments for both companies. Though only a small percentage of the comments are of 

negative sentiment for both companies, a much greater percentage of the British Airways comments are positive 

sentiment. This is especially evident in the Opinion category where British Airways sees a much greater 

percentage of positive and high intensity comments.  British Airways also sees a lot less negative Feedback. That 

British Airways sees a lot more positive comments compared to Ryanair indicates that Ryanair being a low cost 

airline, with a primary focus on keeping cost low, negatively affects the CEB’s expressed on their Facebook 

post, which may negatively influence other customers. It also seems like Ryanair attempts to reduce this by 

increasing the Reply-comments.  

Fastfood Restaurants:  

Burger King: Burger King sees a lot of comments that are Social Interactions and Opinions, see figure 5. The 

Opinions are mainly positive, however out of the negative Opinions a greater percentage of these are high 

intensity compared to the positive Opinions (see appendix 8.2.2). So even though there are more positive 

Opinions, a greater percentage of the negative Opinions are high intensity.  

 

Figure : Barplot of the Customer Engagement Behaviours for Burger King 
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Looking at the CEBs over time we do not go over 2014 as we only have data from October to December of that 

year. Comparing 2015 and 2016, see figure 6, we see the very similar frequencies the two years. The only 

difference is found in Social Interaction and Opinion. Particularly Social Interactions sees a large increase 

around October of both years (see appendix 8.3.3 for plot of CEB activities over time). The additional Opinion-

comments in 2015 are primarily positive.  

 

Figure 6: Frequency of Customer Engagement Behaviours over Time 

McDonald’s: The majority of the comments on McDonald’s are of the Opinion category, see figure 7. Overall a 

large percentage of the comments are negative (36.31%) and almost half of these are of high intensity. This 

pattern is especially evident in the Opinion-comments, where almost half of these are negative and a very large 

percentage of these are of high intensity (52.62%), see appendix 8.2.2. This shows that the negative opinions 

expressed are very intense, which is something that may negative affect the company. We also see that there is a 

lot of high intensity negative Feedback. 
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Figure 7: Barplot of the Customer Engagement Behaviours for McDonald’s 

Over time we again disregard year 2014 as we only have 2 months of this year. Comparing 2015 and 2016 we 

see that there is more activity in 2015 (see figure 8), however percentage wise there is not much change in how 

many of the comments are of each CEB category. The increased activity in 2015 is primarily due to a large spike 

in both negative and positive Opinion comments in January of 2015 (see appendix 8.3.5 for plot of the CEB 

activities over time and plots of sentiment and intensity distributions over time). 

 

Figure 8: Frequency of Customer Engagement Behaviours over Time 
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Comparing McDonald’s and Burger King we see that overall both company in total have almost the same 

amount of comments. McDonald’s however has almost twice as many locations as Burger King, so it is 

surprising to see that they get approximately the same amount of engagement. However the distributions of the 

CEBs are very different. Burger King has approximately twice as many comments that are Social Interactions, 

indicating that the Burger King comments to a much greater degree are shared with other customers. When 

looking at the Opinion category Burger King mainly sees positive Opinions while McDonald’s sees a lot more 

negative. Additionally for McDonald’s a greater percentage of the negative Opinion-comments are high 

intensity.  Fastfood restaurants in general tend to be very polarising, with many people having strong opinions 

about them, however McDonald’s seem to evoke stronger opinions than Burger King. Similarly we also see that 

McDonald’s sees more Controversy-comments than Burger King. These Controversy behaviours particularly 

increase in April of 2015 and seem to be due to a comment asking them to modify their use of palm oil. This 

comment is the most frequent comment on the McDonald’s profile and was left 767 times. So not only do we 

find that McDonald’s overall gets a lot more negative and high intensity comments but users are also actively 

engaged in an effort to get them to change their operations.   

Auto Manufacturers:  

Tesla: For Tesla the most common CEBs are Social Interactions and Opinions, see figure 9. Overall 36.8% of 

the comments are of positive sentiment while only 16.54% are negative. There are a lot more positive Opinion-

comments than negative and also a lot of the Feedback-comments are positive (see appendix 8.2.3).  

 

Figure 9: Barplot of the Customer Engagement Behaviours for Tesla 
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Keeping in mind that we only have data from 3 months of 2014, we do see that percentage wise there is not 

much change over time in how many there are of each CEB category (see figure 10). However there is a slight 

increase in the amount of comments made from 2015 to 2016 particularly of Social Interaction-comments. 

 

Figure 10: Frequency of Customer Engagement Behaviours over Time 

Volkswagen: On the Volkswagen Facebook profile we mainly see Social Interactions and Opinion-comments, 

see figure 11. The Opinion-comments are for the vast majority positive with many of these being high intensity 

(see appendix 8.2.3). Volkswagen also gets a lot more comments that are Controversy than we see on other 

company’s profiles. 

 

Figure 11: Barplot of the Customer Engagement Behaviours for Volkswagen 
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Over time we find that there is a lot more activity happening in 2015 compared to 2016, see figure 12. The 

categories where we see the biggest change are Opinion and Controversy.  Percentage wise in 2014 only 2.44% 

of the comments were of controversy, while in 2015 7.14% of the comments are of controversy. This 

corresponds to the fact that it was in the fall of 2015 Volkswagen was exposed for having “cheating software” in 

their diesel cars and tampering with the emissions tests (Hotten, 2015). However it is not only the Controversy 

comments that increase during this time, also Feedback, Opinion, and Social Interaction increase (see appendix 

8.3.6 for plots of CEB activities over time). We also find that there are a lot more negative and intense comments 

in 2015. However surprisingly there are also a lot more positive comments in 2015, in particular there are more 

than twice as many positive Opinion-comments in 2015 compared to 2016. This indicates that even though the 

company faced a massive emissions controversy in 2015, the company not only saw an increase in negative 

CEBs but also in positive behaviours. Aspects closely linked to CEBs such as company loyalty and customers 

wanting to “defend” the company may have played a role in why customers also increased their positive CEBs. 

 

Figure 12: Frequency of Customer Engagement Behaviours over Time 

Comparing the activity on Tesla’s and Volkswagen’s profiles we see that there is a lot more comments in Tesla’s 

profile where Tesla has almost 8 times as many comments as Volkswagen. However looking at the percentages 

of each CEB category we see that these are almost identical except for Volkswagen getting a lot more 

Controversy-comments. Both companies also gets a lot of positive Opinion-comments, with 65.79% of the 

Opinion-comments on Tesla’s page being positive and 79.89% on Volkswagen’s page being positive. However 
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considering the emissions scandal Volkswagen experienced, it is surprising that only 12.63% of the opinions 

were negative versus 24.6% for Tesla. We would have expected to see more negative Opinions on Volkswagen’s 

profile, however it is worth noting that a much greater percentage of these negative Opinion-comments are of 

high intensity on Volkswagen’s profile compared to those on Tesla’s.  

Consumer Electronics:  

Apple: The Apple comments mainly consist of Reply, Social Interaction and Opinion, see figure 13. Overall 

very few of the comments are positive or negative, which corresponds to the fact that the majority of the 

comments are either reply of social interaction which most often are neutral and with no intensity. The majority 

of the Opinion-comments are positive and generally few of the Opinion-comments have high intensity (see 

appendix 8.2.4). 

 

Figure 13: Barplot of the Customer Engagement Behaviours for Apple 

Over time we see very big changes in the amount of comments with a very big drop in 2015, see figure 14. In 

2014 there are very big spikes in Reply’s and Social Interactions, indicating that the profile tries to actively 

encourage engagement through Reply’s which is also shared through Social Interactions that tag other users.  
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Figure 14: Frequency of Customer Engagement Behaviours over Time 

Samsung Mobile: The most common CEB’s in the comments on Samsung’s profile are Social Interactions and 

Opinion, see figure 15. The Opinions are few of these are negative while 56.17% are positive with 29.03% of 

these being high intensity (see appendix 8.2.4). Among the comments that are negative Feedback we also see 

that a significant part of these are high intensity, specifically 36.22% of the negative Feedback is high intensity, 

indicating a high level of urgency among the feedback left for the company.  Samsung is also the company that 

by far sees the largest percentage of the comments being of the Other category. The Other category contains 

comments in languages other than English and other nonsensical comments, which indicate that Samsung sees a 

lot of comments that are not in English compared to the other companies. We also see that the most frequent 

comment, occurring 1791 times, is a comment in Spanish asking them to recycle the discarded Samsung Galaxy 

Note 7 phones. This shows that there was an active campaign trying to influence the company, however it was 

done in a language other than English, therefor this comment is in the Other category. 
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Figure 15: Barplot of the Customer Engagement Behaviours for Samsung Mobile 

Over time we see that there are more comments during 2014, see figure 16. We can see that the Other category is 

consistently around 13-15% of the comments with an increase in 2016 to 20.51%. We also see a decrease in 

Opinion-comments in 2016.  As it was in 2016 Samsung experienced that the battery of the newly launched 

Samsung Galaxy note 7 caught fire (Kharpal, 2016), we would expect for this to mean an increase in 

Controversy or Opinion, instead we see an increase in Other, which may be due to many of the comments that 

would have belonged to these categories are in languages other than English. Most of the CEBs increase at the 

same time, it is only the Other category that sees a big spike late 2016, indicating that this is when the campaign 

with the Spanish comments regarding the Note 7 was initiated (see appendix 8.3.8 for plots of CEB activities 

over time and the plots of sentiment and intensity distributions over time). Over the years we also find that there 

is a steady increase in the percentage of the comments that are Feedback as well as an increase in how many of 

these that that are negative and high intensity. This would indicate that the customers are more pressing and 

urgent regarding the changes they want to see.  
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Figure 16: Frequency of Customer Engagement Behaviours over Time 

Comparing the CEBs of the Apple and Samsung profiles we most noticeably see that Apple to a much larger 

degree sees Reply’s and a lot less Feedback than Samsung. Samsung also gets a lot more Opinion-comments that 

are negative and high intensity. However this difference may be due to the fact that the Apple profile, from 

which the data is collected, is a fan page. This page was operated identical to an official company page and many 

of the CEBs are very similar to an official company page, which is why we decided to keep it in the analysis. 

However, the activity on the Apple page is quite different in the way that they primarily promote engagement 

through Reply-comment and sees very little of the behaviours where the customer is actively trying to reach the 

company such as through the Feedback and Customer Service-comments. This shows that there is a clear 

difference between the CEBs on official company pages and fan accounts, whose primary purpose is to increase 

activity.  
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Banks:  

Lloyds Bank: The most common types of CEBs displayed in the comments of Lloyds Bank are Reply 

followed by Feedback, see figure 17. This shows that the company is very active in trying to increase 

engagement through directing users to leave replies. We can also see that the most frequent comment is one that 

says “Blush”, which appears 1391 times, followed by comments that says “Blush bear”, “Blush Bear and “Blush 

x” which are left a combined 769 times. These types of comments, with one or two words without context, are 

often indicative of the comment being a Reply where the user responds based on the directives of the company’s 

post. We also see that a large portion of the comments are of the Feedback category. Of the comments that are 

Feedback, as to be expected the vast majority, 84.18% of these are of negative sentiment with 29.89% being high 

intensity (see appendix 8.2.5). With so many of the Feedback being negative and high intensity this indicates that 

many customers are unhappy and to a large degree use Facebook to try to get improvements and changes. 

 

Figure 17: Barplot of the Customer Engagement Behaviours for Lloyds Bank 

The comments that are Opinion are almost equally split between being positive and negative. However out of the 

negative Opinion-comments 30% of these are high intensity, versus only 23.35% of the positive being high 

intensity. Especially high intensity negative opinions may influence other customers, so it may be important that 

the company looks into these to see whether they can do something to address them. 

Over time we see very little comment activity from 2011 to 2013, with a slight increase in 2014 to 2016, see 

figure 18. However in 2015 we see a massive increase in the Reply category while the amount of comments in 
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the other categories stays the same. This indicates that the large amount we see of the Reply category overall 

primarily stems from the large increase in 2015, specifically we find two big increases in Reply-comments that 

happen in April and June of 2015 (see appendix 8.3.9 for plots of CEB activities over time). This indicates that 

the company did a lot to increase Reply’s or was unusually successful at getting Reply’s during this time. 

 

Figure 18: Frequency of Customer Engagement Behaviours over Time 
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HSBC UK: For HSBC UK we see that by far the biggest category of CEB’s are Feedback followed by the 

Opinion and Social Interactions, see figure 19. Overall more than half of all the comments are of negative 

sentiment. This  may be a result of the large Feedback category that tends to be negative because customers want 

something changed. It is worth noting that a very big percentage of the negative, Feedback are of high intensity, 

specifically 43.15% of the negative Feedback are high intensity (see appendix 8.2.5). This indicates a high level 

of dissatisfaction, and it is important that the company investigates these comments. Out of the Opinion category 

we, similarly to Lloyds Bank, see that approximately half the comments are either positive or negative. However 

compared to Lloyds Bank a much greater percentage of the negative Opinion are high intensity, specifically 

44.26% of the negative Opinion-comments are high intensity. We also see that 4.6% of the comments are of the 

category Controversy. This is compared to the other companies a large percentage and a sign that the company is 

seeing a lot of Controversy-comments that can negatively affect the public image.  

 

Figure 19: Barplot of the Customer Engagement Behaviours for HSBCUK 

Over time we see small changes in how big of a percentage the different CEB categories are out of the total, and 

a lot more activity in 2016 (see figure 20). However we also see where the large percentage of Controversy-

comments stem from, as we find a very big rise in this category in February of 2017 (see appendix 8.3.10 for 

plots of CEB activities over time). The Controversy-comments from 2017 are mainly protests of the bank 

funding rainforest deforestation. Despite the company denying this in January of 2017 (Kentish, 2017), we are 

able to see how these Controversy-comments, protesting the Bank’s actions, still saw a massive increase in 

February. These types of comments can affect the company’s public image and help to spread the information to 
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other customers, and it is important for the company to be able to handle these issues. We also see how little 

affect the company denying their involvement truly has in curving the customers’ perceptions.  

 

Figure 20: Frequency of Customer Engagement Behaviours over Time 

Comparing Lloyds Bank and HSBC UK we see that there is a very big difference in the Reply category. Lloyds 

Bank to a much greater degree encourages engagement through comments that are Reply opposed to HSBC UK. 

HSBC UK also sees a lot more comments that are Customer Service indicating that their customers more often 

use the Facebook platform as an avenue for getting assistance.   
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8. Discussion 

With the proposed CEB categories we are able to review how customer engagement behaviours are expressed in 

the comments across different companies’ Facebook profiles. For each company we find different patterns for 

how prevalent the different CEB categories are. These show to which degree each CEB is expressed, but they 

also provide a way to access different types of behaviours. Opinion-comments provide insights into how the 

customers feel about the company, and the company can use them to gain insights into their public image and the 

customers’ attitudes towards the company. We are able to see that McDonald’s get a lot of comments that are 

high-intensity negative Opinions compared to Burger King. These results reflect that McDonald’s as a company 

are very polarising, and the customers have very strong opinions of them – most of which are very negative. And 

even though McDonald’s and Burger King are very similar it appears as though McDonald’s has an image 

problem. The Opinion-comments can also gain traction from one another and influence other customers, which 

is why it is important for companies to monitor these behaviours (Hansson, Wrangmo and Søilen, 2013). The 

Feedback-comments can provide information and knowledge on changes that the customers want to see. This 

provides a resource for the companies to tap into for improvements and new developments. In general obtaining 

feedback from customers are often done using surveys to collect information on products, customer 

demographics, product expectations and experiences and other information, that are useful to the company 

(Balagué and de Valck, 2013). The design of these surveys and its questions are dependent on the company’s 

goal for the survey and the information they seek. Using the comments to collect customer feedback, means that 

the company has very little control over the feedback provided, as it is not produced on the basis of a survey or 

other more structured routes. Therefor it may not be as useful in highlighting specific issues, though it may still 

assist the company in obtaining useful information that can be used for improvement and new developments. For 

example we find many comments on the Apple profile asking them to bring back the slide function for unlocking 

the Iphones, or on the Samsung profile people being unhappy with the software updates for their smartphones. 

Both are issues that the companies may want to take into account for future product developments.  For the 

fastfood restaurants Burger King and McDonald’s many of the Feedback-comments are asking for them to bring 

back some menu item, which may be useful in seeing the items’ popularity and whether they should be returned 

to the menu. A discontinued item that has a high traction in popularity online, could be brought back for a 

limited time, exploiting the popularity and ability to have things go “viral” online to promote the company. 

Overall we also see that many of the Feedback-comments for all the companies are complaints about their 

customer-service over email or phone. Such comments are not only attempts at getting improvements done to the 

customer service, but they also exert power over the company (Hennig-Thurau et al., 2004), by attempting to 

leverage the public platform to scold the company, negatively impacting their public image.  
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The results also show that the comments for all companies consist of a lot of Social Interactions. For all of the 

companies, except the two banks, Social Interactions are among the top two most common types of CEBs found 

in the comments. The Social Interaction-comments are mainly of neutral sentiment and have no intensity, 

indicating that the comments consist of the names of other users which is used to tag other users and share the 

posts. One of the main objectives of social networking sites, such as Facebook, is to facilitate social interactions 

and connect users (Kaplan and Haenlein, 2010). So the Social Interaction category consistently being very large 

across is not surprising, and it shows how the companies are able to exploit these online networks to increase 

promotion. Similarly all companies, except for the banks and the Apple fan page, see that the Opinion-category 

are among the top three most frequent CEB categories. The Opinion-comments rarely seem to be adressed at 

someone inparticular, and they show how the customer use Facebook as an outlet and to participate in the online 

community (Hennig-Thurau et al., 2004).  Facebook is an easy avenue to reach other customers and exchange 

sentiments and opinions about the company, which at the same time has provided the company with access to 

these, which can be used to gain insights into their customers. As Facebook provides a platform for users to 

share and vent any grievances, we would expect to see large amounts of negative comments, especially 

Opinions. However we find that most of the companies get mainly positive Opinion-comments, and it is only 

McDonald’s and the two banks, where approximately half of the Opinion-comments are negative. These are also 

the only companies where overall a majority of the comments are negative. 

That the companies generally get a lot more positive than negative comments may also ease the risk, that many 

companies face by being present on Facebook. Also as Facebook provides an audience to address controversies, 

negative feedback or customer service issues, the companies can address them publically and gain some control 

over the potential negative impact of these. As a result of this most large companies have employees dedicated to 

operating their social media platforms. When customers get a positive experience with the firm it can help to 

build positive customer relations, leading to more purchases, feedback and help to promote the company (Kumar 

and Pansari, 2016). Companies are encouraged to respond to these enquiries in a public manor on the site so that 

customer’s see the companies responsiveness and feel that they influence the company’s service development 

(Okazaki et al., 2015).  

However the banks do not see the same degree of comments that are Social Interactions as the other companies. 

This indicates that for banks the customers are a lot less likely to share the promotional posts. We also find that 

there are very few Opinion-comments on the bank’s profiles compared to the other companies. We also see that 

the banks see by far the highest percentage of Feedback-comments as well as high percentages of comments that 

are Customer Service. This overall indicates that the customers use the bank’s Facebook pages in a more 

practical manner, where they try to reach the company with customer service issues and feedback. 
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The Trolling-comments are for all companies only a very small percentage of the total comments they receive. 

So even though trolling has become more prevalent on social media and has received more focus we do not see 

that this type comments makes up any noticeable part of the comments.  However, for several of the companies 

that receive a lot of comments, this still means that the amount of Trolling-comments they receive are quite 

large. McDonald’s, Tesla and Samsung Mobile all receive more than 1000 Trolling-comments.  

Companies can encourage customer engagement by directing them to leave Reply-comments to their posts. We 

see that some companies do this a lot and are very successful at it. We find that both airlines as well as Lloyds 

Bank and the Apple account get a lot of Reply-comments. Using this strategy they are able to dramatically 

increase the number of comments and increase customer engagement. This shows how the companies are aware 

of the importance of customer engagement and actively tries to encourage engagement.  This type of strategy, 

where companies try to stimulate engagement, was outlined by Beckers, van Doorn and Verhoef (2018) as 

“company-initiated customer engagement”.  It was found that such initiatives helped to strengthen the 

company’s relationship to its customers highlighting how valuable the strategy can be. None of the fastfood 

restaurants, auto manufacturers or consumer electronics companies use this strategy (besides from the Apple fan-

page). This may have to do with the airlines and banks being industries where customers mainly interact with 

them online - airline tickets are often bought online and many customers mainly interact with their bank through 

online banking.  

We can also see how the two airlines, each catering to two very different price points, receive very different 

amounts of negative comments. Ryanair is a low cost airline and it appears as though this translates to a lot more 

negative comments. Ryanair is also very successful in getting Reply-comments which may be a response to 

diminish the impact and influence of the many negative comments they receive.  

For companies enrolled in controversies, such as Volkswagen and HSBC UK, we see that customer use the 

Facebook pages to express their commentary on these. This shows how the Facebook profiles provide an avenue 

for customers to call out the companies publicly. These comments resemble the customer signing petitions that 

are used to protest against the companies, and become a way to publicly protest an issue, seeking change or by 

outing and shaming the company. We also see how the HSBC UK’s denial does not seem to affect the damage 

done to their image as we still see a spike in Controversy-comments after them denying their involvement in 

funding rainforest deforestation. The Controversy-comments, come in concentrated groups with large spikes in 

activity around the same time. Afterwards we do not see consistent high levels of Controversy-comments 

indicating that the public outcry is short lived. We cannot say what the effect of these comments were and 

whether they influenced other customers or the companies’ public image, however we can say that the large 
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amounts of the Controversy-comments come at short bursts and the  large amounts of these comments do not 

persist over time.  

Over time we rarely see one single category of CEBs increase without any of the others also increasing. More 

generally we see, that when there is an increase in activity this is because of increased activity of several of the 

CEBs. This can be because the company posts something that gets a lot of comments, but it also appears as 

though the CEB’s affect each other. For example, we see that large amounts of Reply-comments often happens 

alongside large increases in Opinion and Social Interaction-comments. So companies should be aware that they 

may try to increase one type of CEBs but this will most often result in a general increase of other types of CEBs 

as well.  

Though we do see come clear patterns across the datasets we are unable to say when a category should be 

considered large. Being able to have guidelines for when a category is unusually large, would mean that we 

would know when unusual patterns need attention. This would be especially usefull for the small categories such 

as Trolling and Controversy, that generally only account for a small percentage of the total number of comments. 

However, if we knew at which percentage these categories would be considered substantial, we would have a 

guideline for when these categories become a noticable percentage of the comments. 

Other researchers have spend many resources capturing and investigating CEBs through survey and interviews. 

van Doorn et al., 2010 also expressed how the “dynamics of CEBs” are difficult to understand as not all 

customer display CEBs and they can be difficult to measure and change a lot over time. However with online 

platforms, such as Facebook, some of these difficulties have been removed, and we become able to quantify the 

CEBs and to see how these are expressed across different companies. 

8.1. Implications for Research and Practice 

We have found that the proposed CEB categories can be used to differentiate between the many 

different types of Facebook comments that the companies receive. They provide a way to approach the 

vast amount of data that is generated in the Facebook comments. They not only provide a way for us to 

compare the CEBs across different companies and industries but they can also be used to extract 

valuable knowledge from the individual CEBs.  
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8.2. Future work 

For future work we would include more companies in the analysis across several different industries. 

Also applying the proposed CEBs to other online platforms to see whether they are applicable to the 

CEBs expressed in other contexts.  

Using other classification methods that may be better suited to deal with text from social media that is 

noisy, high-dimensional and sparse. For example a fuzzy approach, that can address some of the 

uncertainty that comes with text classification and has been shown to perform well on this type of data 

(Liu et al., 2019). Also using other ways of transforming text into feature vectors such as word2vec or 

doc2vec, which does not lose the context of the words in the text.   

8.3. Limitations of the Study 

This is a limited study where we have only investigated the CEBs across few companies. This means 

that the results are not generalizable beyond these companies.  

We also have no knowledge of the content through which the comment was made in terms of the posts 

and other comments and comment-replies. So we cannot say anything about what drives the different 

behaviours. We are also not able to say anything about why the customers express their CEBs and what 

specific consequences these have.  
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9. Conclusion and Answers to Research Questions 

Throughout this thesis we have investigated the customer engagement behaviours in the comments on 

company Facebook profiles. Based on academic literature on customer engagement behaviours and 

through inspecting the comments, we propose that there are 8 different customer engagement 

behaviours expressed in the comments. These are; Feedback, Opinion, Customer Service, Reply, Social 

Interaction, Trolling, Controversy and Other. The Feedback-comments are those that provide concrete 

and actionable information and the Opinion-comments are subjective opinions of the company or the 

products and services. Customer Service are comments seeking assistance from the company, Reply 

are comments directly replying to a company post and Social Interactions are mainly comments where 

the customer tags another user. Trolling-comments are those that are malicious and anti-social and 

Controversy-comments contain commentary about some controversy surrounding the company.  

These CEB were investigated in the comments of 10 different companies. This was done using 5 

different supervised machine learning algorithms; Naïve Bayes, linear support vector classifier, logistic 

regression, passive aggressive classifier and a support vector machine fitted with stochastic gradient 

descent. Transforming the text to a numeric data structure using several text pre-processing steps, bag-

of-words approach and td-idf weights, these algorithms were trained using a manually labelled subset 

of the data. The classifiers were subsequently used to classify all the comments across the 10 different 

companies’ datasets according to their class membership to the customer engagement behaviours, 

sentiment and intensity. Though we found some performance issues with these classifiers this was 

eased by the influential features used by the classifiers, which showed that they used words that were 

very indicative of the categories.  

Based on this classification we found that the majority of the CEBs expressed are Social Interactions, 

Opinion and for those companies that use this strategy; Reply. Both airlines, Ryanair and British 

Airways get a lot of Reply-comments, and so do Lloyds Bank. We also find that the low cost airline 

Ryanair gets a lot more negative Opinion comments compared to British Airways that cater to a 

different price point. All the companies get very few comments that are Trolling and Controversy. 

However, we are able to see how companies, such as Volkswagen and HSBC UK, that were embroiled 

in scandals, experience a short surge in Controversy comments. On the Banks’ profiles there are more 
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Customer Service and Feedback comments and less Opinion and Social Interaction-comments 

indicating that their customers use Facebook in a more practical way to reach the company. For most of 

the companies the majority of their Opinion-comments are positive. Except for McDonald’s that get a 

lot of high-intensity negative Opinion-comments even compared to the very similar fastfood restaurant 

Burger King. We are also able to gain access to the customer engagement behaviours, such as 

Feedback-comments, that produce information that can be used by the companies. Overall the different 

types of customer engagement behaviours provide a way to access the vast amounts of comments left 

on company Facebook profiles.  
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