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Abstract 

Machine-learning conquers the world as this emerging new technology offers great opportunities not only for 

science but also for businesses. One interesting machine-learning application is sentiment analysis. Sentiment 

analysis is an interesting and upcoming machine-learning application which measures sentiment. This machine-

learning method can obtain sentiment from stakeholders like customers and employees. Research papers describe 

that sentiment analysis is used to predict the sentiment of Twitter users (Pozzi et al., 2016). Literature also discusses 

several sentiment analysis applications for businesses but the full potential of sentiment analysis for business has 

thus far not been examined extensively. Therefore, this research provides a comprehensive guideline for 

businesses on if and how they should implement and utilize sentiment analysis. The first steps (step 1 to 4) within 

the guideline explain how businesses can implement sentiment by utilizing pre-trained sentiment analysis models. 

Therefore, this research first examines which input is suitable for sentiment analysis and how this data should be 

cleaned in order to obtain accurate sentiment analysis scores. Next, an overview of pre-trained sentiment analysis 

models for the Dutch language will be presented. The research examines considerations in order to provide a 

guideline for businesses to select an appropriate sentiment analysis model. This research utilizes interviews to help 

answer step 1 to 4. The up-following steps (step 5 to 8) describe how businesses can utilize a systematic approach 

to explore new value-generating sentiment analysis applications for their business. The systematic approach 

explores new sentiment analysis applications in a business setting. This method examines the goals of several 

departments. It develops business metrics which can be derived from sentiment analysis. After this, applications 

can be developed by analyzing which metrics help each division to reach their goals. Lastly, this research ranks the 

applications based on business value. This helps companies to determine if they should or should not invest in 

sentiment analysis. In step 5 to 8 the research utilizes a case study at company X to determine how well the 

systematic approach of exploring new sentiment analysis applications works. Company X is a big insurance 

company in the Netherlands and would like to utilize the full potential of sentiment analysis for their organization. 

The case study entails interviews and a survey to examine sentiment analysis inputs, models, considerations, goals, 

metrics and applications. It compares literature to the results of the interviews and surveys and determines how 

companies can best implement and utilize sentiment analysis. The sentiment analysis applications are categorized 

in the following business divisions: board of directors, business intelligence, customer relationship management, 

customer support, external Affairs, human resource management, marketing, purchase department and sales 

department. The research shows that the case study provides valuable information for companies on how to best 

implement and utilize sentiment analysis. New methods are explained related to sentiment analysis input, metrics 

and applications. The results show the importance of defining the purpose of the sentiment analysis as the input 

needs to fit the purpose. Next to this, the research presents newer and broader sentiment analysis metrics like 

shareholder sentiment KPIs and supplier sentiment KPIs. KPIs can also be more focused like measuring the 

sentiment within contact moments to analyze why sentiment is going up or down during contact moments. The 

results also present new applications. The most valuable application presented in this research is the prioritization 

tool. The prioritization tool creates business value by identifying which business processes create lots of negative 

customer sentiment. Companies should also take into consideration that there are also limitations to sentiment 

analysis. Companies should examine data privacy and data security legislation in order to determine if the data can 

be used for sentiment analysis. 

  

 

 

 

 

 



  Master Thesis - Laura Haarhuis 

4 
 

 

1. Introduction 

1.1 Current situation  

Innovation is key in highly competitive markets and companies in the Netherlands are becoming more innovative 

by the day. Machine-learning and AI are widely used methods and new models are developed every day. 

Nowadays, new machine-learning methods are examined by researchers but new machine-learning methods can 

also be utilized by businesses to generate value. Machine-learning models can for instance help businesses to 

automate operations, to fasten processes and to evaluate their performances.  

Customer satisfaction is of utmost importance in highly competitive markets. As 91% of the customers will leave if 

they are unsatisfied and they will never buy anything from you again (Live Work Studio, 2018)(Macdonald, 2021). 

This statistic shows the importance of having happy customers. Customer satisfaction is key to measuring their 

happiness and there are various methods to measure it. Hydock and Carlson (2017) explain how companies can 

utilize customer satisfaction metrics to get a better understanding of customer behaviour like engagement, word-

of-mouth communication, loyalty, and purchase behaviour. In addition to this paper, Capuano et al. (2020) 

mention that sentiment analysis is of utmost importance for measuring customer satisfaction, tracking consumer 

opinion, interacting with consumers and building customer loyalty. Sentiment analysis can provide value for 

businesses as the sentiment of the customer tells a lot about the performance of the business. The sentiment 

measured in sentiment analysis models is often labelled as negative, neutral or positive sentiment (Martínez-

Camára et al., 2012). This helps companies to determine if the customers are happy.  

Measuring customer satisfaction is only one way of utilizing sentiment analysis in a business setting. There are 

many business opportunities which can be explored in order to determine what sentiment analysis has to offer for 

businesses. Sentiment analysis measures the sentiment of entities. For customer satisfaction, the entity is the 

customer but sentiment analysis can for instance also measure employee satisfaction by utilizing employee data 

as input for sentiment analysis models. Therefore, sentiment analysis can provide business value not only by 

obtaining the sentiment of the customer but also by obtaining the sentiment of other entities within a business.  

1.2 Problem statement 

Studies mention that sentiment analysis offers a wide range of opportunities for businesses as it provides 

opportunities to measure the sentiment of various entities. Bianchi (2021), Roldós (2020) and Fairly (2022) 

mention that companies can obtain and utilize the sentiment of entities to obtain business value. This means that 

the sentiment can be obtained from the market, customers, participants of events and employees by utilizing 

sentiment analysis. The sentiment of these entities can be used by businesses to improve their business 

performance. Capuano et al. (2020) explain for instance that sentiment analysis is of utmost importance for 

businesses as it helps businesses to measure customer satisfaction, track consumer opinion, interact with 

consumers and build customer loyalty. Róldos (2020) and IrisAgent (2022) mention that sentiment analysis can 

also be used to order customer support tickets based on urgency. The urgency of how fast a ticket should be 

handled will be based on the sentiment of the customer. When a ticket shows highly negative sentiment then the 

ticket will be labelled faster. This research presents an overview of sentiment analysis applications and how much 

business value these applications generate. It is important to measure how much business value the existing 

applications generate in order to examine if companies should invest in implementing sentiment analysis.  
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As sentiment analysis is a newly developed technique, it is possible that not all sentiment analysis applications 

are identified for business. Bianchi (2021) and Roldós (2020) mention that for businesses the sentiment of the 

market, customers, participants of events and employees can be measured but they do not mention that 

sentiment analysis can obtain sentiment from other business stakeholders as well. Therefore, this paper identifies 

from which stakeholders in business the sentiment can be acquired via sentiment analysis. New sentiment 

analysis applications are explored by analyzing the possibility of obtaining the sentiment of various stakeholders. 

This research presents an overview of all sentiment analysis applications for businesses and their business value. 

It presents newly developed sentiment analysis applications and already existing sentiment analysis applications 

and the research compares them based on business value.  

Currently, the internet provides various guidelines for businesses to utilize sentiment analysis but none of these 

guidelines are comprehensive. This creates a knowledge gap. The guideline by Das (2022) for instance provides 

a step-by-step method for businesses to utilize sentiment analysis but instead of referring to methods for 

businesses how they can develop a sentiment analysis model themselves, the guideline refers to tools and 

applications which measure the sentiment for you. The guideline is written in a very commercial way and tries to 

create new leads for these sentiment analysis tools. Rojewska provides a guideline for business to implement 

sentiment analysis (2022). She explains which steps companies have to take in order to utilize sentiment analysis 

but she explains the steps very generally. After reading the guideline, it is not clear yet what companies first have 

to do to. Rojewska mentioned, for instance, to “train the model” but she does not mention how companies can do 

this. This research provides a guideline of how businesses can best obtain sentiment by utilizing pre-trained 

sentiment analysis models and how they can utilize this to improve their business performance by using 

sentiment analysis. It discusses based on business value if implementing sentiment analysis is worth the 

investment.  

1.3 The research question 

This research will examine how companies can best utilize sentiment analysis to obtain the sentiment of the 

customer. It additionally examines how companies can utilize this sentiment analysis to create business value. By 

measuring the business value, companies can decide if they should or should not invest in sentiment analysis based 

on their business value. The following research question will be answered in this research: 

 

How can companies best obtain and utilize sentiment via a pre-trained sentiment analysis model 

in order to improve business performance? 

This research provides a guideline to help companies exploit the full potential of sentiment analysis. Therefor, the 

research question is divided in steps a company should take to fully exploit the potential of sentiment analysis. Step 

1 to 4 are focused on how companies can best implement sentiment analysis. Step 5 to 8 are focused on the 

business value of implementing sentiment analysis and if the company should invest in sentiment analysis based 

on the business value.  

Step 1: Evaluate if the data is suitable for sentiment analysis  

Step 2: Prepare the data for the sentiment analysis 

Step 3: Develop an overview of available sentiment analysis models 

Step 4: Choose a sentiment analysis model 

Step 5: Define the goals of the departments 
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Step 6: Define which metrics can be obtained from sentiment analysis 

Step 7: Develop an overview of sentiment analysis applications 

Step 8: Prioritize the sentiment analysis applications based on business value 

1.4 Theoretical contribution 

This research proposes a guideline for businesses on how to best implement and utilize sentiment analysis. Next 

to this, this research presents a newly developed approach on how business can explore new sentiment analysis 

applications. This systematic approach helps businesses to examine sentiment analysis applications by analyzing 

the goals and the available sentiment analysis metrics.  

As the newly developed approach to explore new sentiment analysis applications in business was executed at 

Company X, the research additionally obtained various new sentiment analysis applications for company X. The 

newly developed applications generate business value as the survey at company X shows.  

This research is of importance as it helps business to decide if they should invest in sentiment analysis based on 

the business value that is generated by the sentiment analysis applications. Additionally, this research is valuable 

as it proposes a new way of obtaining sentiment analysis applications. The newly developed method is built in a 

systematic way. All businesses can utilize the systematic approach  to explore new sentiment analysis 

applications for their business.  

The guideline proposed in this research was developed by executing interviews. The systematic approach to 

explore new sentiment analysis applications was developed by the researcher. The systematic approach was 

developed by comparing what is relevant (by looking at the goals and the tasks fitting to these goals) with what is 

possible (possible sentiment analysis metrics which can be obtained). In this way, new sentiment analysis 

applications could be developed.  

This research is relevant as sentiment analysis is a newly developed method with lots of business opportunities 

but if companies do not examine new sentiment analysis applications then they cannot utilize the full potential of 

sentiment analysis. As not all sentiment analysis applications are yet discovered, which is often the case with 

newly developed techniques.  

This thesis is valuable for companies which are in doubt on how they can implement sentiment analysis and how 

sentiment analysis can create business value for their company.  

1.5 Practical contribution 

This research provides a guideline to businesses on how and if they should utilize sentiment analysis for their 

business. In this way, the research fills the knowledge gap discussed in the problem statement. First (in step 1 to 

4), the guideline explains how companies can best obtain the sentiment of stakeholders (customers, employees et 

cetera). It discusses how companies can select data, prepare data, explore pre-trained sentiment analysis models 

and choose between pre-trained sentiment analysis models.  Next (in step 5 to 8), the guideline describes how 

companies can best utilize sentiment analysis. In this section, the research describes how companies can explore 

sentiment analysis metrics and applications. The research additionally helps companies to decide if they should or 

should not invest in sentiment analysis. The research does this by determining how much business value can be 

obtained from implementing sentiment analysis and its applications.  



  Master Thesis - Laura Haarhuis 

7 
 

There are already various applications of sentiment analysis in business (Fairlie, 2022). It can for instance be used 

as a purchase tool or an evaluation tool (Fairlie, 2022). This research examines all possible business applications 

of sentiment analysis and ranks the applications based on business value. In order to provide recommendations to 

companies on which applications they should implement to obtain business value.   
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2. Theoretical Framework 

This chapter provides a clear theoretical framework of the research. In order to fully understand the research 

question, the theoretical framework first defines sentiment. This paragraph will be followed by the paragraphs 2.2 

“Studies on the importance of obtaining (customer) sentiment” which explains the importance of sentiment in 

business. The following paragraphs 2.3 “Studies on common methods of obtaining sentiment” and 2.4 “Studies on 

new methods of obtaining sentiment” explain which methods can be utilized to obtain sentiment in a business 

setting. As this research provides a guideline, the theoretical framework discusses studies about the development 

of guidelines. Next,  

2.1 Definition of Sentiment 

The American definition of sentiment is the general feeling, attitude or opinion about something (Cambridge 

Dictionary, 2022). Emotions such as love, hate, sympathy, disgust show sentiment. The definition of sentiment in 

a business English setting is the following: sentiment be defined as a though, opinion or idea based on a feeling 

about a situation or a way of thinking about something (Cambridge Dictionary, 2022). Measuring the sentiment of 

customers is widely used in business.    

2.2 Studies on the Importance of Obtaining (Customer) Sentiment for Businesses 

According to Live Work Studio (2018) and Macdonald (2021), it is important for companies to measure the 

sentiment of customers. As 91% of the customers will leave the company if they are unsatisfied and they will 

never buy anything from you again. This statistic shows the importance of having happy customers. Customer 

satisfaction is key to measuring their happiness and there are various methods to measure it. Hydock and 

Carlson (2017) explain how companies can utilize customer satisfaction metrics to get a better understanding of 

customer behaviour like engagement, word-of-mouth communication, loyalty, and purchase behaviour. In addition 

to this paper, Capuano et al. (2020) mention that sentiment analysis is of utmost importance for measuring 

customer satisfaction, tracking consumer opinion, interacting with consumers and building customer loyalty. 

Sentiment analysis can provide value for businesses as the sentiment of the customer tells a lot about the 

performance of the business. This research also provides a new method to explore sentiment analysis 

applications. In this method, the goals, metrics (KPIs), business applications and business value will be analyzed. 

Therefore, these topics will be explained. Lastly, the theoretical framework defines important concepts in order to 

get a better understanding of this research.  

2.3 Methods of Obtaining Sentiment  

2.3.1 Surveys  

According to Segwick (2014), surveys are widely used to measure customer satisfaction, but this method might 

be biased. Not all customers answer the questions in the customer satisfaction survey and this could lead to an 

inaccurate representation of the actual customer satisfaction scores. When companies measure the sentiment by 

analyzing the amount of complaint emails they should keep in mind that that only 4% of the unhappy customers 

actually complain to the company according to Macdonald (2021). 91% of the customers whom are unhappy and 

do not complain cancel their membership or stop buying the product (Macdonald, 2021). Therefore, companies 

should look to alternative methods to measure the sentiment of the customers.  
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2.3.2 Sentiment Analysis 

Nowadays, AI and machine-learning models provide new ways of obtaining customer satisfaction scores like 

sentiment analysis models (Al-Otaibi et al., 2018). Sentiment analysis models can be split into two approaches 

the machine-learning approach and the lexicon-based approach (Medhat et al., 2014). Figure 1 displays the 

categories within sentiment analysis approaches. According to Liu (2012) “sentiment analysis, also called opinion 

mining, is the field of study that analyzes people’s opinions, sentiments, evaluations, appraisals, attitudes, and 

emotions towards entities such as products, services, organizations, individuals, issues, events, topics, and their 

attributes”. Sentiment analysis mainly focuses on opinions that express or imply positive or negative sentiments 

(Liu, 2012). Figure 1 displays NLP techniques that can be used to execute a sentiment analysis. Sentiment 

analysis is one of the most studied research areas of natural language processing (NLP). It is widely used in 

marketing for instance when analyzing the sentiment of the social media users (Liu, 2012). Social media 

performances can be evaluated by using sentiment analysis. Which posts generated a negative sentiment and 

which post generated a positive sentiment? These posts can be compared in order to predict if future posts will 

generate positive or negative sentiment. Sentiment analysis models are nowadays able to measure sentiment not 

only in written but also in facial and voice expressions. In the future, the facial and voice expression might be 

used to measure the customer sentiment in a better way. Attention should be paid to the fact that the customer 

first has to give their permission so that companies can utilize this private data in their sentiment analysis models 

(Fairly, 2022).   

 

Figure 1: Sentiment classification techniques (Medhat et al., 2014) 

Companies can choose to train and develop sentiment analysis models themselves but they can also utilize pre-

trained sentiment analysis models. Pre-trained sentiment analysis models contain training data. Therefore, a 

company does not need to provide large dataset themselves. Another benefit is that pre-trained models can score 

content immediately into positive, negative or neutral sentiment. Depending on the pre-trained sentiment analysis 

model, the text input will be scored differently. A text can be given a score from 0 to 1, where 0 is negative and 1 

is positive but this can also be a scale from 1 to 5 or a scale from -1 to +1.  
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2.3.3 Emotion-detection Analysis 

Emotion-detection analysis is another method to obtain the sentiment of customers. This analytics method 

assigns the text to certain emotion-detection categories like “wicked”, “bad”, “sad”, “relief”, “upset”, “angry”, 

“surprised”, “happy” and much more (Fairlie, 2022). In this way, they can obtain sentiment of customer in emotion-

detection categories.   

2.4 Studies on Structuring a Guideline 

Lester (2015) proposes a methodology to develop a good guideline. In this methodology, she describes that a 

guideline must contain the following steps to be considered a good guideline. The first step is that the purpose of 

the guideline must be defined. The second step is that the guideline must be written for the specified audience. 

This means that the author of the guideline should first establish the audience and then utilize the writing style 

corresponding with this audience. The third step is to write objectively by stepping in the shoes of your audience. 

This steps helps the author to understand what the audience needs to know. The fourth step is to develop the 

guideline in a step-by-step order. The actions should be broken down in instructions which are concise, single-

tasked and actionable. The fourth step is to use plain English. The guideline should be clear, concise and the 

audience should understand it easily. The fifth step is to be direct and to start the steps with the verb first. This 

means that the author should drop the usage of the word “should” and should start using words like “choose”, 

“prioritize” et cetera. The sixth step is to establish a clear pattern in the guideline. Use headings and questions 

which answer what the audience should do, why they should do it and how they should do it. The seventh step is 

to include images where appropriate. Images can be used to explain certain steps better. The eight step is to add 

an example. Some steps might be hard to understand. An example can help to better understand the step. The 

ninth step is to not add specific details. The guideline can add chapters related to the background, history or 

context of specific steps but the steps itself should not provide all background and history related to the topic as 

this slows down the guideline. Adding topics like background, history and context can give the audience additional 

information but it is not necessary to read this information if the audience would like to utilize the guideline. The 

last step that Lester (2015) recommends to establish a good guideline is to ask feedback. Ask people to give 

feedback about the guideline. Did they understand everything?  

2.5 Explanation of Important Concepts  

2.5.1 Explanation of Business Goals 

Businesses establish business goals. Business goals are goals that a company would like to 

accomplish (Herrity, 2022). According to Herrity (2022), business goals can be defined for the overall 

business, departments, employees, managers and/or customers. Employees work towards business 

goals, this means that employees try to achieve their business goals. Business goals are developed in 

a broad sense. Business goals have various objectives. Business goals for instance provide 

businesses with a way to measure their success. Business goals help employees to focus on a specific 

purpose. Business goals show how decision-making can affect the business goal and business goals 

ensure that the company is going in the right direction (achieving its goals) (Herrity, 2022). 

Herrity (2022) mentions in her paper that business goals are different from business objectives. As 

business objectives consist out of clearly defined steps which are measurable. Business objectives are 

the steps which ensure that the business achieves their goal. Business objectives are always specific 

and can be easily measured and defined. In order for a business to achieve their goals, they first have 
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to manage how they will achieve their plan by creating business objectives. Therefore, the main 

difference between business goals and business objectives are that the business goals define what the 

company wants to achieve whereas the business objectives define how the company will achieve their 

business goal.   

2.5.2 Explanation of KPIs 

According to Bauer (2004) Key Performance Indicators (KPIs) are quantifiable metrics which reflect the 

performance of an organization in achieving its goals and objectives. KPIs focus on providing strategic 

value. KPIs are metrics but not all metrics are KPIs as KPIs focus on providing strategic value. Other 

metrics can also provide value but these metrics measure non-critical business activities and 

processes. Therefore, companies should base the selection of their KPIs based on their critical 

business activities and processes. When companies establish a KPI they should think about the 

following thing: what will be measured? When, how and by whom will the KPI be measured? The 

number and the complexity, benchmarking and normalization of the KPI (Bauer, 2004).  

2.5.3 Explanation of Applications 

According to the Cambridge dictionary (2022), the definition of application varies. An application can be 

defined in general as a way in which something can be used for a particular purpose. In this context, it 

can be viewed as a synonym of utilization. In relation to computer science, the Cambridge dictionary 

(2022) proposes another definition of application. In this context, an application can be a computer 

program that is designed for a particular purpose.  

2.5.4 Explanation of Business Value 

According to literature, applications can be ranked based on business value. According to Nurkiewic (2022), 

business value can be utilized as a tool for people with different perspectives to understand each other and identify 

what is important in a product or service. Business value can be presented in various ways. Business value can 

present itself as economic profit, cost reduction, risk minimalization, ensuring customer/stakeholder satisfaction, 

innovation, fastening delivery times, simplification and increasing quality. Another way of measuring the business 

value is by conducting a company survey to acquire how much business value the employees think that an 

application can generate.  

2.5.5 Explanation of Natural Language Processing Techniques 

Natural Language Processing (NLP) Techniques is a sub-branch of Artificial Intelligence (Thanaki, 2017). These 

techniques process natural language. Natural languages are the thoughts and feelings people express. When 

people speak, read, write or listen they use natural language. Examples of natural language are for instance this 

thesis but also WhatsApp conversations. According to Thanaki (2017) “Natural language processing is the ability 

of computational technologies and/or computational linguistics to process human natural language”. It can be 

defined as the automatic processing of human natural language (Thanaki, 2017). NLP techniques can be split into 

various systems; speech recognition system, question answering system, translation, text summarization, 

template-based chatbots, text classification, topic segmentation and sentiment analysis. NLP techniques have 

spread across various research fields. Sentiment analysis for instance has become important in various fields like 

managerial and social sciences due to its importance to business and society (Thanaki, 2017).  
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2.5.6 Explanation of Internal and External data 

Internal data is data obtained by the company itself. It can be WhatsApp conversations, emails and phone calls 

(Techopedia, 2012). It can be data of customer contact data but it can also be data about their employees, 

partners, shareholders or other stakeholders. External data is data obtained by utilizing a tool like a web scraper. 

A web scraper is a data mining tool as it gathers data (Techopedia, 2012). There are various web scraping 

methods and the goal of a web scraper is to collect information from across the internet. Often, this is executed by 

utilizing software that simulates human web surfing to gather specific information from different websites 

(Techopedia, 2012). External data can be data from several websites like social media platforms, rating platforms, 

blogs, news articles et cetera.  
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3. Research methods 
This chapter explains how the research will be conducted by defining the data strategy, data collection and data 

analysis methods.  

 

3.1 Data strategy 

This research examines the research question “How can companies best obtain and utilize sentiment via a 

sentiment analysis in order to improve business performance?”. The research question is split into several steps 

to produce a valuable sentiment analysis guideline for businesses. 

Step 1 to 4 focus on the sentiment analysis method. It explains if the company can utilize sentiment analysis based 

on the data input and the sentiment analysis models. The steps are the following: step 1: Evaluate if the data is 

suitable for sentiment analysis, step 2: Prepare the data for the sentiment analysis, step 3: Develop an overview of 

available sentiment analysis models and step 4: Choose a sentiment analysis model. Step 1 to 4 are important as 

the accuracy of the sentiment analysis output depends on it. Step 1 examines if the dataset input for the sentiment 

analysis is suitable. If a company uses a biased dataset for the sentiment analysis then the sentiment analysis 

cannot produce accurate outputs. If the output is not accurate then the outputs are biased and a company might 

change direction to a biased sentiment analysis KPI. Step 2 was determined in order to examine how the dataset 

should be prepared in order to generate accurate outputs. This step is next to step 1 important to examine as it also 

ensures that the output of the sentiment analysis is accurate. Step 3 was developed to give an overview of Dutch 

sentiment analysis models companies can utilize to obtain sentiment. This overview shows companies from which 

sentiment analysis models they can choose to obtain sentiment. Step 4 determines how companies can choose a 

suitable sentiment analysis model from the overview in order to choose the best sentiment analysis model for their 

organization.  

The next steps (step 5 to 8) help companies to determine which applications create business value for the company. 

This is necessary because before companies implement sentiment analysis they should first know if sentiment 

analysis is worth investing in. Will enough business value be derived from sentiment analysis? If the applications 

do not create business value then a company should not invest in sentiment analysis. The steps 5 to 8 are executed 

for company X in order to show how the steps can help the company to develop new sentiment analysis applications 

and to rank them based on business value. These steps help to determine if company X should invest in sentiment 

analysis. Step 5 to 8 are the following: step 5: Define the goals of the company and of the departments, step 6: 

Define which metrics can be obtained from sentiment analysis, step 7: Develop an overview of sentiment analysis 

applications and step 8: Prioritize the sentiment analysis applications based on business value. Step 5 was 

developed in order to determine what the goals are of the company. It examines the goals per division (Board of 

Directors, Business Intelligence, Customer Relationship Management, Customer Support, External Affairs, Human 

Resource Management, Marketing, Purchase Department, Sales Department) in order to examine if metrics like 

KPIs can be valuable for these divisions and how these metrics can be utilized to create value-generating 

applications. Step 6 was developed to give an overview of metrics (KPIs) which companies can derive from 

sentiment analysis. A company can determine if it is possible to develop these KPIs. Step 7 analysis if these KPIs 

can derive business value for divisions. It analysis which applications can be developed based on the possible KPIs 

and goals of the divisions. Lastly, step 8 determines how much business value each application generates. This 

helps companies to determine how valuable the applications are and if they should implement the application.  
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3.2 Data collection 

The research first gathers literature in order to determine a baseline. Next, the literature will be compared next to 

new data which will be developed via a case study. This case study will be executed by executing 4 interviews 

and a survey at company X. Table 1 in the appendix shows the interview questions figure 30 in the appendix 

shows the survey.  

A data scientist at the company will be interviewed to answer the steps 1 to 4. This gives insight if the literature 

proposes different methods than the data scientist on how to best obtain sentiment via a sentiment analysis 

model. Figure 2 shows that this research question will be answered by comparing the literature with the interview.  

 
Figure 2: Visualisation of how step 1 to 4 will be answered 

 

 

The steps 5 to 8 will be answered by doing 3 interviews. An interview with the customer service vision, strategy and 

innovation manager, an interview with the marketing intelligence analyst and an interview with the business 

intelligence team leader. These interviews help to identify possible sentiment analysis applications for the company. 

To examine the business value of all applications separately a survey will be conducted. The survey determines 

the business value per application. This is valuable information for an organisation in order to determine if they 

should or should not implement an application. Figure 3 shows how steps 5 to 8 will be answered.  
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Figure 3: Visualisation of how steps 5 to 8 will be answered 

 

The case study will be conducted at company X. Company X is a big insurance company in the Netherlands. The 

company offers insurance and financial services like mortgages, pensions and investments. Customer satisfaction 

and customer sentiment are of utmost importance for the company as they want customer satisfaction to become 

the most important KPI in the company. Therefore it is important to examine how this company can best obtain and 

utilize sentiment analysis in order to gain business value. The company has in-house IT knowledge concerning 

machine-learning and AI. They are very innovative and utilize machine-learning models to optimize their business 

performance. Now they would like to examine what opportunities sentiment analysis offers and how they can best 

implement sentiment analysis.  

3.3 Data analysis 

The research examines the data collected by the literature and the case study (4 interviews and a survey). It 

compares the results between the literature and the case study. It examines the value of existing sentiment analysis 

applications for organizations and new sentiment analysis applications for organizations. New sentiment analysis 

applications are proposed in this research by utilizing the systematic approach in figure 4. The approach in figure 4 

shows that new applications could be developed by analysing the possible stakeholder metrics and linking them to 

department goals.  
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Figure 4: Systematic approach to explore new sentiment analysis applications for businesses.  
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4. Results 

This chapter presents a guideline for companies to obtain and utilize sentiment analysis to obtain business value. 

The results of step 1 to 4 are developed by gathering data via literature and by executing interviews at company X. 

The results discussed in step 5 to 8  describe how companies can explore new sentiment analysis applications by 

utilizing the systematic approach (figure 4). Next to this, step 5 to 8 help companies decide if they should or should 

not invest in sentiment analysis based on the business value of the sentiment analysis. applications. To give an 

example of how the systematic approach works, this research answers step 5 to 8 for company X. Hereby, it shows 

how the systematic approach can explore new sentiment analysis applications and how it helps to decide if the 

company should invest in sentiment analysis.  

The guideline proposed in this research is developed in the following way. Step 1 to 4 discuss how companies can 

best implement sentiment analysis. Step 5 to 8 focus on the business value of sentiment analysis and if a company 

should invest in sentiment analysis. The first step of the research discusses how companies can select suitable 

data for the sentiment analysis model (step 1). The next step explains how this data should be prepared before it 

will be used as input for the sentiment analysis (step 2). Next, it discusses several sentiment analysis models (step 

3). Additionally, this research explains how companies can decide which sentiment analysis model is suitable for 

them (step 4). This research furthermore provides a method of how companies can develop new sentiment analysis 

applications by using the systematic approach explained at figure 4. This systematic approach defines the company 

goals (step 5), and links them to sentiment analysis metrics (step 6), this results in the development of sentiment 

analysis applications for departments (step 7). Lastly, the sentiment analysis applications are ranked based on 

business value (step 8). This helps to understand which applications provide the most business value and if the 

company should or should not invest in sentiment analysis.   

Step 1: Evaluate if the data is suitable for sentiment analysis 

WHAT: The first step is to obtain sentiment via a sentiment analysis model is to evaluate if the data is suitable for 

sentiment analysis. WHY: It is important to select suitable datasets to accurately predict the sentiment as the input 

in a sentiment analysis model automatically affects the output. HOW: The following paragraph discusses what 

aspects data scientists at companies should take into account when choosing a dataset for sentiment analysis.  

Literature 

Literature mentions the following aspects for selecting suitable sentiment analysis input data.  

Companies need to fine-tune their sentiment analysis model to obtain more accurate sentiment analysis scores. 

When companies label the training dataset for finetuning purposes, they should first determine what a positive and 

what a negative text looks like (Vallantin, 2021). Sentiment analysis models often need to be trained. As the model 

first needs to establish what positive and negative sentiment is. It is important to determine what texts are positive 

and what texts are negative before labelling the data as some data input have more subtle distinctions between 

sentiment. Product review sentiment is easy to determine because these text inputs have strong sentiment 

relationships. When analyzing customer service sentiment, the input sentiment for the models are less distinct. 

Therefore the company first needs to decide what input is negative and what input is positive (Vallantin, 2021). The 

following text for instance: “Thank you for calling me back this fast, I would like to claim a refund for how I was 

handled when I wanted to submit the last damage claim”. A pre-trained model, which was trained on product reviews 

would probably rate this as a neutral score, although it can be valued as positive as the customer is happy that the 
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customer support employee called the customer back this fast. Thus, the model first needs to be fine-tuned for what 

is positive and what is negative input. 

The size of the fine-tuning dataset is of importance as a bigger dataset generates more accurate sentiment analysis 

scores (Reddy, 2018). When firms fine-tune sentiment analysis models attention should be paid to the accuracy. 

As already mentioned earlier in this paper, human analysts accurately predict the sentiment of the customer 80-

85% of the time (Richards, 2022). Additionally, Naylor describes in the interview with Rhodes (2020) that the 

accuracy scores should be at least 80%. Naylor recommends in the paper of Rhodes (2022)  to develop fine-tuned 

sentiment analysis models with an accuracy score above the 80% threshold to ensure good performance of the 

machine-learning model. This means that the machine-learning model can predict 80 out of 100 outputs correctly 

from the sentiment analysis model.  

It is important to establish the accuracy of the dataset when it will be utilized as input for models (Tayi & Ballou, 

1998). As an accurate dataset can result in accurate sentiment analysis scores and an inaccurate dataset will result 

in inaccurate sentiment analysis scores. Some datasets are established by software and therefore companies first 

need to examine if the software established an accurate dataset. An example is the software by Contexta360. 

Contexta360 has developed a software which creates transcripts from audio records (Contexta360, 2022). The step 

of transcribing the audio records is needed when companies want to utilize audio records as input for sentiment 

analysis models. The audio records first need to be transformed to text before it can be utilized as input for sentiment 

analysis models. As most sentiment analysis models like BERT and Pattern.nl utilize text as input for the sentiment 

analysis (Yalçın, 2021), (University of Antwerp, 2010). The software which transcribes the audio records has an 

accuracy score. This accuracy score is a percentage which predicts how much of the transcript is transcribed 

correctly and matches with the audio records (Contexta360, 2022). According to Rhodes (2022), when a text is 

transcribed the average transcription score should be above 70%. Every text below 70% needs improvement. In 

the same article, Naylor (an analytic expert) explains that companies should still aim to have an accuracy score of 

above 80% (Rhodes, 2022). With an accuracy score of above 80% companies can still utilize the text developed by 

the transcription software for other models like sentiment analysis. Datasets which are generated by transcription 

software should not only take into account the overall score of the transcribed text but also the confidence scores 

of every word within the dataset. The confidence score is a score per word of what the probability is that the word 

from the audio records is accurately predicted and written down in the dataset (Rhodes, 2022). The confidence 

score ranges from 0 to 1 (Tonye, 2022). When transcribing software like Contexta360 transcribes audio records to 

written transcripts it is never 100% accurate (Rhodes, 2022). Therefore, the input for the sentiment analysis model 

should be examined. Are the confidence scores high enough of the words that valuable information can be obtained 

from the dataset? Microsoft determined that a confidence score of over 0.7 should predict the value correctly for AI 

purposes (Tonye, 2022). Therefore, Tonye (2022) recommends deleting words within the dataset with a confidence 

score of below 0.7. A dataset should thus be cleaned by deleting for instance all words with a confidence score of 

below 0.7 so that the input for the sentiment analysis model is still valuable (Tonye, 2022). 

Next to the accuracy scores of the data set, companies should also take NaN values into consideration as many 

machine-learning models do not support NaN values (Kumar, 2021). Nan-values are cells within the dataset which 

are empty. This means that a dataset can have multiple NaN values which means that there are multiple rows within 

the dataset which do not contain information. Kumar (2021) recommends examining the percentage of rows which 

contains NaN values in the dataset. There are various ways of dealing with NaN values. Either delete the rows with 

missing values or use an imputation method to predict and replace the missing value. Imputation methods add new 

features to the dataset which may result in a poor dataset and a poor machine-learning performance (Kumar, 2021).  

When assessing if the dataset is suitable for sentiment analysis, firms should also examine if the conversations or 

emails (depending on what the input is for the sentiment analysis) contain lots of sarcasm (Eremyan, 2018). 

Sentiment analysis models hardly detect sarcasm and therefore analysts should first assess if customers often use 
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sarcasm (Eremyan, 2018). There is a possible workaround for this limitation. Researchers in Jerusalem developed 

a NLP model which determines how sarcastic texts are (Data News, 2010). This sarcasm prediction model could 

be run prior to the sentiment analysis to determine how sarcastic texts are and if the texts are suitable as input for 

the sentiment analysis (Eremyan, 2018). 

To summarize, the literature mentions that data scientists at companies should first determine if the input dataset 

is suitable for sentiment analysis. They should pay attention to the size and accuracy of the dataset. This means 

that they should examine if the data within the data set is gathered in a reliable and accurate way and if the dataset 

is big enough to produce accurate sentiment analysis outputs. Data scientists should pay attention if other software 

was used to develop the dataset. When data scientists utilize other software to develop the dataset, confidence 

scores should be examined to ensure the accuracy of the dataset. Furthermore, NaN values have to be investigated 

and deleted. Too many NaN values result in a biased dataset. To improve the quality of the dataset it might be 

better to first utilize a sarcasm detection model to determine how much sarcasm exists in the dataset. If the dataset 

contains too much sarcasm then the dataset is  not suitable as input for sentiment analysis models. Lastly, it is not 

only important to determine what data is suitable but companies should also determine what positive and negative 

sentiment is as sentiment is subjective. 

Case study  

In the interview with the data scientist, she mentions that companies need to label a dataset in order to fine-tune 

sentiment analysis models. The data scientists explained that when companies label datasets, they should keep in 

mind to first establish what positive and negative sentiment is. As positive and negative sentiment is subjective. For 

example, when a company utilizes BERT as a sentiment analysis model then they categorize the input based on 

the sentiment scores 1 (negative), 2 (somewhat negative), 3 (neutral), 4 (somewhat positive) and 5 (positive). Some 

data scientists could label the input “This is a helpful service” with a sentiment score of 4 (somewhat positive), 

another data scientist could label the same input with a sentiment score of 5 (positive). The data scientists who 

labelled this input with the score 4 might label input like “I love this service so much, thank you so much for your 

help” with a sentiment score of 5 (positive). Whereas the other data scientist also labels the same text with a 

sentiment score of 5. Therefore, data scientists should first define what positive and negative sentiment is. How 

strongly positive or how strongly negative should a text input be to be labelled as a 1, 2, 3, 4 or 5? Next to the 

importance of determining what positive and negative sentiment is, the data scientist mentions the importance of a 

big and accurate dataset. Furthermore, she mentions that companies should take into account if they are allowed 

to utilize this data as input for sentiment analysis. Is the company allowed to utilize customer contact data for 

instance for sentiment analysis purposes or does the company violate data privacy and data security legislation? 

Lastly, she mentions that companies should examine the amount of Nan-values.  

The interview shows lots of similarities with the literature but there is one addition which is important to companies. 

When companies want to select a suitable dataset for sentiment analysis they should first determine if using the 

dataset does not violate data privacy and data security legislation as internal data can be utilized for sentiment 

analysis.  

To conclude, companies need to evaluate if the data is suitable for sentiment analysis by examining the accuracy 

of the dataset, the amount of sarcasm, the confidence scores of the data set, the number of NaN values, the purpose 

and the size of the labelled dataset. Next to this, companies should first establish what positive and negative 

sentiment is when they need to label a dataset.  
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Step 2: Prepare the data for the sentiment analysis 

WHAT: This chapter discusses how the data should be prepared (cleaned) in order to be suitable input for sentiment 

analysis models. WHY: This is important in order to obtain valid sentiment analysis scores from the sentiment 

analysis. HOW: The following paragraph discusses how data scientists at companies should prepare data for 

sentiment analysis. 

Literature 

The literature mentions that when companies first utilize pre-trained sentiment analysis models, they need to fine-

tune the pre-trained model to fit it to the company's purpose/topic (Hugging Face, 2021). Pre-trained sentiment 

analysis models are often trained on a general dataset from for instance Facebook and Twitter but this input data 

is often not suited for company use cases as companies operate in a specific market (Magdani, 2020). This is the 

reason why pre-trained sentiment analysis models should be fine-tuned. When companies fine-tune pre-trained 

sentiment analysis models, they first need to label a large dataset. This means that as input for finetuning, they 

need to create a dataset which contains an “x” column as an independent variable which contains the text as input 

and they need to create a ‘Y” column (dependent variable) where the sentiment score is given (Sharrow, 2020). 

This labelled dataset can be used to train the sentiment analysis model in order to obtain more accurate sentiment 

analysis scores. Companies need to manually label the sentiment analysis scores in order to fine-tune sentiment 

analysis models (Sharrow, 2020).  

It is difficult to manually label the dataset as sentiment is subjective. Two people can appoint different sentiment 

scores based on how they interpret the text (Vallantin, 2021). If it is hard to determine and label a dataset then 

Siddhaling and Urolagin (2018) recommend using a summarization model first. Summarization models are 

machine-learning models which generate a summary of a specific text. This could be a phone conversation 

summary for instance. In this way, it is easier to predict the sentiment of the text input (Siddhaling & Urolagin, 2018).  

When data will be utilized for sentiment analysis companies should first clean the data before they use the dataset 

as input. The amount of data preparation depends on the pre-trained sentiment analysis model. Multiple sentiment 

analysis models like for instance BERT have multiple pre-trained sentiment analysis models. They have for instance 

cased and uncased sentiment analysis models (Kiao, 2022). Cased pre-trained sentiment analysis models include 

capital letters in the model. Capital letters are used as extra information about the words (Kiao, 2022). Uncased 

pre-trained models require only text data with text that does not contain capital letters therefore the input text should 

be transformed into text without capital letters (Kiao, 2022). Other special characters should also be deleted as 

machine-learning models often do not interpret special characters (Sharrow, 2020). Special characters are for 

instance “@” signs. Additionally, Sharrow (2022) recommends removing excessive data which does not generate 

a more negative or more positive sentiment. Customer support call records often start with “good morning, this is 

the customer support department, Laura speaking”. Then the other person introduces him or herself. This text could 

for instance be deleted as this intro is considered as a sentence of stop words. It namely always has the same way 

of introduction and it does not generate a more negative or more positive sentiment per conversation (Sharow, 

2020).  

Furthermore, it is important in which data type object (dtype) the input for the sentiment analysis is stored. A dtype 

describes multiple aspects of data like how the bytes in the fixed-size block of memory corresponding to an array 

item should be interpreted (Numpy, 2022). It describes aspects of the data Is it for example stored as an integer or 

a string? Depending on the sentiment analysis model, the dtypes need to be adapted.  

Lastly, attention should be paid to the output. How do you want to present the sentiment? Some pre-trained models 

already have a scale. The pre-trained model BERT has for instance a scale from 1 to 5, where 1 represents strong 
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negative sentiment and 5 represents strong positive sentiment (Hugging Face, 2021). Pattern.nl presents the 

sentiment with a score between minus 1 and 1 (University of Antwerp, 2010). The score will be given with 2 decimal 

places behind the comma, where minus 1 is strongly negative and 1 is strongly positive (University of Antwerp, 

2010). 

To summarize, the literature mentioned various steps data scientists should undertake in order to select and prepare 

their data for machine-learning models. Data scientists need to clean datasets before utilizing them in sentiment 

analysis models. Dtypes need to be converted to the right dtype, special characters need to be deleted and the text 

input needs to be cased or uncased depending on the sentiment analysis model. If the sentiment analysis model 

does not predict the sentiment accurately then the input could be prepared more extensively. The data scientist 

could utilize summarization models. Summarization models are machine-learning models which generate a 

summary of a specific text. In this way, it is easier to predict the sentiment of the text input. Next to this, stop words 

can be deleted to ensure higher accuracy of the sentiment analysis model. The accuracy can also be improved by 

finetuning the sentiment analysis model. It is important to think about the purpose of the sentiment analysis model 

when preparing the dataset. As the dataset might need to be adapted due to the purpose of the sentiment analysis 

model.  

Case study 

According to the interview with the data scientist at company X, data scientists might not understand what a target 

(customer, employee, stakeholder, depending from who you measure the sentiment) meant by reading the input 

for the sentiment analysis model. This depends on how much the input for a sentiment analysis model was cleaned. 

This makes it hard to examine if a sentiment model works well as data scientists can in this case not manually 

examine if the input matches the predicted sentiment score measured by the machine-learning model. Therefore, 

the data scientist proposed in the interview to develop one column with the full text without cleaning or deleting data 

from the text (see table 2, column “Text”), create another column which is used as input for the sentiment analysis 

model (see table 2, column “Cleaned text”). In this way, the data scientists can still read the whole conversation at 

the column “Text” but can additionally measure the sentiment of the text based on the column “Cleaned text”. By 

developing a column “Text” and “Cleaned text”, data scientists can examine if the sentiment score output, column 

“Sentiment”, actually matches the input text “Cleaned text” by examining the column “Text”.  

Conversation 
ID 

Part of 
conversation 

Text Cleaned text Sentiment 
(1-5) 

1 1 I had a car accident last week 
and I broke my hip. My car is 
damaged and I don’t know 
what to do with my insurance. 

i had a car accident last week 
and i broke my hip my car is 
damaged and i do not know 
what to do with my insurance 

2 

1 2 A friend told me that I would 
never get my money back 
because I did not pay the last 
term of my car insurance. 

a friend told me that i would 
never get my money back 
because i did not pay the last 
term of my car insurance 

2 
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1 3 I am furious because I always 
pay my car insurance on time 
and I accidentally forget to pay 
one term and now I am not 
insured anymore.  

i am furious because i always 
pay my car insurance on time 
and i accidentally forget to 
pay one term and now i am 
not insured anymore 

1 

2 1 I already waited 30 minutes 
before somebody received me. 
Why did I have to wait this 
long? 

i already waited 30 minutes 
before somebody received 
me why did i have to wait this 
long 

1 

2 2 Anyhow, I wanted to ask if the 
money will be refunded before 
the end of this week. 

Anyhow i wanted to ask if the 
money will be refunded 
before the end of this week 

3 

2 3 Thank you for reaching out to 
us! Give me one second, I will 
check the refund 
administration. Thank you for 
your patience! I have good 
news! You will receive the 
refund today.  

thank you for reaching out to 
us give me one second i will 
check the refund 
administration thank you for 
your patience i have good 
news you will receive the 
refund today  

5 

2 4 It’s great to hear that the 
money will be transferred 
today. Thank you so much for 
your help. I did not expect it to 
be transferred this fast! 

it is great to hear that the 
money will be transferred 
today thank you so much for 
your help i did not expect it to 
be transferred this fast 

5 

 Table 2: Data frame example for sentiment analysis  

Next to adding a “text” column and a “cleaned text” (input) column, data scientists can additionally choose what 

input they want to utilize for the sentiment analysis. Data scientists should first determine the purpose of the 

sentiment analysis before they choose the input. Data scientists can for instance choose to include a whole 

conversation as input for sentiment analysis but they can also choose to only utilize what the customer said as input 

for the sentiment analysis. During a phone call for instance; first, the customer support employees talks, then the 

customer responds and then the customer support employees talks again. Data scientists can choose to delete the 

text of the customer support employee in order to get unbiased sentiment from the customer. Therefore, it is 

important to first establish the purpose of the sentiment analysis. If the sentiment needs to be obtained for a 

customer metric then the customer support employee text can best be deleted. If the sentiment of the overall 

conversation or the sentiment of the customer support employee needs to be measured. Then it's better to include 

the text of the customer support employee as input for the sentiment analysis. 3 displays at conversation ID 1 input 

without the customer support employee. At conversation ID 2 table 2 shows input when the customer support 

employee has not been deleted.  

Next to this, the data scientists mention in the interview that rows in the dataset might need to be split into several 

rows as pre-trained sentiment analysis models often have a maximum amount of characters or words that they can 
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predict the sentiment of per row. BERT has for instance a maximum of 512 per row which the dataset needs to 

predict the sentiment of (Peltarion Knowledge Center, 2022). Therefore, it is sometimes necessary to split 

conversation over multiple rows in order to predict the sentiment. Table 2 displays this in the following way: the 

column “conversation ID”, displays the whole conversation. As the whole conversation exceeds the maximum 

amount of characters per row. The conversation is split in 3 rows. All 3 rows have in the “conversation ID” column, 

the same conversation ID but in column 2 “Part of conversation”, the number in the column shows the order of the 

conversation. In the column “Part of conversation”, “1” means that the conversation starts with this input text. “2” 

means that this input is the up-following input after “1” and so on per conversation ID.  

The data scientist at company X proposed various new techniques to prepare the sentiment analysis model. She 

shows methods which can be utilized to split datasets in a way which helps data scientists to ensure the accuracy 

of the sentiment analysis model. The method of creating a “cleaned text input” and a “text input” helps data scientists 

to manually examine if the output fits with the input. A method to improve the accuracy of the model is by executing 

A/B tests by examining if the sentiment analysis outputs are more accurate if the data scientist includes or excludes 

some text (i.e. includes customer support employee response to the customer or excludes his response). Next to 

this, the data scientist shows the importance of knowing your input. If the input is too big for the sentiment analysis 

model then the input needs to be modified and divided over several rows in order to determine the sentiment 

analysis scores. In comparison to the literature, the data scientist does mention the finetuning of the sentiment 

analysis model, casing or uncasing input, deleting special characters, deleting stop words, adapting dtypes and 

thinking about the output. The only method she does not mention is the method of utilizing a summarization model 

to obtain more accurate sentiment analysis scores. She mentions about this technique that summarization models 

might create too much noise as summarization models often have accuracy scores as well of how accurate the text 

was summarized. So then the input for the sentiment analysis model is less accurate depending on the accuracy 

of the summarization model. This is the same disadvantage which was mentioned in step 1 (“Evaluate if the data 

is suitable for sentiment analysis”) with the transcription software The confidence scores of transcription software 

need to be taken into account when this data will be utilized for sentiment analysis models. In this case, the dataset 

will be modified by a summarization model instead of transcription software but both methods decrease the 

accuracy of the original dataset.  

To conclude, companies need to prepare the data for the sentiment analysis by examining how the dataset should 

be cleaned fitting to the sentiment analysis model. Data scientists (at the company) might need to change the 

dtypes, include or exclude capital letters and delete special characters. A summarization tool might be needed to 

change the input in order to obtain more accurate sentiment analysis scores but this can also backfire as software 

like transcription software or summarization models have their own accuracy scores for producing output. It is 

recommended to add a “cleaned text” column as data scientists can then manually examine if the output of the 

sentiment analysis models is accurate. Next to this, data scientists have to decide what the purpose is to define if 

they want to include all text of the conversation or only text from the target (for example: only text from the customer, 

not the text from the customer and the customer support employee). Lastly, the data scientist might need to split 

conversations over multiple rows as sentiment analysis models have a maximum number of characters per row 

whereof they can predict the sentiment.   

Step 3: Develop an overview of available sentiment analysis models 

WHAT: This chapter discusses the available pre-trained sentiment analysis models. WHY: It is important to 

establish what pre-trained sentiment analysis models are available for the Dutch language in order to determine 

which sentiment analysis model a company should implement. HOW: This step gives an overview of these 

sentiment analysis models by doing literature research.  
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Literature 

Literature mentions the pre-trained sentiment analysis model named Pattern.nl. Pattern.nl is a sentiment analysis 

model which can be utilized to extract Dutch sentiment via a lexicon-based approach (University of Antwerp, 2010). 

The model has an accuracy of 82% and Github users saved the webpage about Pattern.nl more than 8.300 times. 

Pattern.nl is a rule-based sentiment analyzer, which is based on a built-in lexicon of about 4,000 Dutch lemmas. 

Lemma’s are the base of a word. It is the way words are defined in the dictionary. The model determines 2 scores; 

the polarity and subjectivity scores. The polarity score is a score between -1 and +1. This is the sentiment score 

stated with 2 numbers behind the comma. If the score is close to -1 for instance -0.88 then the input is categorized 

as negative sentiment. If the score is closer to 1 then the sentiment is positive. A score around 0 states that the 

sentiment is neutral. The subjectivity score determines how subjective the polarity score is. It is a score between 0 

and 1. The higher the number the more subjective the outcome of the model is.  

The second pre-trained sentiment analysis model mentioned in literature is BERT. BERT is a sentiment analysis 

model which can be utilized to extract Dutch sentiment via a machine-learning-based approach (Hugging Face, 

2021). BERT has multiple variations of its machine-learning model. The most popular pre-trained model is the bert-

base-multilingual-uncased-sentiment model. BERT utilizes neural networks to categorize the sentiment from 1 to 

5, where 1 is extremely negative and 5 is extremely positive sentiment. This model was downloaded 369.005 times 

in July 2022 (Hugging Face, 2022) and has an accuracy for the Dutch model of 57%. The Dutch model does predict 

the sentiment way more accurate when the sentiment score is allowed to be off by 1 degree than the accuracy is 

93% for the Dutch model. The BERT model recognizes patterns like for instance “this is not bad”. It recognizes that 

“not” is connected to “bad” and it understands that the combination of these 2 words generates a positive sentiment 

rather than a negative sentiment. Lexicon-based sentiment analysis models would categorize “not bad” as 

extremely negative. Lexicon-based sentiment analysis models generate a sentiment score for every word. In this 

way “not bad” will be classified as two words that both generate negative sentiment. The BERT pre-trained model 

is multilingual and applicable for English, Dutch, German, French, Italian and Spanish inputs. The input for the pre-

trained model where 80.000 product reviews. Sentiment is easily extractable from product reviews as product 

reviews contain strong signal words like “I hate this product” and “This product is great”. It is harder to obtain the 

sentiment from customer support records as these conversations are more nuanced (Magdani, 2020). Therefore, 

this paper recommends to first fine-tune BERT.  

To summarize, the literature describes 2 sentiment analysis models. Sentiment analysis can be executed by a 

machine-learning approach or by a lexicon-based approach. BERT is a machine-learning-based approach which is 

a suitable method to obtain the sentiment for Dutch sentiment analysis models. Pattern.nl is a lexicion based 

approach to obtaining the sentiment of Dutch sentiment analysis models.  

Case study 

In the interview with the data scientist at company X, she mentioned BERT as a suitable sentiment analysis method 

for the Dutch language. Company X had already had a tutorial on the possibilities of BERT and how BERT can be 

utilized to obtain sentiment from texts. The IT department at company X already established that BERT is a safe 

model to use for the company. By first establishing how safe the model is, the company does not have to deal with 

cyber security or privacy threats due to the download of the BERT pre-trained model.  

The model proposed in the interview (BERT) was also mentioned in literature as a suitable method for sentiment 

analysis for the Dutch language. The data scientist had not heard of Pattern.nl, the lexicon-based sentiment analysis 

model.  



  Master Thesis - Laura Haarhuis 

25 
 

To conclude, companies need to develop an overview of available sentiment analysis models by examining current 

pre-trained sentiment analysis models. Currently, the literature and the interview identified 2 sentiment analysis 

models for the Dutch language: BERT and Pattern.nl.  

Step 4: Choose a sentiment analysis model 

WHAT: How accurate the sentiment can be predicted depends on the sentiment analysis model. WHY: It is 

important to select a suitable sentiment analysis model fitting to the organisation. HOW: Which consideration should 

companies take into account before choosing a sentiment analysis model? This step defines multiple considerations 

companies can take into account to select a suitable sentiment analysis model.  

Literature 

The literature mentions that it is important to utilize the best sentiment analysis model for your organization. As it 

depends on the model how accurate the sentiment analysis is. Valdarrama (2022) proposes 7 considerations of 

how a machine-learning model should be chosen. Figure 5 displays the 7 considerations.  

  

Figure 5: 7 Considerations to choose an appropriate machine-learning model ofValdarrama (2022) 

The first consideration of Valdarrama is the explainability of the model. When data scientists cannot understand 

how the model works then it is hard to understand how the sentiment scores are developed by the model. A model 

which is not explainable to data scientists is likely to be turned down as a suitable model by the management as 

they prefer a transparent model which can be easily explained as incorrect sentiment scores can then be easily 

explained. Linear regression and decision trees are sentiment analysis methods which provide more explainability. 

Next to machine-learning-based sentiment analysis methods, there are lexicon-based sentiment analysis methods. 

The benefit of lexicon-based sentiment analysis methods is that they have a high explainability.  
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The second consideration of Valdarrama is complexity of the model. As mentioned before, lexicon-based sentiment 

analysis models are easily explainable. This is because these sentiment analysis models are not complex. They do 

not have multiple layers like machine-learning-based sentiment analysis models. Complex sentiment analysis 

models can have multiple layer. Layers can improve the accuracy of the model but layers also make the model 

more complex. Layers also increase the computing time of machine-learning models and this can increase the cost.  

The third consideration of Valdarrama when a machine-learning model will be chosen is the size of the dataset. 

Lots of machine-learning-based sentiment analysis models need a training set to train the machine-learning model. 

The size of the training set depends on which sentiment analysis model a company chooses. Neural networks are 

able to process large datasets. K-Nearest Neighbors can already train the model with only a few rows. The amount 

of training data is dependent on the method and on accurate the model should be. Most of the time, more training 

data causes more accurate sentiment analysis predictions. Van Overmeire (2018) proposes a way to obtain training 

data without manually labelling the data. He proposes that companies can use reviews of their website to train their 

sentiment analysis model on. When a customer reviews a company they can rate the company for instance by 

selecting an amount of starts (Trustpilot) or then leaving a comment with the stars. The stars can be used as the 

label and the comment can be used as the input for the training data set. A disadvantage of this method is that it 

utilizes reviews. Reviews have a stronger sentiment then a regular customer support phone call. Therefore, the 

accuracy may not match. Lexicon-based machine-learning models do not need to be trained therefore the size of 

the dataset does not matter as much.   

The dimensionality of the data is as well important when companies select a suitable sentiment analysis method. 

The dimensionality consists of the vertical size and the horizontal size. The vertical size represents how much data 

the company has. The horizontal size represents the number of features. Features are ways to examine the 

accuracy of the model like Pearson’s R, Spearman’s Rho, ANOVA and Kendall’s Tau). More features can create a 

more accurate model but it will also increase the complexity and increase the computing time. Thus, companies 

have to examine how many features the machine-learning model needs. Lexicon-based machine-learning models 

do not have features, thus the dimensionality is not a consideration for lexicon-based sentiment analysis models.  

The trainings time of the model depends as mentioned above on the amount of features and the machine-learning 

model. A machine-learning-based sentiment analysis model needs to be trained on trainings data to predict the 

sentiment accurately. It is important to establish a good threshold of how accurate the model should be as there is 

a difference in training time between a 99% accurate model and a 95% accurate model.  

Additionally, the computing time is very important. The computing time is how long the sentiment analysis model 

needs to run to predict sentiment scores. When companies want to developed a dashboard with real-time sentiment 

metrics than it is of utmost importance that the computing time of models is fast. When a company chooses a slow 

machine-learning model than CPU’s can provide a solution. Companies can buy CPU power to fasten the computing 

times of sentiment analysis models.  

The last consideration is the performance of the model. A sentiment analysis model needs to be accurate. Accuracy 

is an important criteria to determine if the model is working well. This research recommends that the accuracy of 

sentiment analysis models should be above 80-85%. This means that the model can predict the sentiment with a 

certainty of 80-85%. This research proposes this threshold as Richards (2022) mentions that human analysts predict 

80-85% of the time sentiment accurately. The accuracy of pre-trained models is often given but as insurance 

companies might have more keywords that are considered “neutral” the model should still be fine-tuned and tested 

on its accuracy.  

Furthermore, there are multiple ways to further improve the accuracy of models. Companies can for instance choose 

to do A/B test to check when the model is more accurate. English models are for instance often better trained and 
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are therefore more accurate. It is a possibility to  translate customer support records, to use them as input for 

English sentiment analysis models and to obtain the sentiment in this way. Companies could compare these two 

models (the Dutch model and the English model) to determine which model is more accurate for predicting the 

sentiment.  

Another method to measure the sentiment accurately is to incorporate a sarcasm score. Sarcasm models predict 

how sarcastic texts are. The higher the score the more sarcastic the text is. Sentiment analysis models do not 

recognize sarcasm. Therefore, the customer support records can be categorized in sentiment (1-5) but also on 

sarcasm score. With this function, companies could filter texts based on the sarcasm score. For instance: I would 

like to obtain the sentiment of the average customer who calls the customer support. The company then first filters 

all inputs with a high sarcasm score as these conversations are highly sarcastic, the sentiment will be predicted 

inaccurately.  

Companies could also utilize a summarizing model before using the dataset as input. As customer support records 

consist of long conversations the conversations can first be summarized to obtain the sentiment of the customer 

easier. An A/B test could be executed to compare the accuracy scores of the model. The two models can be 

compared (the model with the whole text as input and the model which utilizes the summarized text as input).  

When a sentiment score is not accurate than the model cannot be used as a metric in business. But it is also 

important to balance the accuracy, computing time and costs when choosing for a sentiment analysis model. When 

the accuracy should be really high than either the computing time or the cost will increase. When the cost needs to 

be low than the either the computing time or the accuracy will be lower. When the computing time needs to be fast 

than either the cost or the accuracy will be lower. Therefore, it is all about balancing these considerations. 

To summarize, the literature proposes to utilize the 7 consideration of Valderrama to determine which sentiment 

analysis model is suitable for a company. The 7 considerations of Valderrama propose that data scientists should 

pay attention to the explainability of the model, the complexity of the model, the size of the dataset, the 

dimensionality of the data, the training time and cost, the inference time and last but not least the performance of 

the model. These 7 considerations provide guidance to data scientists who need to select a sentiment analysis 

model. 

Case study 

During the interview with the data scientist at company X, she mentioned the importance of safe sentiment analysis 

models. She mentions the performance of the model, the size of the dataset, the training time and cost and the 

inference time as considerations. These considerations are also part of the 7 considerations of Valderrama. But the 

data scientist also mentions that there are more considerations when selecting a sentiment analysis model for a 

company. Individuals who utilize sentiment analysis are less prone to be hacked or to be cyber attacked then 

companies. Big companies on the other hand, should be aware of cyber security and data privacy threats. 

Therefore, safety of a sentiment analysis model is also an important consideration for company when they select a 

sentiment analysis model. A safe sentiment analysis model means that the company is less prone to data security 

or data privacy threats when a certain sentiment analysis model will be used. The IT department of firms should 

thus first assess if the sentiment analysis model creates data security or data privacy threats.  

The interview shows similarities with the literature as both acknowledge the importance of the accuracy of the 

model, the size of the dataset, the training time and training cost of the model. The literature does not specifically 

focus on considerations for selecting a machine-learning model for business. It only focuses on general 

considerations for selecting a machine-learning model like sentiment analysis. Therefore, the interview shows 

additionally the importance of safety of the model. Attention should be paid to data privacy and data security when 
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selecting a sentiment analysis model as violating this consideration could lead to significant fines by the 

government.   

To conclude, companies need to choose a sentiment analysis model by evaluating all pre-trained sentiment analysis 

models via considerations. The literature and the interview identified 8 considerations for data scientists at 

companies to take into account. The considerations which companies should consider are the explainability of the 

model, the complexity of the model, the size of the dataset, the dimensionality of the data, the training time and the 

cost, the inference time, the performance of the model and the safety of the model.  

Step 5: Define the goals of the departments 

WHAT: Step 5 to 8 provide companies with a complete overview of sentiment analysis applications for their 

business. The steps help to determine existing and new sentiment analysis applications. Additionally, the 

applications will be ranked by business value. WHY: This will be done to help companies decide if they should or 

should not invest in sentiment analysis. HOW: By utilizing the systematic approach (figure 4) mentioned in the 

research methods, companies can explore new sentiment analysis applications in their business. Literature will be 

studied to establish existing sentiment analysis applications for businesses. Lastly, a survey helps to determine the 

business value of business applications. Step 5-8 are answered for company X to provide an example of how new 

sentiment analysis applications can be explored. Next to this, it shows if the systematic approach helps to determine 

new sentiment analysis applications.  

WHAT: Step 5 in the guideline is to define the company and department goals. WHY: Step 5 is a necessary step in 

the systematic approach in order to explore new sentiment analysis applications. HOW: The goals of company X 

are defined by executing interviews with the customer service vision, strategy and innovations manager, the 

marketing intelligence analyst and the team leader of a business intelligence unit. Next to this, literature provides 

insight on general company and department goals to establish a clear overview of possible goals per department.  

In the following paragraphs, step 5 will be answered for company X in order to provide an example for the systematic 

approach. Therefore, the goals of company X are defined by doing literature and by gathering data via interviews. 

The goals are defined per department.  

2.6.1 Board of Directors 

According to the literature, the function of the board of directors is to protect the interests of the shareholders, to 

select top executives and review their performance, to review and approve big decisions and strategies and develop 

new committees (Beaver et al., 2007). It is important to be a successful company for the Board of Directors as a 

successful company is one of the interests of the investors. Measuring the success of a company can be measured 

by the stock price (Massari et al., 2016). If the stocks are going up then a company performs well, if a stock goes 

down a company does not perform well.  

2.6.2 Business Intelligence 

Literature mentions that business intelligence is a department which provides the company with by analysing data 

(Nelson, 2015). The goal of business intelligence departments is to provide the company with valuable insight which 

can help the company to make strategic decisions (Nelson, 2015). Business Intelligence can for instance give 

insight into operational goals. Operational goals are of utmost importance as smooth operations are often the reason 

why business are so successful (Bitley,2020). Operational goals are related to for instance customer satisfaction, 

process consistency, turnaround time, team growth and administrative efficiency (Bitley,2020).  

There are several business intelligence divisions within company X according to the interview with the marketing 

intelligence analyst at company X. The business intelligence departments are split based on their goals. Within 
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company X the goals of these departments are the following: creating happy customers and improving business 

processes. The first business intelligence department examines what creates happy customers. The other business 

intelligence department examines what business processes to optimize.  

2.6.3 Customer Relationship Management 

According to literature, the goal of the customer relations department is to create  profitable customer relationships 

(Cunningham, 2002). The sentiment of the customers is important to ensure profitable customer relationships. 

Therefore, it would be valuable for the customer relationship department to identify customers who have negative 

sentiment and whom are likely to churn to prevent them from churning and to improve their sentiment.   

2.6.4 Customer Support 

Literature mentions that the goal of the customer support department is the support business provide to their 

customers, before and after the sale has been made. Customer support helps customers to have an easy and 

enjoyable experience with the firm (Salesforce, 2022). The customer service department has several goals. They 

for instance would like to reduce the response time, reduce the handling time, improve employee skill, improve 

customer satisfaction, increase customer loyalty, promote self-service and increase efficiency, humanize customer 

experience (Thomas, 2022).  

2.6.5 External Affairs 

According to literature, the goal of external Affairs is to build and maintain a relationship with influential partners. 

These can be specific individuals and organizations (Government Communication Service, 2022). The sentiment 

of the partners is therefore of utmost important for the external Affairs department.  

2.6.6 Human Resource Management 

Literature mentions that the goal of human resource management used to be focused on obtaining the right people 

at the right place and at the right time. Nowadays, this goal is still important but new HRM goals have been 

introduced as well. Like creating a clear corporate culture, developing happy employees, enhance employee 

productivity , retaining employees, engaging employees and implementing the best global management practises 

(HRM Handbook, 2022). Measuring employee sentiment can therefore, be valuable for the HRM department.  

2.6.7 Marketing 

According to literature, the marketing department is also an important departments as marketing expands your 

audience and generates your audience into leads (Bitley, 2020). Indeed (2021) mentions that there are 10 different 

specialisations within marketing and every specialization can have their own subgoals. The specializations are 

digital marketing, content marketing, social media marketing, visual marketing, search engine marketing, influencer 

marketing, product marketing, research marketing and email marketing (Indeed, 2021). This means that the 

marketing department has various goals depending on the specialisation. Goals could for instance be increasing 

the amount of leads, launching a successful event, establishing a clear brand et cetera.  

According to the marketing intelligence analyst, it is important that the marketing department can evaluate the 

performance of their marketing campaigns, adds and events. Did customers buy more or buy less due to the 

marketing activities? Did the marketing campaigns, adds, events create positive sentiment? The goal of the 

marketing department is to create a strong brand image and to attract new customers.  
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2.6.8 Purchase department  

The purchase department should according to literature try to lower the cost, reduce risk and ensure the security of 

supply, manage relationships, improve product quality, pursue product innovation, utilize technology (BDC, 2022). 

The department should additionally improve and evaluate the product portfolio. Are customers still happy with the 

product offer? It is important to evaluate if products and services create positive or negative sentiment. In this way, 

the purchase department knows which products the department should add or delete from their product or service 

portfolio.  

2.6.9 Sales department 

According to literature, the goal of main goal of the sales department is to increase revenue. Other important sales 

goals are; quarterly revenue numbers, weekly sales opportunities closed, seasonal targets; the insurance company 

has to enrol 10% more customers than last year during the OEP (Open Enrollment Period) (Bitley, 2020). The more 

specific the goal the better. Therefore, it is beneficial if the sales department can measure the sales per product, 

per service, per agent , returning/new customers (Bitley, 2020.  

To conclude. the goals mentioned in the interviews align with the goals literature mentions. The interviews provide 

a few additional goals next to the goals mentioned in the literature. The interview states that creating happy 

customers is part of the business intelligence department but the literature states that this is part of customer support 

department. Nevertheless, several department can have the same goal. The interview also proposes another goal 

for the marketing department namely to evaluate their own performance by investigating how well campaigns and 

events were conducted based on customer sentiment.  

Step 6: Define which metrics can be obtained from sentiment analysis 

WHAT: This step defines which metrics can be obtained from sentiment analysis by analyzing its stakeholders. 

WHY: By analyzing company stakeholders, companies can determine from whom they can measure the sentiment. 

Determining sentiment analysis metrics is important in order to explore sentiment analysis applications via the 

systematic approach. HOW: companies can determine their stakeholders. By analyzing the stakeholders 

companies can developed sentiment analysis metrics. The below paragraphs state how company X developed its 

sentiment analysis metrics. Table 3 describes the metrics (KPIs) mentioned in literature. Table 4, describes the 

metrics (KPIs) which are developed by interviews and utilizing the systematic approach (figure 4).  

Literature  

Companies can measure the sentiment of their customers, employees, shareholders and other stakeholders in 

several ways. The input for the sentiment analysis can either internal data or external data (Ventiv Technology, 

2022). Customer support creates internal data from various channels for instance phone call transcripts, WhatsApp 

records or email records. Companies can also utilize external data from for instance social media. Therefore, 

companies first need to decide what they would like to measure and how they can measure it; with internal or 

external data (Ventiv Technology, 2022). Companies can develop a social media scraper which obtains all social 

media messages related to a specific company or brand. This is an external method to gather data. Note; when 

companies utilize this method the sentiment of all individuals within the target market will be obtained, so the 

sentiment from customers but also from individuals who talk about the company but are not a customer. When 

companies utilize internal data like customer contact data, they know that the sentiment they acquire is the 

sentiment of their customers, not of the market. 
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Bianchi (2021), Fairly (2022) and Roldós (2020) mention in their papers that sentiment analysis can provide 7 KPIs 

for businesses. These KPIs are valuable as they monitor the sentiment of the market, participants of events, 

customers and employees. Table 3 presents the 7 KPIs for businesses.  

 

Row 
# 

Measuring 
sentiment of KPI Input  Literature 

1 Market Sentiment of the market about the company External  
Bianchi 
(2021) 

2 Market 
Sentiment of the market about the competitors in the 
market External  

Bianchi 
(2021) 

3 Participants Sentiment of participants of events the company organizes External  
Fairly 
(2022) 

4 Customers Sentiment of all customers Internal  
Bianchi 
(2021) 

5 Customers Sentiment per customer Internal  
Roldós 
(2020) 

6 Employees Sentiment of all Employees Internal  
Roldós 
(2020) 

7 Employees Sentiment per employee Internal  
Roldós 
(2020) 

Table 3: Sentiment analysis KPIs derived from literature 

2.7.1 Sentiment of the market KPI 

This first KPI that literature identified is the sentiment of the market about the company (Bianchi, 2021). This KPI 

represents the average sentiment of the Dutch population about a company. When BERT is used this means that 

for instance the score could be 4. This means that the Dutch population thinks moderately positive of a company. 

The sentiment can be measured by external data like for instance Dutch social media posts, therefore the sentiment 

is developed by social media users and this means that the representation is not that accurate as senior people 

(65+) use social media less than the younger generations. Next to this, the KPI represents the Dutch population but 

this can only be partly achieved when programming a scraper. The scraper can for instance take social media posts 

which are written in Dutch and whereof the user is located in the Netherlands. The scraper cannot identify if the 

user has a Dutch nationality (Techopedia, 2012). So, this KPI is not 100% accurate as the input for the sentiment 

analysis is not 100% accurately representing the Dutch population.  

The second KPI in table 3 is the sentiment of the market about the competitors (Bianchi, 2021). The same method 

was used as with KPI number 1 but this time the web scraper searched for posts about competitors. Therefore the 

sentiment of the market of several competitors can be compared with the sentiment of the company. This is a 

valuable evaluation tool to compare sentiment scores with competitors. Figure 6 displays a possible visualization 

of this KPI. It displays the sentiment from 18 January 2022 until 17 February 2022 (the data is fictional and utilized 

for visualization purposes).  
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Figure 6: Visualization of market sentiment KPI 

2.7.2 Sentiment of Participants KPI 

The third KPI “sentiment of participants of events the company organizes” in table 3 measures the sentiment of 

participants of a specific event or the sentiment of people whom viewed a specific company add (Fairly, 2022). This 

KPI utilizes external data like for instance web scraper. This web scraper searches for instance social media posts 

in relation to specific events or campaigns of the company. When a company for instance organizes a run. This 

event was created by a company and via a sentiment analysis in combination with a social media scraper the 

sentiment of participants of this run can be obtained. In this way, marketeers can measure if the event (the run) was 

a success or not. Figure 7 displays a possible visualization of this KPI. 

 

Figure 7: Visualization of event sentiment KPI 

2.7.3 Sentiment of Customers 

The sentiment of the customer is widely studied as it provides insight into customer satisfaction (Bianchi, 2021). 

Companies can obtain the average sentiment of all their customers (row 4, table 3) by using sentiment analysis. 

This sentiment can additionally be filtered by various filters like a topic filter (i.e. car insurances, property 

insurances), an intent filter (applying for an insurance, changing customer information, cancelling an insurance, 

claiming a refund) or a customer service employee ( i.e. Henk Jansen, Daniek Willemsen). This KPI can give a lot 

of insight. It gives the average sentiment of all customers but it also provides insight into which business processes 

generate negative sentiment and which generate positive sentiment. For example the filter combination “applying 

an insurance” and “car insurances” generates more negative sentiment than the filter combination “applying for an 

insurance” and  “property insurance”. What is the reason for this difference? The performance of customer service 

employees can also be measured by the sentiment of all customers KPI. Which customer service employee 

generates lots of negative or lots of positive sentiment? Figure 8 displays a possible visualization of this KPI.  
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Figure 8: Visualization of customer sentiment KPI 

The fifth KPI in table 3 is the sentiment per customer. The sentiment analysis with customer contact data as input 

can be utilized to add a sentiment KPI in every customer dashboard. Customer support employees can then use 

this insight to see if a customer that they are in contact with has a positive or negative sentiment towards the 

company. 

2.7.4 Sentiment of Employees 

Next to customer related KPIs derived from internal data. An employee-centric KPI can also provide valuable 

information. The average sentiment of the employees (row 6, table 3) gives insight into the employee satisfaction 

(Roldós, 2020). The HR department can utilize this KPI to evaluate their own performance. Additionally, the 

sentiment per employee can be measured (row 7, table 3). This gives insight into the sentiment of every single 

employee in the company. The input for this KPI is internal data which can be derived from employee meetings, 

employee emails et cetera.  

Table 4 describes the KPIs mentioned in literature. These KPIs are the sentiment of the market about the company, 

the sentiment of the market about competitors, the sentiment of participants of events the company organizes, the 

sentiment of all customers (average sentiment of customers, the sentiment per customer, the sentiment of all 

employees and the sentiment per employee. Column 2 in table 3, shows the target group of the KPI. The target 

group is the group wherefrom the sentiment will be measured. The fourth column “input” displays if this sentiment 

will be gathered by internal or external data. The last column describes the source that mentions this KPI. 
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Case study 

Next to the literature, this research describes other KPIs. These KPIs are developed by interviews and by utilizing 

the systematic approach. Table 4, mentions these KPIs. Table 4 establishes in column 2 the target group; of whom 

will the sentiment be measured? The third column states the newly developed KPIs. The column “input” describes 

if the KPI can be developed by utilizing external or internal data and the last column describes if the KPI was 

developed by an interview or by critical thinking.  

Row 
# 

Measuring 
sentiment of KPI Input  Interview 

1 Participants 
Sentiment of participants of events the 
competitor organizes External  Yes 

2 Customers Sentiment per contact moment Internal  Yes 

3 Customers Sentiment within contact moment Internal  Yes 

4 Employees Sentiment per contact moment (with HR) Internal  Yes 

5 Employees Sentiment within contact moment (with HR) Internal  Yes 

6 Shareholders Sentiment of all shareholders Internal  No 

7 Shareholders Sentiment per shareholder Internal  No 

8 Shareholders 
Sentiment per contact moment (shareholders 
meeting) Internal  No 

9 Shareholders 
Sentiment within contact moment 
(shareholders meeting) Internal  No 

10 Partners Sentiment of all partners Internal  Yes 

11 Partners Sentiment per partner Internal  Yes 

12 Partners Sentiment per contact moment  Internal  Yes 

13 Partners Sentiment within contact moment  Internal  Yes 

14 Suppliers Sentiment of all suppliers Internal  No 

15 Suppliers Sentiment per supplier Internal  No 

16 Suppliers Sentiment per contact moment  Internal  No 

17 Suppliers Sentiment within contact moment  Internal  No 

Table 4: Sentiment analysis KPIs developed by interviews and the systematic approach 

 

The first row in table 4 describes the sentiment of participants of events the competitor organizes. This KPI 

measures the same as the KPI in table 4 row 3 “Sentiment of participants of events the company organizes” but 

then the sentiment of events the competitor organizes. This can be done to evaluate the success of events 

compared to events the competitor organizes.  

Table 4,  row 2 displays the sentiment per contact moment of the customer. The literature mentioned earlier that 

the sentiment per customer can be obtained. This is valuable for customer support when they talk to a customer. 

The KPI in table 4 row 2 displays the sentiment per contact moment.  If the customer for instance has contact with 

company X via WhatsApp and via phone call then the sentiment will be measured for both contact moments. This 

provides customer service employees with insight. It shows the sentiment of the last contact moment of the 

customer.  
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The sentiment of the customer can be further utilized by providing the sentiment within contact moments (row 3, 

table 4). This KPI was established by doing interviews at company X. Contact moment can be split into several 

parts, for instance, the beginning, the middle and the end of the conversation. A sentiment score can be obtained 

per section. This gives insight into the development of the sentiment within a contact moment. A sentiment can for 

instance go up or down during a conversation. This can be visualized in a dashboard. How this can be valuable will 

be discussed in the application section. Figure 9 displays a possible visualization of a customer centric KPI 

dashboard developed by using the KPI of the “sentiment per customer” and combining this with the KPIs gathered 

by interviews and the systematic approach  namely the “sentiment per contact moment” and “sentiment within 

contact moment” KPIs. This dashboard provides an overview of the sentiment of specific customers.  

 

Figure 9: Visualization of sentiment per customer, per contact moment and within contact moment KPI 

KPIs can also be developed for customers but also for other target groups. Internal data contains employee data, 

partner data, shareholder data or supplier data. Therefore the visualization of figure 10 can be applied for not only 

customers but also other target groups like employees, partners, shareholders and suppliers. In table 4, from row 

4 onwards, the KPIs derived from internal data for employees, partners, shareholders and suppliers are visualized 

in the same format as defined in figure 10. The supplier and the shareholders KPIs are derived from logic thinking. 

These KPIs were established by first brainstorming about internal data. Which internal data is suitable for sentiment 

analysis and which target groups can be established. A target group can be established when there is enough data 

of a data group. This internal data can be data like shareholder meeting recordings.  
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Figure 10: Visualization of the relationship between sentiment analysis KPIs developed by internal data 

The interviews align with the KPIs proposed by the literature. The interviews additionally propose more debt to the 

KPIs. When the sentiment can be accurately measured per contact moment and within a contact moment then this 

offers more opportunities to examine the sentiment more in-depth. Additionally, the interview proposed more 

possibilities of obtaining the sentiment from different target groups. Sentiment can namely not only be obtained 

from the market, customers, participants and employees but also from shareholders, partners and suppliers. This 

offers more possibilities for generating specific applications which can help businesses.  

Step 7: Develop an overview of sentiment analysis applications 

WHAT: This chapter provides an overview of sentiment analysis applications. WHY: A complete overview of 

sentiment analysis applications is important as it enables companies to decide which applications they would like 

to implement. HOW: By examining literature and by utilizing the systematic approach, companies can develop an 

overview of sentiment analysis applications applicable for the different departments in their company. The 

departments which are proposed are the Board of Directors, Business Intelligence, Customer Relationship 

Management, Customer Support, External Affairs, Human Resource Management, Marketing, Product/Product 

department, Sales department. In the paragraphs below, an overview will be given of the sentiment analysis 

applications generated in literature, by interviews and by the systematic approach. Every sub-chapter will explain 

the applications per division. Table 5 shows all applications which were developed in this research. 

 

Measurin
g 
sentimen
t of 

Departme
nt 

KPI Application Data 
source 

Input  Literatu
re 

Intervi
ew 

Systema
tic 
approac
h 

Sharehol
der 

Board of 
directors 

Sentiment 
per 
sharehold
er 

Shareholder 
churn 
prediction tool 

Sharehold
er contact 
data 

Intern
al 

    x 
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Market Board of 
directors 

Sentiment 
of the 
market 

Investor 
prediction tool 

web 
scraper 

extern
al 

x     

Sharehol
der 

Board of 
directors 

Sentiment 
per 
sharehold
er 

Shareholder 
decision-making 
tool 

Sharehold
er contact 
data 

Intern
al 

    x 

Customer
s 

Business 
Intelligenc
e 

Sentiment 
of the 
customer 
(several 
filters) 

Prioritization 
tool 

Customer 
contact 
data 

Intern
al 

  x   

Customer
s 

Customer 
relationshi
p 
managem
ent 

Sentiment 
per 
customer 

CRM tool Customer 
contact 
data 

Intern
al 

    x 

Customer
s 

Customer 
relationshi
p 
managem
ent 

Sentiment 
of the 
customer 
(several 
filters) 

Partner insight 
tool 

Customer 
contact 
data 

Intern
al 

    x 

Customer
s 

Customer 
support 

Sentiment 
per 
contact 
moment & 
Sentiment 
within 
contact 
moment 

Customer 
service 
performance 
tool 

Customer 
contact 
data 

Intern
al 

x x   

Customer
s 

Customer 
support 

Sentiment 
per ticket 

Prioritization 
customer 
tickets tool 

Customer 
contact 
data 

Intern
al 

x     

Customer
s 

Customer 
support 

Sentiment 
per 
contact 
moment & 
Sentiment 
within 
contact 
moment 

Ladder of 
emotions tool 

Customer 
contact 
data 

Intern
al 

  x   

Customer
s 

Customer 
support 

Sentiment 
of the 
customer 
(several 
filters) 

Communication 
channel tool 

Customer 
contact 
data 

Intern
al 

  x   
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Customer
s 

External 
Affairs 

Sentiment 
of the 
customer 
(several 
filters) 

Partner 
sentiment tool 

Customer 
contact 
data 

Intern
al 

  x   

Partner External 
Affairs 

Sentiment 
per 
partner 

Partner churn 
prediction tool 

Partner 
contact 
data 

Intern
al 

    x 

Partner External 
Affairs 

Sentiment 
per 
partner 

Partner 
decision-making 
tool 

Partner 
contact 
data 

Intern
al 

    x 

Customer
s 

External 
Affairs 

Sentiment 
of the 
market 

Partner 
evaluation tool  

web 
scraper 

extern
al 

x     

Employee
s 

HR 
departme
nt 

Sentiment 
of the 
employees 
(several 
filters) 

HR target tool Employee 
contact 
data 

Intern
al 

x x   

Employee
s 

HR 
departme
nt 

Sentiment 
of the 
employees 
(several 
filters) 

HR employee 
assessment tool 

Employee 
contact 
data 

Intern
al 

x x   

Employee
s 

HR 
departme
nt 

Sentiment 
of the 
labour 
market 

HR Labour 
market tool 

web 
scraper 

extern
al 

x     

Employee
s 

HR 
departme
nt 

Sentiment 
per 
employee 

Employee churn 
prediction tool 

Employee 
contact 
data 

Intern
al 

    x 

Employee
s 

HR 
departme
nt 

Sentiment 
per 
employee 

HR ladder of 
emotions tool 

Employee 
contact 
data 

Intern
al 

  x x 

Market HR 
departme
nt  

Sentiment 
of the 
employees 
(several 
filters) 

Employee gift 
tool 

Employee 
contact  
web 
scraper 

Intern
al 
and/o
r 
extern
al 

x   x 

Participa
nts 

Marketing 
departme
nt 

Sentiment 
of the 
market 

Marketing 
Campaign/Even
t evaluation tool 

web 
scraper 

extern
al 

x x   

Participa
nts 

Marketing 
departme
nt 

Sentiment 
of the 
market 

Competitor 
Campaign/Even
t evaluation tool 

web 
scraper 

extern
al 

    x 
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Customer
s 

Purchase 
departme
nt 

Sentiment 
of the 
customer 
(several 
filters) 

Product/service 
evaluations tool 

Customer 
contact 
data 

Intern
al 

x x   

Suppliers Purchase 
departme
nt 

Sentiment 
per 
supplier 

Supplier churn 
prediction tool 

Supplier 
contact 
data 

Intern
al 

    x 

Suppliers Purchase 
departme
nt 

Sentiment 
per 
supplier 

Supplier 
decision-making 
tool 

Supplier 
contact 
data 

Intern
al 

    x 

Market Purchase 
departme
nt 

Sentiment 
of the 
market 

Purchase tool web 
scraper 

extern
al 

x     

Customer
s 

Sales 
departme
nt 

Sentiment 
per 
customer 

Sales tool Customer 
contact 
data 

Intern
al 

  x x 

Customer
s 

Sales 
departme
nt 

Sentiment 
of the 
market 

Customer churn 
prediction tool 

web 
scraper 

extern
al 

x     

Table 5: Sentiment analysis applications for businesses 

 

Board of Directors 

Figure 11 displays all KPIs (gathered in literature, the case study and by the systematic approach) linked to value-

generating applications for the board of directors.  
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Figure 11: value-generating applications of sentiment analysis for the Board of Directors 

Literature mentions several sentiment analysis tools for businesses which the Board of Directors can utilize. Bianchi 

(2021) mentions for instance that sentiment analysis can also be utilized in the stock market. The investor prediction 

tool for instance can be utilized by the Board of Directors. The investor prediction tool (Figure 11) utilizes external 

data via for instance a web scraper to predict if a stock of a company goes up or down based on sentiment. A web 

scraper obtain all messages on for instance social media platforms which include your company name. This can be 

used as input for sentiment analysis. A market KPI can be developed on how positive or negative the market 

sentiment is and this has an influence on investors (Bianchi, 2021). Thus, the investor prediction tool is a valuable 

tool for the BoD to examine if a company is still appealing to investors. Figure 11 shows next to the investor churn 

prediction tool 2 more sentiment analysis applications which are valuable for the board of directors namely the 

shareholder churn prediction tool and the shareholder decision-making tool. These 2 tools are developed utilizing 

the systematic approach.  

The shareholder churn prediction tool utilizes internal data (from for instance shareholder surveys or audio records 

of shareholder meetings) to predict how many shareholders will sell their shares. This tool was established by the 

systematic approach. The Board of Directors goal is to protect the interest of the shareholders. Shareholders with 

negative sentiment are more likely to churn. A model can be developed which predicts how many shareholders sell 

their shares based on their sentiment. This is a valuable tool for the BoD in order to examine if they protect the 

interest of the shareholders well (whereof one of the interests is having a successful company). A paper of Murlidhar 

(2022) mentions that a customer churn prediction tool can be developed based on sentiment analysis. When 

customer churn predictions are possible for sentiment analysis then shareholder churn predictions are also possible 

for sentiment analysis. The input is only different. The input for customer churn predictions is customer contact data. 

The input for shareholder churn predictions is for instance shareholder surveys or audio records of shareholder 

meetings.  

The last application for the BoD is the shareholder decision-making tool. This tool helps to decide what managerial 

actions cause positive or negative shareholder sentiment. Internal shareholder data can be utilized to develop a 

sentiment per shareholder KPI.  If during a contact moment like a shareholder meeting came up that the company 

would for instance want to outsource the marketing department. Then the sentiment analysis can help if the 

sentiment of the shareholders is negative or positive towards this managerial action. The shift in sentiment can help 

to determine if the decision to outsource the marketing department will be executed or if they determine not to 

outsource the marketing department anymore.  

Business Intelligence 

Figure 12 displays the KPIs linked to value-generating applications for the Business Intelligence department (BI).  
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Figure 12: value-generating applications of sentiment analysis for Business Intelligence linked to the corresponding 

KPI 

Literature mentions several sentiment analysis tools for businesses that Business Intelligence can utilize. Bianchi 

(2021) mentions the benefits of filters within customer sentiment scores. Companies could for instance measure 

the average sentiment of their customers by using all customer contact data as input but the company could for 

instance also filter this average sentiment of the customers by contact channel. In this way, the company can 

evaluate if the sentiment is on average better via the contact channel WhatsApp than for instance email. Other 

filters can for instance also be applied, like product filters and customer age filters.  

The insights about the prioritization tool were gathered by executing interviews with the customer service vision, 

strategy and innovations manager and the marketing intelligence specialist at company X. The prioritization tool is 

an interesting tool for the business intelligence department as the prioritization tool offers lots of opportunities to 

explore business processes which lead to negative sentiment. The sentiment of the customers is developed via a 

sentiment analysis utilizing internal data (customer contact data). Various filters can be developed like topic filters 

(car insurance, life insurance), intent filters (applying for an insurance, terminating an insurance, applying for a 

claim), employee filters (Peter de Vries, Angela Geerdink), period filters (from 1. august until 3. august, from 1. 

January to 31. December), communication channels (WhatsApp, Email, Facebook, Chatbot) et cetera. This can be 

utilized by BI to examine which topics, intents and communication channels are generating positive sentiment and 

which generate negative sentiment. When a communication channel for instance creates lots of negative sentiment 

then the communication channel should be examined and compared with the other communication channels. Why 

does it create so much negative customer sentiment compared to the other communication channels? This KPI 

which displays customer sentiment provides company X with the option to examine what exactly creates negative 

sentiment. The prioritization tool can then prioritize intents, communication channels and employees who perform 

badly (creating negative sentiment). BI will then examine why certain filter options generate negative sentiment and 

how they can improve these negative sentiment scores. By utilizing the prioritization tool, the filter combinations 

with the worst sentiment score (most negative sentiment score) will be prioritized as urgent matters. These options 

will be examined first in order to improve the sentiment of the customers.  

Customer Relationship Management 

Figure 13 displays the KPIs linked to value-generating applications for Customer Relationship Management (CRM).  

 

Figure 13: Value-generating applications of sentiment analysis for Customer Relationship Management linked to 

the corresponding KPI 

It can be valuable to customers to provide them with insight intot the performance of partners. The partner insight 

tool provides the customers with a dashboard where they can easily compare service providers based on the 



  Master Thesis - Laura Haarhuis 

42 
 

sentiment scores. This helps customers to choose service providers which help them. This tool can additionally be 

used for the customer support department. They can for instance recommend to customers which car repair 

companies are good (create positive sentiment) near their home.  

The paper by Murlidhar (2020) mentions that customer churn prediction can be developed by utilizing sentiment 

analysis. When companies can identify which customers are likely to churn then companies can react to prevent 

these customers from churning. This is called the CRM tool. When a customer churn prediction dashboard will be 

developed, CRM can utilize this dashboard to identify which customers are likely to churn. The CRM department 

can call these customers and ask for their feedback. They examine why the customer has developed negative 

sentiment and if it is possible to improve the negative sentiment into positive sentiment by talking to the customer. 

Puzzo (2020) mentions that two of the worst ways to handle angry customers (negative sentiment) are to ignore 

the customer’s concerns and to not ask them for feedback. By talking to the customers about their concerns the 

CRM department might improve their sentiments.  

Customer Support 

Figure 14 displays the KPIs linked to value-generating applications for the Customer Support department (CS).  

 

Figure 14: value-generating applications of sentiment analysis for Customer Support linked to the corresponding 

KPI 

Literature mentions several sentiment analysis tools for businesses which Customer Support can utilize. According 

to Roldós (2020) and IrisAgent (2022), sentiment analysis can also be used as a ranking tool for customer support. 

This is called the prioritization customer tickets tool. Customer support tickets are labelled based on their urgency. 

Tickets labelled with negative sentiment will have priority over tickets which are less urgent (have neutral sentiment). 

It is important to respond fast to a customer with negative sentiment. Huang et al. (2020) namely mention in their 

study that the customers whose complaints will be handled within 5 minutes, spend more on future purchases.  

Biglow (2017) mentions that it is valuable to evaluate customer support employees not only based on peer reviews 

but also on the review of the customer. Sentiment analysis provides an option to evaluate customer support 

employees based on their performance. Therefore the customer service performance tool can be created.  It helps 

customer service supervisors to analyze the performance of their customer service employees. Supervisors can 

examine which customer service employees perform well in turning conversations from positive to negative 
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sentiment. This means that the KPI of sentiment within the contact moment will be analyzed in bulk per customer 

support employee. How many times did a customer support employee turn a conversation which started with 

negative customer sentiment into a conversation which ended with positive customer sentiment? In this way, 

supervisors can compare customer support employees. Customer support employees can also be deployed based 

on their strengths. Some customer support employees perform well in turning negative customer sentiment into 

positive customer sentiment. Other customer support employees are better at maintaining positive customer 

sentiment throughout a conversation. Supervisors can also check on customer support employees which perform 

badly; they turn a positive customer sentiment into a negative customer sentiment throughout the conversation.  

The interviews within the case study also provide 2 new sentiment analysis applications valuable to the customer 

support department. During the interview with the customer service vision, strategy & innovation manager, the 

manager mentions that there is a lot to gain when customer support tickets are prioritized based on their customer 

sentiment. The order in which tickets will be handled first can be determined based on time and ticket sentiment 

score. Next to this, he explains that a tool would help to assess the performance between different communication 

channels. The communication channel tool fits with the sentiment of the customer’s KPI. This KPI can be filtered 

on the communication channels. In this way, the customer support department can compare the performance 

(sentiment score) between communication channels.  

The CRM manager (team leader of a business intelligence unit) explains during the interview that the ladder of 

emotions also needs to be utilized when dealing with customers. She proposes a tool: the ladder of emotion tool. 

The customer service department can utilize the ladder of emotions tool to better fit the sentiment of the customer 

support employee to the sentiment of the customer. This tool helps the customer service employees to better predict 

customer sentiment and to better fit their own sentiment to the conversation. A customer service employee can for 

instance, before he enters the call, see the average sentiment of the customer and the sentiment of the customer 

from the last contact moment the customer had with the company. A customer service employee should act 

corresponding to the sentiment. If the sentiment of the customer was negative the last time, the customer support 

employee should not start the conversation extremely happy, they should adapt their sentiment to the sentiment of 

the customer according. The customer support employee already knows that the last contact moment created 

negative sentiment. Therefore, they can respond to this sentiment.  

External Affairs 

Figure 15 displays the KPIs linked to value-generating applications for the External Affairs department (EA).  
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Figure 15: value-generating applications of sentiment analysis for External Affairs linked to the corresponding KPI 

Literature provides a sentiment analysis application valuable to the external Affairs department namely the partner 

evaluation tool. The external Affairs department would like to know which future partners perform well (generate 

positive sentiment) before they sign a contract with this partner. This can be examined by utilizing a partner 

evaluation tool. Fang and Zhan (2015) mention in their paper that sentiment analysis can be utilized to rate products 

and services based on sentiment. A web scraper needs to be developed to obtain external data about future 

partners. By developing a customer sentiment per partner, companies can examine beforehand which partners 

provide good service (generate positive sentiment) and which partners do not (generate negative sentiment).  

The strategy and innovations manager mentions during the interview that it would also be beneficial for external 

Affairs to know which current partners perform well (generate positive sentiment). In this way, the contract of the 

bad-performing partners can be terminated. External Affairs can also talk to the partner about why they generate 

so much negative sentiment. Therefore, a partner sentiment tool would be nice. External Affairs can check the 

sentiment of the customer per partner and examine if some partners perform badly.  

The partner decision-making tool is similar to the shareholder decision-making tool. This tool helps to decide what 

managerial actions cause positive or negative partner sentiment. Internal partner data can be utilized to develop a 

sentiment per partner KPI. If during a contact moment like a meeting with a partner came up that the company 

would for instance want to change the packaging. Then the sentiment analysis can help if the sentiment of the 

partners is negative or positive towards this managerial action. The shift in sentiment can help to determine if the 

decision to change the packaging will be executed or if they determine not to change the packaging as the sentiment 

of most partners will then shift to negative sentiment.  

The partner churn prediction tool is similar to the customer churn prediction tool of Murlidhar (2022). Sentiment 

analysis can predict if a partner will churn based on partner contact data (i.e. audio records of meetings with the 

partner, emails and WhatsApp messages). In this scenario partner churn means that the partner will terminate the 

contract. It is beneficial for external Affairs to know if a partner would like to terminate the contract in the future. In 

this way, they can already search for new partners which offer the same services.  

Human Resource Management 

Figure 16 displays the KPIs linked to value-generating applications for the Human Resource Management (HRM).  
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Figure 16: value-generating applications of sentiment analysis for Human Resource Department linked to the 

corresponding KPI 

There are 3 sentiment analysis applications proposed in literature which can generate value for the HR department. 

The HR labour market tool helps HR to give insight in the sentiment of your employees versus the sentiment of your 

competitors. This provides valuable information about the company’s position on the labour market. How attractive 

is the company as an employer? Zheng et al. (2022) mention in their paper the usefulness for companies to explore 

their position in the labour market via sentiment analysis. The HR labour market tool provides information on how 

easy or hard it is for the company to employ the best candidates for a job based on the company’s reputation in the 

labour market.  

The HR department would like to measure the sentiment of the employees to evaluate employee satisfaction scores 

as high employee satisfaction scores retain employees in companies (Farmiloe, 2022)(Maurer, 2021). The HR 

target tool is a way to extract this valuable information from the sentiment of the employees. With the HR target 

tool, they can examine if the employee sentiment increases or decreases. This helps to examine if additional 

employee benefits improve the sentiment of the employee. A benefit filter could for instance filter on “free fitness 

membership”. The sentiment of the employees with and without this benefit can be compared to examine if the 

benefit improves the sentiment of the employee.  

Farmiloe (2022) and Maurer (2021) describe that sentiment analysis can be utilized to obtain the sentiment of 

employees. This can be filtered per HR employee to evaluate if he or she performs well. Did he or she increase the 

sentiment of employees? The customer service performance tool measures the performance of customer service 

employees but the HR employee performance tool measures the performance of HR employees. In this way, the 

performances of HR employees can be measured and compared. When HR employees perform badly this should 

be examined and their contract may need to be terminated. Some HR employees are good at maintaining positive 

employee sentiment other HR employees are good at improving employee sentiment. The HR employees can be 

employed based on their strengths.  

As earlier mentioned, the CRM manager (team leader of a business intelligence unit) explains that the ladder of 

emotions can be a powerful tool to fit the sentiment of the customer support employee to the sentiment of the 
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customer. The HR ladder of emotions tool can be utilized by the HR department to utilize the same method for the 

employees. The tool helps HR employees to better predict employee sentiment and to better fit their sentiment to 

the conversation. An HR employee can for instance, before he enters the meeting, see the average sentiment of 

the employee and the sentiment of the employee from the last contact moment the employee had with HR. An HR 

employee should act corresponding to the sentiment. If the sentiment of the employee was negative the last time, 

the HR employee should not start the conversation extremely happy, they should adapt their sentiment to the 

sentiment of the employee according. The HR employee already knows that the last contact moment created 

negative sentiment, Therefore, they can respond to this sentiment.  

The HR department would like to know which gifts and benefits are popular for employees. Fang and Zhan (2015) 

mention in their paper that sentiment analysis can be utilized to rate products based on sentiment. Thus, it is 

possible to rank employee gifts and employee benefits based on customer sentiment. The employee gift tool thus 

provides valuable insight into which gifts and benefits are most popular. This helps to effectively enhance employee 

sentiment.  

Similar to the customer churn prediction tool, the employee churn prediction tool measures how many employees 

are likely to terminate their contracts in the future. Murlidhar (2020) mentions in his paper that customer churn can 

be predicted based on customer sentiment analysis. Thus employee churn can be predicted based on employee 

sentiment analysis.  

Marketing 

Figure 17 displays the KPIs linked to value-generating applications for the Marketing department.  

  

Figure 17: value-generating applications of sentiment analysis for Marketing linked to the corresponding KPI 

Literature provides a new sentiment analysis tool which generates value for the marketing department. Sentiment 

analysis can be utilized to examine how well marketing, PR and sales campaigns are doing. Events can as well be 

assessed based on their sentiment score. The sentiment score can be acquired by using a social media crawler 

(Fairly, 2022). This helps the marketing department to measure the sentiment of the customers who participated in 

company events, who watch ads and who read company content. An article by Llewellyn explains the importance 

of measuring the performance of events and campaigns (2022). The marketing campaign/event evaluation tool can 

be valuable to evaluate the performance of the events and campaigns. An ad can for instance create lots of negative 

sentiment. When this will be measured, the marketing department can react by deleting the ad as soon as possible. 
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The ad which generated negative sentiment can be studied. Why did this ad generate negative sentiment? The 

marketing department can react accordingly with a new ad.  

marketing campaign/event evaluation tool mentioned in the literature can also be utilized to analyse marketing 

campaigns and events of competitors. The marketing department can respond to negative ads of the competitors 

with counter ads which generate positive sentiment. For instance, Axe released around 2011 their campaign with 

the “Axe effect”. These campaigns created some angry sentiment as it can be displayed as toxic masculinity. Around 

2017, Axe changed direction with its ads. Instead of promoting the macho culture the brand now stimulates to 

rethink stereotypes (Ruiz, 2021). When companies evaluate the campaigns of their competitors they can react to 

this. A competitor of Axe could have for instance released a rethink stereotypes ad to increase customer sentiment 

after the toxic masculinity ad of Axe. In this way, the competitor can positively differentiate itself from Axe.  

Purchase department 

Figure 18 displays the KPIs linked to value-generating applications for the Purchase department.  

 

Figure 18: value-generating applications of sentiment analysis for the purchase department linked to the 

corresponding KPI 

Literature proposes 2 sentiment analysis applications which can be valuable for the purchase department. Fang 

and Zhan (2015) mention in their paper that sentiment analysis can be utilized to rate products based on sentiment. 

The sentiment of the market can be utilized as a purchase tool for the purchase department. They can obtain 

sentiment scores per product by utilizing a web scraper. In this way, the purchase department can select the 

products which generate the most positive sentiment scores and add them to their product portfolio. The current 

product portfolio can also be evaluated by sentiment scores of their own customers. By utilizing internal data 

(customer contact data) instead of external data (i.e. a web scraper), companies have more knowledge about the 

sentiment of their current product portfolio. This evaluation helps to determine which products generate negative 

sentiment and should be deleted from the current product portfolio. This tool is called the product/service evaluation 

tool.  

According to Fairly (2022), there are already various applications of sentiment analysis in business. It can for 

instance be used as a purchase tool or a product/service evaluation tool. Sentiment analysis can for instance be 

used as a purchase tool for the purchase department. Potential new products can be examined by executing a 

sentiment analysis. A scraper can for instance scrape a review website or social media in order to obtain the 
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sentiment of customers regarding products. When there is a highly positive sentiment over a certain product then 

purchasers could decide to add the product to their collection (Fairly, 2022).  

 

The supplier decision-making tool is a tool developed by utilizing interviews. This tool is similar to the shareholder 

decision-making tool and the partner decision-making tool which were brought to attention by the customer service 

vision, strategy & innovation manager. The tool helps to predict the sentiment of the supplier about certain topics. 

This helps the purchase department to make decisions.   

The purchase department can utilize this supplier churn prediction tool to predict whether suppliers are likely to 

terminate the sales contract. This tool is similar to the customer churn prediction tool, which is also mentioned in 

the paper of Murlidhar (2022). When the purchase department knows that the supplier is likely to terminate the 

contract then the purchase department can already start looking for substitutes.  

Sales department 

Figure 19 displays the KPIs linked to value-generating applications for the sales department.  

 

Figure 19: value-generating applications of sentiment analysis for the sales department linked to the corresponding 

KPI 

The customer churn prediction tool can be linked to the customer sentiment KPI. Murlidhar (2020) mentions in his 

paper that customer churn can be predicted based on customer sentiment analysis. The sales department can 

utilize this tool to predict customer churn. The customer churn prediction tool helps to predict churn based on the 

average sentiment of the customers. If the average sentiment of all customers at a company declines then it is 

highly likely that more customers will churn. Thus the customer sentiment KPI helps to predict churn. A customer 

churn prediction will help the sales department to determine how many customers are likely to churn. 

The sales department would like a tool so they can identify which customers they should and should not contact. 

Angry and displeased customers (negative sentiment) can feel a lack of empathy when a salesperson calls them 

to sell something, when the customer still has unresolved negative sentiment concerning a case the CRM 

department should first contact them (Puzzo, 2020). Therefore a sales tool is handy. A filter can for instance be 

applied to the sales emails. If a customer has negative sentiment then do not send sales emails to customers. This 

prevents that the customer worsens their sentiment.  
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This chapter provided an overview of the sentiment analysis applications per department which were mentioned in 

literature, which were mentioned in the interviews and which were developed by utilizing the systematic approach.  

To conclude, sentiment analysis can be used as an evaluation tool by various departments. By giving a sentiment 

score to text input the sentiment of customers, employees, shareholders, partners and much more can be measured 

(Fairly, 2022)(Roldós, 2020). In this way, a company knows if they are doing well by comparing the customer 

sentiment scores of 3 months ago with the customer sentiment scores of today. Via a social media scraper the 

company can also evaluate how they are propositioning themselvesFF in the market. The sentiment score of 

competitors can be acquired by a social media scraper. In this way, the sentiment scores of a certain company can 

be compared with the sentiment scores of another company. This can of course, also be done for specific products. 

Which products can be linked to positive sentiment and which products can be linked to negative sentiment? In this 

way, companies can decide on which products they should delete from their product portfolio and which products 

they should add to their product portfolio (Fairly, 2022). 

Step 8: Prioritize the sentiment analysis applications based on business value  

WHAT: Step 8 measures the business value per application. WHY: It is important to measure how much value 

every sentiment analysis application generates in order to determine if developing a sentiment analysis model is 

worth the investment. By determining the business value of implementing sentiment analysis in the business, the 

company can decide if it should or should not invest in sentiment analysis by analyzing the amount of business 

value the applications generate. HOW: The following paragraphs, show how company X measures the business 

value of the sentiment analysis applications. Company X determined the business value per application via a 

survey. Figure 20 until 29 show the results of the survey. The employees were able to rank the possible applications 

based on how valuable they are to the firm. They could rank the applications from 1 (not valuable) to 7 (extremely 

valuable). Figure 20 shows that the prioritization application is the most valuable application with an average score 

of 6,67. The sales tool is the second most valuable application according to the survey with a score of 6,34. 

All applications proposed in this research show that they are valuable for business as none of the applications 

scores low (all applications score at least a 3 on business value on the Likert scale). When the business value of 

applications will be compared with applications proposed in literature and applications derived from interviews and 

the systematic approach then it shows that the applications which are derived from interviews and the systematic 

approach provide more business value. The application mentioned in literature with the highest business value 

score is the customer churn prediction application with a score of 6,05 The second highest-scoring application 

proposed in literature is the customer service performance tool. This shows that there are many new sentiment 

analysis applications proposed in this research which can provide significant value for business. As the highest 

scoring applications based on business value are the prioritization tool which is mentioned in an interview and the 

second highest scoring application is the sales tool which is derived from interviews and the systematic approach.  
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Figure 20: Sentiment analysis applications ranked per business value 

Board of Directors 
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Figure 21: Sentiment analysis applications ranked per business value for the board of directors 

When assessing the applications applicable to the Board of Directors, the most valuable application is the investor 

prediction tool mentioned in literature.  The other 2 applications are less valuable but still valuable for businesses. 

The other 2 applications are derived from the systematic approach. 

Business Intelligence 

 

Figure 22: Sentiment analysis applications ranked per business value for business intelligence 

This application is the most valuable application for businesses. It scores high on the Likert scale and the application 

is derived from an interview.  

Customer Relationship Management 

 

Figure 23: Sentiment analysis applications ranked per business value for customer relationship management 

The partner insight tool is the most valuable business application for the CRM department. This tool was derived 

from the systematic approach. The CRM tool was also obtained from the systematic approach and scored high on 

the Likert scale as well.  
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Customer support 

 

Figure 24: Sentiment analysis applications ranked per business value for customer support 

The most valuable applications for customer support were the applications derived from interviews namely the 

ladder of emotions tool and the communication channel tool. The customer service performance tool and the 

prioritization customer tickets tool are valuable applications as well and these are mentioned in literature. This 

research, therefore, developed more valuable applications than the literature mentioned for this department.  

External Affairs 

 

Figure 25: Sentiment analysis applications ranked per business value for external Affairs 

The partner evaluation tool was mentioned in literature, but the partner sentiment tool derived from an interview 

provides more business value. Still, all 4 applications are valuable to the external Affairs department as all 4 

applications score above 3.  
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Human Resource Management 

 

Figure 26: Sentiment analysis applications ranked per business value for human resource management 

The most valuable application for the HR department was derived in literature and is the HR labour market tool. 

Nevertheless, 5 out of 6 applications score between 4 and 5 points on the Likert scale, therefore the business value 

is approximately the same. The only application which scored lower on the Likert scale is the Employee gift tool.  

Marketing 

 

Figure 27: Sentiment analysis applications ranked per business value for marketing 

The application of the marketing campaign/event evaluation tool provides a higher business value than the 

competitor campaign/event evaluation tool. This is expected as it is more important to measure the performance of 

the marketing campaigns of your own company than the performance of marketing campaigns of competitors. The 

marketing campaign/event evaluation tool was mentioned in literature and the competitor campaign/event 

evaluation tool was derived from logical thinking.  
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Purchase department 

 

Figure 28: Sentiment analysis applications ranked per business value for purchase department 

The application which has the highest business value for the purchase department is the product/service evaluation 

tool (mentioned in literature) although the supplier churn prediction tool (derived from the systematic approach) and 

the purchase tool (mentioned in literature) score relatively the same. All 3 applications have a score between 4 and 

5. The supplier decision-making tool (derived from the systematic approach) scores lower but the application is still 

valuable to the purchase department.  

Sales department 

 

Figure 29: Sentiment analysis applications ranked per business value for sales department 

The sales tool (derived from logical thinking) provides more business value to the sales department than the 

customer churn prediction tool which was mentioned in literature. Still, both applications score very high in 

comparison to all business applications mentioned in this research as both applications score above 6.  

To conclude, this research has offered several departments within company X with multiple new sentiment analysis 

applications which provide significant business value. Therefore, company X should invest in sentiment analysis as 

it provides more than 28 value-generating applications. The survey shows that all applications show a score of 

higher than 3 which means that the applications create value for the departments. The systematic approach to 

explore new sentiment analysis applications works well as several newly developed applications are more valuable 

than the applications mentioned in literature. This is the case for the applications mentioned in the following 

departments: Business Intelligence, CRM, Customer support and sales department. When companies analyze the 



  Master Thesis - Laura Haarhuis 

55 
 

business value of sentiment analysis applications they can utilize this analysis to decide if they should or should not 

invest in sentiment analysis. Do the cost, time and effort outweigh the benefits of sentiment analysis? If the answer 

is yes, then a company should not utilize sentiment analysis. If the answer is no, then this research recommends 

the company to implement sentiment analysis.  
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5. Discussion 
This research shows that sentiment analysis applications can provide value for businesses. The applications 

mentioned in literature do provide business value according to the survey but the literature also misses lots of 

other sentiment analysis applications which can provide value for businesses. Next to this, literature is focused on 

perfect execution of sentiment analysis models but in reality data and sentiment analysis models have limitations. 

Attention should be paid to where the sentiment might not be obtained accurately.  

Theoretical Implications 

This research proposes a new method of systematically exploring new sentiment analysis applications for 

businesses. The systematical approach of obtaining new sentiment analysis applications works well as the survey 

shows that the newly developed sentiment analysis applications (generate in some departments) more business 

value then sentiment analysis applications already mentioned in literature.  

Practical Implications 

This research contributes to existing practice by providing a clear guideline for business on how to obtain 

accurate sentiment analysis scores by utilizing sentiment analysis (step 1 to 4). Next to this, this research 

explains how a systematic approach helps businesses to explore new sentiment analysis applications. Next to 

this, the guideline helps businesses to decide if they should or should not invest in sentiment analysis by 

measuring the business value for the sentiment analysis applications.  

Limitations of sentiment analysis 

The previous chapters explained how sentiment can best be obtained and utilized in order to improve business 

performance. Unfortunately, sentiment analysis has some limitations which should be taken into account before 

businesses should utilize sentiment analysis.  

Sentiment analysis has various limitations. The model should for instance be fine-tuned in order to obtain valuable 

and accurate sentiment scores. Some datasets are not suitable for finetuning sentiment analysis models. The fine-

tuned model than might not exceed the 80% threshold (Richards, 2022) of accuracy in order to outperform human 

analysts. Next to the accuracy of the model, the computing time should also be taken into account. If the model 

runs for instance 300 rows in 3 days then the model is not useful as humans can then outperform the sentiment 

analysis model; they will be faster in predicting sentiment scores.  

There are other limitations next to the accuracy and computing time. Sarcasm is for instance a big threat to an 

accurate sentiment analysis model. If the input has large texts of sarcasm then the model does not predict the 

sentiment accurately. In the results, I discussed earlier, this limitation can be mitigated by applying a sarcasm model 

before utilizing the dataset as input for the sentiment analysis model. In this way, sarcastic input can be filtered and 

the overall accuracy score of the model will increase.  

Data security and data privacy are important topics to consider while utilizing sentiment analysis. Companies in the 

Netherlands can receive big fines when they do not comply with data security and data privacy legislation. Firms 

can for instance be fined up to 20 million euros or 4% of their yearly revenue when they do not comply with the 

“Algemene verordening gegevensbescherming” (Ministerie van Justitie en Veiligheid, 2020). Therefore it is 

important to choose the right sentiment analysis model which ensures data privacy and data security. Next to a safe 
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sentiment analysis model, companies should be aware of the fact that they cannot use data from people 

(employees, customers or other stakeholders) without that they know that the data will be utilized for business 

intelligence purposes. The target group of the sentiment analysis (i.e. consumers, employees, shareholders et 

cetera) first need to allow companies before companies can utilize this data.  

The last limitation of sentiment analysis is that sentiment can be incorrectly linked to other concepts. BERT for 

instance predicts the sentiment on a scale from 1 to 5, where 1 is negative sentiment and 5 is positive sentiment. 

Negative sentiment consists of a whole range of emotions like anger and sadness. Positive sentiment has a whole 

different range like gratitude and happiness. In this way, it is still hard to measure the voice of the customer as 

company X does not know which emotions are connected to positive or negative sentiment scores. Therefore, this 

research also recommends to further elaborate sentiment analysis and to utilize it for categorizing emotions into 

categories like for instance sadness, anger, disappointment, disbelief, love, happiness, gratitude, irritation and so 

on. Company X should first define which emotions they want to focus on while categorizing emotions. After this, 

they can elaborate the sentiment analysis model in these multiple categories.  

Limitations of the guideline 

The guideline proposed in this research does have some limitations. The guideline might not work well for small 

companies without lots of budget for innovations. As the implementation of sentiment analysis costs time and 

money. Next to this, the company needs enough data to implement sentiment analysis and therefore this 

guideline might not be useful to companies which do not have lots of in-house data. The guideline could have 

added a section on how smaller companies could obtain data by for instance buying data from other companies. 

The company also needs expertise to implement sentiment analysis well. N to this, this research discusses how 

companies can implement sentiment analysis by utilizing pre-trained models. There are also other ways of 

implementing sentiment analysis like creating a sentiment analysis model yourself or by outsourcing sentiment 

analysis. Next to this, new pre-trained sentiment analysis models are shared every day. Therefore, the current 

selection of Dutch pre-trained sentiment analysis models will be outdated fast. This could also be added to a 

guideline, as it provides information to a company on which strategy of implementation they should take. This 

research only discusses ways of implementing sentiment analysis by utilizing pre-trained sentiment analysis 

models. Lastly, this research measures the business value by utilizing a survey. The true business value of 

applications can only be measured after the implementation of the applications as the business value of the 

applications might be lower. It could for instance be that an employee which should use the application does not 

use the application because he does not know how the application works. It can also be that employees do not 

utilize an application because they don’t have the time or if they simply prefer to not use an application. The 

systematic approach of obtaining new sentiment analysis does also have some limitations. Companies might 

struggle with developing new applications even when they can analyze the goals and the metrics. Sometimes it is 

hard to connect goals and metrics and it does need some part of creative and out-of-the-box thinking. The order 

of the steps is also maybe not correct. It might be more beneficial to start with step 5 to 8 and end with step 1 to 4. 

In this way, companies can first determine if they should implement sentiment analysis. If the answer is yes, then 

they can examine how they should implement it.  

Gap between theory and practice 

Lastly, this research would like to mention that there could be a gap between theory and practice. In theory, the 

accuracy scores could be quite high, while in practice the sentiment could not have been measured accurately. This 

gap could for instance be created by sarcasm. The proposed KPIs and tools can cause threats if companies are 

led by KPIs which are measured incorrectly.  
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Future research 

Future researchers could examine how easy the actual implementation of sentiment analysis models and 

applications is in business. Next to this, future researchers could examine new sentiment analysis models and 

methods. Next to business value, the applications could be ordered based on several considerations. For 

businesses, it is interesting if next to the business value an application can be implemented based on budget, 

time, the skill of personnel and much more. Lastly, future researchers could examine if a company can best 

outsource sentiment analysis or develop a sentiment analysis model in-house. If companies decide to develop a 

sentiment analysis model in-house they could make use of pre-trained models. Future research could recommend 

if a company should make use of pre-trained models, if they should create their own model or if they should 

outsource the development of the model.  
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6. Conclusion 

This research answers the research question “How can companies best obtain and utilize sentiment via a sentiment 

analysis in order to improve business performance”. It examines how companies can best obtain and utilize 

sentiment in a business setting by utilizing sentiment analysis. Sentiment analysis is a valuable automated 

sentiment extraction method and there are various pre-trained models which companies can utilize. There are 

various guidelines which help companies to implement sentiment analysis but none of them helps companies to 

answer if and how they should implement sentiment analysis in order to gain business value. Therefore, this 

research presents a guideline of steps which helps companies to select the best pre-trained sentiment analysis 

model fitting to their organization. The guideline helps companies to explore sentiment analysis metrics and 

applications and links them to business value. Lastly, the guideline helps companies to determine whether they 

should or should not invest in sentiment analysis based on the business value sentiment analysis applications 

generate in their company.   

This guideline proposes to first determine what the purpose of their sentiment analysis model is. What do they want 

to measure (sentiment of the customers, employees, shareholders, partners, suppliers, other stakeholders)? When 

the company knows the purpose of their sentiment analysis, it can select a suitable dataset as input for the sentiment 

analysis. If the data set is developed by utilizing NLP techniques (like audio records transcription software) then 

companies should first establish how accurate the data set is. If the dataset has an accuracy above 70% then the 

dataset is suitable as input for the sentiment analysis model. The amount of sarcasm needs to be investigated as 

well. If the dataset has too much sarcasm then the dataset is also not suitable as input for the model. This can be 

examined via a sarcasm detection model.  

The dataset first needs to be cleaned before it can be utilized in the sentiment analysis model. NaN values, need 

to be deleted. The dataset also needs to be adapted to the suitable input. Some sentiment analysis models are 

trained on data which does not include capital letters. Others do not recognize special characters or want the input 

to be in a  certain dtype object. Sentiment analysis models also have a maximum amount of characters per row that 

they can process. Stop words can also be deleted in order to fasten the computing time. Companies can also decide 

that for, for instance, customer support audio transcripts they want to filter only the words that the customer said. 

In this case, the company first needs to delete the text which was said by the customer support employee. It is 

handy if companies have a column with the original data and a column with the input data if the data needs to be 

cleaned thoroughly. Companies should also decide on how the output of the model should look like. Would they 

like a scale from 1 to 5 or a scale from minus 1 to plus 1? 

Lastly, when companies chose a fitting sentiment analysis model, they should fine-tune the model when it is 

machine-learning-based. This research recommends this step to improve the accuracy of the machine-learning 

model. This research recommends companies to at least have an accuracy of 80% in order to obtain value from it. 

When a company fine-tunes the model, it should think about what positive sentiment and what negative sentiment 

is. As this decides how strict the sentiment is on what is positive and what is negative. 

This research found two sentiment analysis models which were suitable for Dutch sentiment analysis. BERT and 

Pattern.nl. In order to determine which model fits best to a specific company, the company needs to think about 8 

considerations. The 8 considerations are the explainability of the model, complexity of the model, size of the dataset, 

dimensionality of the data, training time and cost, inference time and performance of the model. It is important to 

balance the computing time, costs and accuracy of the model in order to develop a valuable sentiment analysis 

model.  
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Sentiment analysis can develop various metrics. It can measure the sentiment of customers, employees, 

shareholders, partners, suppliers and other stakeholders. It can utilize internal data like customer contact data, 

employee contact data, business meeting transcripts et cetera and it can utilize external data like data obtained by 

using a web scraper on for instance social media (Facebook, TikTok, Instagram, LinkedIn), comparative websites 

(Trustpilot, Booking.com) and much more websites. It can measure the sentiment of individuals but also of specific 

target groups using filters. These KPIs should be linked to applications in order to provide business value. The 

applications gathered via literature, interviews and the systematic approach are ranked based on business value. 

A survey was conducted at company X which shows the most valuable applications.  

The most valuable applications in this research are the prioritization tool and the sales tool. These tools are quick 

to implement and do not require a budget. The prioritization tool adds business value by ordering which business 

processes should be optimized first by ordering them by sentiment score. The business processes with the most 

negative score will be optimized first. The sales tool helps the sales department to target customers based on 

sentiment. In this way, they know which customers are more prone to up-sell and cross-sell strategies based on 

their sentiment. The 4 applications which create the most business value are all obtained via interviews or the 

systematic approach. This shows that these newly developed sentiment analysis applications do create value and 

in these cases even more value than the sentiment analysis applications mentioned in literature.  

Concluding, this research proposes a guideline which helps companies to decide if and how they can implement 

sentiment analysis. By doing this, the research fills the knowledge gap where companies do not know how and if 

they should implement sentiment analysis. The guideline recommends companies to first determine what the 

purpose is for the sentiment analysis model. Next companies should select and clean data properly. Additionally, 

they should determine which sentiment analysis model fits to their needs based on the 9 considerations proposed 

in this research. This research developed also a new methodology to explore new sentiment analysis applications 

for businesses. The new methodology of the systematic approach helps companies to determine metrics from 

sentiment analysis by analyzing its stakeholders. Metrics like market KPIs and customer KPIs. These can be linked 

to business goals and objectives in order to obtain value-generating applications for the business. The systematic 

approach resulted in various new sentiment analysis applications for company X and the survey showed that the 

new applications proposed in this research do provide business value. The new applications named the prioritization 

tool and the sales tool generated the most business value. Overall, 28 business applications generated value for 

Company X and therefore, the guideline recommends company X to implement sentiment analysis. This guideline 

can be used by other companies as well in order to obtain business value via sentiment analysis models.  

 

 

 

 

 

 

 

 

 

 



  Master Thesis - Laura Haarhuis 

61 
 

 

7. References 
 

Al-Otaibi, S., Alnassar, A., Alshahrani, A., Al-Mubarak, A., Albugami, S., Almutiri, N., & Albugami, A. (2018). 

Customer Satisfaction Measurement using Sentiment Analysis. International Journal of Advanced 

Computer Science and Applications, 9(2). https://doi.org/10.14569/ijacsa.2018.090216 

 

Bauer, K. (2004, September 1). KPIs - The Metrics That Drive Performance Management. ProQuest. 

Retrieved October 8, 2022, from 

https://web.p.ebscohost.com/ehost/pdfviewer/pdfviewer?vid=2&sid=038e7782-b354-42bf-b6ea-

5bb06a7700fb%40redis 

 

BDC. (2022, August 17). 6 ways the purchasing department can improve your business. BDC.ca. Retrieved 

September 9, 2022, from https://www.bdc.ca/en/articles-tools/operations/purchasing/purchasing-

department-objectives 

 

Beaver, G., Davies, A., & Joyce, P. (2007, May 22). Leadership boards of directors. Business Strategy 

Series, 8(4), 318–324. https://doi.org/10.1108/17515630710702023 

 

Bianchi, N. (2021, February 1). 8 Business Examples of Sentiment Analysis in Action. Repustate. Retrieved 

July 21, 2022, from https://www.repustate.com/blog/sentiment-analysis-real-world-examples/ 

 

Bigelow, L. (2017, November 21). What Is the Advantage of Using Customer Appraisals for an Employee's 

Performance Evaluation? Small Business - Chron.Com. Retrieved August 2, 2022, from 

https://smallbusiness.chron.com/advantage-using-customer-appraisals-employees-performance-

evaluation-21426.html 

 

https://doi.org/10.14569/ijacsa.2018.090216
https://web.p.ebscohost.com/ehost/pdfviewer/pdfviewer?vid=2&sid=038e7782-b354-42bf-b6ea-5bb06a7700fb%40redis
https://web.p.ebscohost.com/ehost/pdfviewer/pdfviewer?vid=2&sid=038e7782-b354-42bf-b6ea-5bb06a7700fb%40redis
https://www.bdc.ca/en/articles-tools/operations/purchasing/purchasing-department-objectives
https://www.bdc.ca/en/articles-tools/operations/purchasing/purchasing-department-objectives
https://doi.org/10.1108/17515630710702023
https://www.repustate.com/blog/sentiment-analysis-real-world-examples/
https://smallbusiness.chron.com/advantage-using-customer-appraisals-employees-performance-evaluation-21426.html
https://smallbusiness.chron.com/advantage-using-customer-appraisals-employees-performance-evaluation-21426.html


  Master Thesis - Laura Haarhuis 

62 
 

Bitley, M. (2020, March 20). 4 Goals Every Insurance Agent or Agency Should Be Setting. AgentLink. 

Retrieved August 2, 2022, from https://agent-link.net/blog/4-goals-every-insurance-agent-or-agency-

should-be-setting/ 

 

Bittner, K., Spence, I., & Jacobson, I. (2003). Use Case Modeling. Addison Wesley. 

 

Cambridge Dictionary. (2022, October 12). sentiment definition: 1. a thought, opinion, or idea based on a 

feeling about a situation, or a way of thinking about. . .. Learn more. Retrieved October 17, 2022, from 

https://dictionary.cambridge.org/dictionary/english/sentiment 

 

Cambridge Dictionary. (2022, October 12). application definition: 1. an official request for something, usually 

in writing: 2. a computer program that is designed. . .. Learn more. Retrieved October 19, 2022, from 

https://dictionary.cambridge.org/dictionary/english/application 

 

Capuano, N., Greco, L., Ritrovato, P., & Vento, M. (2020). Sentiment analysis for customer relationship 

management: an incremental learning approach. Applied Intelligence, 51(6), 3339–3352. 

https://doi.org/10.1007/s10489-020-01984-x 

 

Clavel, C., & Callejas, Z. (2016). Sentiment Analysis: From Opinion Mining to Human-Agent Interaction. 

IEEE Transactions on Affective Computing, 7(1), 74–93. https://doi.org/10.1109/taffc.2015.2444846 

 

Contexta360. (2022, July 21). Contexta360 - Analyse, Assist & Automate your customer interactions. 

Retrieved July 27, 2022, from https://contexta360.com/ 

 

Cunningham, M. J. (2002, April 24). Customer Relationship Management: Marketing 04.04. Capstone. 

 

Das, T. (2022, September 22). A Definitive Guide to Sentiment Analysis. Geekflare. Retrieved October 5, 

2022, from https://geekflare.com/sentiment-analysis/ 

https://agent-link.net/blog/4-goals-every-insurance-agent-or-agency-should-be-setting/
https://agent-link.net/blog/4-goals-every-insurance-agent-or-agency-should-be-setting/
https://dictionary.cambridge.org/dictionary/english/sentiment
https://dictionary.cambridge.org/dictionary/english/application
https://doi.org/10.1007/s10489-020-01984-x
https://doi.org/10.1109/taffc.2015.2444846
https://contexta360.com/
https://geekflare.com/sentiment-analysis/


  Master Thesis - Laura Haarhuis 

63 
 

 

Data News. (2010, May 18). Software herkent sarcasme en ironie. Site-DataNews-NL. Retrieved June 14, 

2022, from https://datanews.knack.be/ict/nieuws/software-herkent-sarcasme-en-ironie/article-normal-

324233.html?cookie_check=1655203066 

 

Eremyan, R. (2018, October 2). Four Pitfalls of Sentiment Analysis Accuracy. Toptal Engineering Blog. 

Retrieved July 27, 2022, from https://www.toptal.com/deep-learning/4-sentiment-analysis-accuracy-traps 

 

Eremyan, R. (2018b, October 2). Four Pitfalls of Sentiment Analysis Accuracy. Toptal Engineering Blog. 

Retrieved August 15, 2022, from https://www.toptal.com/deep-learning/4-sentiment-analysis-accuracy-

traps 

 

Fairlie, M. (2022, June 29). How Sentiment Analysis Can Improve Your Sales. Business News Daily. 

Retrieved July 20, 2022, from https://www.businessnewsdaily.com/10018-sentiment-analysis-improve-

business.html 

 

Fang, X., & Zhan, J. (2015). Sentiment analysis using product review data. Journal of Big Data, 2(1). 

https://doi.org/10.1186/s40537-015-0015-2 

 

Farmiloe, B. (2022, January 12). Top Nine HR Goals of Small and Midsize Companies. Blog.SHRM.Org. 

Retrieved August 2, 2022, from https://blog.shrm.org/blog/top-9-hr-goals-of-small-and-midsize-companies-

and-how-to-achieve-them 

 

Government Communication Service. (2022, July 26). External Affairs. GCS. Retrieved September 9, 2022, 

from https://gcs.civilservice.gov.uk/guidance/external-Affairs/ 

 

HRM Handbook. (n.d.). HR Goals and Objectives. Retrieved September 2, 2022, from 

https://hrmhandbook.com/hro/goals/ 

https://datanews.knack.be/ict/nieuws/software-herkent-sarcasme-en-ironie/article-normal-324233.html?cookie_check=1655203066
https://datanews.knack.be/ict/nieuws/software-herkent-sarcasme-en-ironie/article-normal-324233.html?cookie_check=1655203066
https://www.toptal.com/deep-learning/4-sentiment-analysis-accuracy-traps
https://www.toptal.com/deep-learning/4-sentiment-analysis-accuracy-traps
https://www.businessnewsdaily.com/10018-sentiment-analysis-improve-business.html
https://www.businessnewsdaily.com/10018-sentiment-analysis-improve-business.html
https://doi.org/10.1186/s40537-015-0015-2
https://blog.shrm.org/blog/top-9-hr-goals-of-small-and-midsize-companies-and-how-to-achieve-them
https://blog.shrm.org/blog/top-9-hr-goals-of-small-and-midsize-companies-and-how-to-achieve-them
https://gcs.civilservice.gov.uk/guidance/external-affairs/
https://hrmhandbook.com/hro/goals/


  Master Thesis - Laura Haarhuis 

64 
 

 

Fueyo, E. (2022). Understanding What is Behind Sentiment Analysis - Part 1. KDnuggets. Retrieved May 

4, 2022, from https://www.kdnuggets.com/2018/04/understanding-behind-sentiment-analysis-part-1.html 

 

Herrity, J. (2022, May 26). What Are Business Goals? Definition, Steps and Examples. Indeed. Retrieved 

October 19, 2022, from https://www.indeed.com/career-advice/career-development/business-goals 

 

Huang, W., Mitchell, J., Dibner, C., Ruttenberg, A., & Tripp, A. (2020, September 16). How Customer 

Service Can Turn Angry Customers into Loyal Ones. Harvard Business Review. Retrieved July 21, 2022, 

from https://hbr.org/2018/01/how-customer-service-can-turn-angry-customers-into-loyal-ones 

 

Hydock and Carlson (2017) ,"Satisfaction-Driven Nonresponse Bias in Consumer Feedback Surveys: 

Venting, Reciprocation and Exiting", in NA - Advances in Consumer Research Volume 45, eds. Ayelet 

Gneezy, Vladas Griskevicius, and Patti Williams, Duluth, MN : Association for Consumer Research, Pages: 

679-682 

 

Hugging Face. (2021). nlptown/bert-base-multilingual-uncased-sentiment · Hugging Face. Retrieved July 

27, 2022, from https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment 

 

Indeed. (2021, October 8). 10 Types of Marketing Specialization Areas To Pursue. Indeed Career Guide. 

Retrieved August 2, 2022, from https://www.indeed.com/career-advice/career-development/marketing-

specialization 

 

IrisAgent. (2022, April 4). Prioritizing Tickets with User Sentiment and Business Impact. Retrieved August 

16, 2022, from https://irisagent.com/blog/prioritizing-tickets-with-user-sentiment-and-business-

impact/index.html 

 

https://www.kdnuggets.com/2018/04/understanding-behind-sentiment-analysis-part-1.html
https://www.indeed.com/career-advice/career-development/business-goals
https://hbr.org/2018/01/how-customer-service-can-turn-angry-customers-into-loyal-ones
https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment
https://www.indeed.com/career-advice/career-development/marketing-specialization
https://www.indeed.com/career-advice/career-development/marketing-specialization
https://irisagent.com/blog/prioritizing-tickets-with-user-sentiment-and-business-impact/index.html
https://irisagent.com/blog/prioritizing-tickets-with-user-sentiment-and-business-impact/index.html


  Master Thesis - Laura Haarhuis 

65 
 

Kiao, U. (2022). BERT cased vs BERT uncased. OpenGenus IQ: Computing Expertise & Legacy. Retrieved 

July 27, 2022, from https://iq.opengenus.org/bert-cased-vs-bert-

uncased/#:%7E:text=In%20BERT%20uncased%2C%20the%20text,cased%20takes%20in%20%22Open

Genus%22. 

 

Kumar, S. (2021, December 15). 7 Ways to Handle Missing Values in Machine-learning. Towards Data 

Science. Retrieved July 27, 2022, from https://towardsdatascience.com/7-ways-to-handle-missing-values-

in-machine-learning-1a6326adf79e 

 

Lester, C. (2016, March 2). Good guides vs bad guides: tips for writing guidelines. CL Comms. Retrieved 

October 17, 2022, from https://clcomms.com.au/writing/good-guides-vs-bad-guides-tips-for-writing-

guidelines/ 

 

Live Work Studio. (2018, January 8). Customer experience, the key to future business. Liveworkstudio. 

https://www.liveworkstudio.com/articles/customer-experience-the-key-to-future-business/ 

 

Llewellyn, G. (2022, April 29). Campaign analysis tools and templates for your marketing strategy. Smart 

Insights. Retrieved August 2, 2022, from https://www.smartinsights.com/traffic-building-strategy/campaign-

analytics/how-to-review-a-marketing-campaigns-effectiveness/ 

 

Macdonald, S. (2021, May 4). Customer Complaints: Why Angry Customers Are Good for Business. Super 

Office. Retrieved July 21, 2022, from https://www.superoffice.com/blog/customer-complaints-good-for-

business/#:%7E:text=only%201%20in%2025%20unhappy%20customers%20complain%20directly%20to

%20you 

 

Magdani, S. S. (2020, January 24). How to Structure the Sentiment Analysis Process for Insurance Data. 

Aureus Analytics. Retrieved July 27, 2022, from https://blog.aureusanalytics.com/blog/how-to-structure-

the-sentiment-analysis-process-for-insurance-data 

https://iq.opengenus.org/bert-cased-vs-bert-uncased/#:%7E:text=In%20BERT%20uncased%2C%20the%20text,cased%20takes%20in%20%22OpenGenus%22
https://iq.opengenus.org/bert-cased-vs-bert-uncased/#:%7E:text=In%20BERT%20uncased%2C%20the%20text,cased%20takes%20in%20%22OpenGenus%22
https://iq.opengenus.org/bert-cased-vs-bert-uncased/#:%7E:text=In%20BERT%20uncased%2C%20the%20text,cased%20takes%20in%20%22OpenGenus%22
https://towardsdatascience.com/7-ways-to-handle-missing-values-in-machine-learning-1a6326adf79e
https://towardsdatascience.com/7-ways-to-handle-missing-values-in-machine-learning-1a6326adf79e
https://clcomms.com.au/writing/good-guides-vs-bad-guides-tips-for-writing-guidelines/
https://clcomms.com.au/writing/good-guides-vs-bad-guides-tips-for-writing-guidelines/
https://www.liveworkstudio.com/articles/customer-experience-the-key-to-future-business/
https://www.smartinsights.com/traffic-building-strategy/campaign-analytics/how-to-review-a-marketing-campaigns-effectiveness/
https://www.smartinsights.com/traffic-building-strategy/campaign-analytics/how-to-review-a-marketing-campaigns-effectiveness/
https://www.superoffice.com/blog/customer-complaints-good-for-business/#:%7E:text=only%201%20in%2025%20unhappy%20customers%20complain%20directly%20to%20you
https://www.superoffice.com/blog/customer-complaints-good-for-business/#:%7E:text=only%201%20in%2025%20unhappy%20customers%20complain%20directly%20to%20you
https://www.superoffice.com/blog/customer-complaints-good-for-business/#:%7E:text=only%201%20in%2025%20unhappy%20customers%20complain%20directly%20to%20you
https://blog.aureusanalytics.com/blog/how-to-structure-the-sentiment-analysis-process-for-insurance-data
https://blog.aureusanalytics.com/blog/how-to-structure-the-sentiment-analysis-process-for-insurance-data


  Master Thesis - Laura Haarhuis 

66 
 

 

Massari, M., Gianfrate, G., & Zanetti, L. (2016). Corporate Valuation: Measuring the Value of Companies 

in Turbulent Times. Wiley. 

 

Martínez-Camára, et al. “Sentiment Analysis in Twitter.” Cambridge University Press, Nov. 2012, 

https://doi.org/10.1017/S1351324912000332. 

 

Maurer, R. (2021, July 7). Employee Sentiment Analysis Shows HR All the Feels. SHRM. Retrieved August 

8, 2022, from https://www.shrm.org/resourcesandtools/hr-topics/technology/pages/employee-sentiment-

analysis-shows-hr-all-the-feels.aspx 

 

Microsoft Learn. (2022, July 12). Pre-trained machine-learning models for sentiment analysis and image 

detection - Machine-learning Server. Retrieved October 17, 2022, from https://learn.microsoft.com/en-

us/machine-learning-server/install/microsoftml-install-pretrained-models 

 

Mindtools. (2021, October 31). 5 Whys: Getting to the Root of a Problem Quickly. Mind Tools. Retrieved 

May 4, 2022, from 

https://www.mindtools.com/pages/article/newTMC_5W.htm#:%7E:text=Sakichi%20Toyoda%2C%20the%

20Japanese%20industrialist,it%20to%20solve%20problems%20today. 

 

Ministerie van Justitie en Veiligheid. (2020, January 16). Maatregelen bij misbruik persoonsgegevens. 

Privacy en persoonsgegevens | Rijksoverheid.nl. Retrieved May 18, 2022, from 

https://www.rijksoverheid.nl/onderwerpen/privacy-en-persoonsgegevens/maatregelen-bij-misbruik-

persoonsgegevens 

 

Murlidhar, D. B. (2020, January). Churn Prediction with Sentiment Analysis using NLP and Machine-

learning Techniques for online Customer Reviews (No. 1). International Journal of Innovative Research in 

Science, Engineering and Technology. https://doi.org/10.15680/IJIRSET.2020.0901054 

https://doi.org/10.1017/S1351324912000332
https://www.shrm.org/resourcesandtools/hr-topics/technology/pages/employee-sentiment-analysis-shows-hr-all-the-feels.aspx
https://www.shrm.org/resourcesandtools/hr-topics/technology/pages/employee-sentiment-analysis-shows-hr-all-the-feels.aspx
https://learn.microsoft.com/en-us/machine-learning-server/install/microsoftml-install-pretrained-models
https://learn.microsoft.com/en-us/machine-learning-server/install/microsoftml-install-pretrained-models
https://www.mindtools.com/pages/article/newTMC_5W.htm#:%7E:text=Sakichi%20Toyoda%2C%20the%20Japanese%20industrialist,it%20to%20solve%20problems%20today
https://www.mindtools.com/pages/article/newTMC_5W.htm#:%7E:text=Sakichi%20Toyoda%2C%20the%20Japanese%20industrialist,it%20to%20solve%20problems%20today
https://www.rijksoverheid.nl/onderwerpen/privacy-en-persoonsgegevens/maatregelen-bij-misbruik-persoonsgegevens
https://www.rijksoverheid.nl/onderwerpen/privacy-en-persoonsgegevens/maatregelen-bij-misbruik-persoonsgegevens
https://doi.org/10.15680/IJIRSET.2020.0901054


  Master Thesis - Laura Haarhuis 

67 
 

 

Nelson, K. (2015). Business Intelligence, Strategies and Ethics. Macmillan Publishers. 

 

Numpy. (2022). Data type objects (dtype) — NumPy v1.22 Manual. Retrieved June 14, 2022, from 

https://numpy.org/doc/stable/reference/arrays.dtypes.html 

 

Nurkiewicz, A. (2022, June 27). What is business value in agile and why is it crucial for product success. 

Software Things. Retrieved August 10, 2022, from https://softwarethings.pro/blog/what-is-business-value-

in-agile-and-why-is-it-crucial-for-product-success/#what-is 

 

Peltarion Knowledge Center. (2022). Use this cheat sheet if you want to use BERT, and your input data 

consists of English text with a classification tag. Peltarion. Retrieved July 27, 2022, from 

https://peltarion.com/knowledge-center/documentation/cheat-sheets/bert---text-classification-/-cheat-

sheet 

 

Pozzi, F., Fersini, E., Messina, E., & Liu, B. (2016). Sentiment Analysis in Social Networks. Elsevier 

Gezondheidszorg. https://doi.org/10.1016/B978-0-12-804412-4.00001-2 

 

Puzzo, D. (2020, November 27). The 8 Worst Ways to Handle Angry Customers. Fonolo. Retrieved August 

8, 2022, from https://fonolo.com/blog/2018/01/the-8-worst-ways-to-handle-angry-customers/ 

 

Reddy, S. K. (2018, March 7). Sentiment analyses using deep neural network on a small dataset. LinkedIn. 

Retrieved July 27, 2022, from https://www.linkedin.com/pulse/sentiment-analyses-using-deep-neural-

network-small-dataset-s-k-reddy/ 

 

https://numpy.org/doc/stable/reference/arrays.dtypes.html
https://softwarethings.pro/blog/what-is-business-value-in-agile-and-why-is-it-crucial-for-product-success/#what-is
https://softwarethings.pro/blog/what-is-business-value-in-agile-and-why-is-it-crucial-for-product-success/#what-is
https://peltarion.com/knowledge-center/documentation/cheat-sheets/bert---text-classification-/-cheat-sheet
https://peltarion.com/knowledge-center/documentation/cheat-sheets/bert---text-classification-/-cheat-sheet
https://doi.org/10.1016/B978-0-12-804412-4.00001-2
https://fonolo.com/blog/2018/01/the-8-worst-ways-to-handle-angry-customers/
https://www.linkedin.com/pulse/sentiment-analyses-using-deep-neural-network-small-dataset-s-k-reddy/
https://www.linkedin.com/pulse/sentiment-analyses-using-deep-neural-network-small-dataset-s-k-reddy/


  Master Thesis - Laura Haarhuis 

68 
 

Rhodes, J. (2022, May 19). Why transcription accuracy doesn’t matter as much as you think. Evaluagent. 

Retrieved July 27, 2022, from https://www.evaluagent.com/blog/why-transcription-accuracy-doesnt-matter-

as-much-as-you-

think#:%7E:text=Anything%20below%2070%25%20accuracy%20requires,plus%20mark%2C%E2%80%

9D%20says%20David. 

 

Richards, S. (2022, April 29). Sentiment Accuracy: Explaining the Baseline and How to Test It. Lexalytics. 

Retrieved June 14, 2022, from https://www.lexalytics.com/blog/sentiment-accuracy-baseline-

testing/#:%7E:text=Setting%20a%20baseline%20sentiment%20accuracy,training%20a%20sentiment%2

0scoring%20system. 

 

Roldós, I. (2020, April 9). 8 Applications of Sentiment Analysis. MonkeyLearn Blog. Retrieved July 21, 2022, 

from https://monkeylearn.com/blog/sentiment-analysis-applications/ 

 

Ruiz, R. (2021, October 29). Axe believes its new ad will make you rethink macho stereotypes. Mashable. 

Retrieved August 15, 2022, from https://mashable.com/article/axe-ad-toxic-masculinity 

 

Salesforce. (n.d.). Overview: What Is Customer Service? Salesforce.com. Retrieved September 9, 2022, 

from https://www.salesforce.com/in/products/service-cloud/what-is-customer-service/ 

 

Sedgwick, P. (2014). Non-response bias versus response bias. BMJ, 348(apr09 1), g2573. 

https://doi.org/10.1136/bmj.g2573 

 

Sharrow, A. (2020, December 31). Tutorial: Fine-tuning BERT for Sentiment Analysis. Skim AI. Retrieved 

July 27, 2022, from https://skimai.com/fine-tuning-bert-for-sentiment-analysis/ 

 

https://www.evaluagent.com/blog/why-transcription-accuracy-doesnt-matter-as-much-as-you-think#:%7E:text=Anything%20below%2070%25%20accuracy%20requires,plus%20mark%2C%E2%80%9D%20says%20David
https://www.evaluagent.com/blog/why-transcription-accuracy-doesnt-matter-as-much-as-you-think#:%7E:text=Anything%20below%2070%25%20accuracy%20requires,plus%20mark%2C%E2%80%9D%20says%20David
https://www.evaluagent.com/blog/why-transcription-accuracy-doesnt-matter-as-much-as-you-think#:%7E:text=Anything%20below%2070%25%20accuracy%20requires,plus%20mark%2C%E2%80%9D%20says%20David
https://www.evaluagent.com/blog/why-transcription-accuracy-doesnt-matter-as-much-as-you-think#:%7E:text=Anything%20below%2070%25%20accuracy%20requires,plus%20mark%2C%E2%80%9D%20says%20David
https://www.lexalytics.com/blog/sentiment-accuracy-baseline-testing/#:%7E:text=Setting%20a%20baseline%20sentiment%20accuracy,training%20a%20sentiment%20scoring%20system
https://www.lexalytics.com/blog/sentiment-accuracy-baseline-testing/#:%7E:text=Setting%20a%20baseline%20sentiment%20accuracy,training%20a%20sentiment%20scoring%20system
https://www.lexalytics.com/blog/sentiment-accuracy-baseline-testing/#:%7E:text=Setting%20a%20baseline%20sentiment%20accuracy,training%20a%20sentiment%20scoring%20system
https://monkeylearn.com/blog/sentiment-analysis-applications/
https://mashable.com/article/axe-ad-toxic-masculinity
https://www.salesforce.com/in/products/service-cloud/what-is-customer-service/
https://doi.org/10.1136/bmj.g2573
https://skimai.com/fine-tuning-bert-for-sentiment-analysis/


  Master Thesis - Laura Haarhuis 

69 
 

Siddhaling, S. U., & Urolagin. (2018, December 24). Text Summarization and Sentiment Analysis: Novel 

Approach. Data Science Central. Retrieved July 27, 2022, from https://www.datasciencecentral.com/text-

summarization-and-sentiment-analysis-novel-

approach/#:%7E:text=The%20summarization%20will%20reduce%20the,emotion%20expressed%20in%2

0the%20text. 

 

Tayi, G. K., & Ballou, D. P. (1998). Examining data quality. Communications of the ACM, 41(2), 54–57. 

https://doi.org/10.1145/269012.269021 

 

Techopedia. (2012, July 26). Web Scraping. Techopedia.Com. Retrieved August 3, 2022, from 

https://www.techopedia.com/definition/5212/web-scraping 

 

TechTerms. (2022). CPU (Central Processing Unit) Definition. Retrieved June 30, 2022, from 

https://techterms.com/definition/cpu 

 

Thomas, C. (2022, June 20). 8 SMART Customer Service Goals [With Real Business Examples]. Retrieved 

September 9, 2022, from https://gettalkative.com/info/customer-service-goals 

 

Tonye, G. (2022, January 5). Machine-learning Confidence Scores — All You Need to Know as a 

Conversation Designer. Medium. Retrieved July 27, 2022, from https://medium.com/voice-tech-

global/machine-learning-confidence-scores-all-you-need-to-know-as-a-conversation-designer-

8babd39caae7 

 

University of Antwerp. (2010). pattern-nl. Digiasset.Org. Retrieved July 27, 2022, from 

http://www.digiasset.org/html/pattern-nl.html 

 

https://www.datasciencecentral.com/text-summarization-and-sentiment-analysis-novel-approach/#:%7E:text=The%20summarization%20will%20reduce%20the,emotion%20expressed%20in%20the%20text
https://www.datasciencecentral.com/text-summarization-and-sentiment-analysis-novel-approach/#:%7E:text=The%20summarization%20will%20reduce%20the,emotion%20expressed%20in%20the%20text
https://www.datasciencecentral.com/text-summarization-and-sentiment-analysis-novel-approach/#:%7E:text=The%20summarization%20will%20reduce%20the,emotion%20expressed%20in%20the%20text
https://www.datasciencecentral.com/text-summarization-and-sentiment-analysis-novel-approach/#:%7E:text=The%20summarization%20will%20reduce%20the,emotion%20expressed%20in%20the%20text
https://doi.org/10.1145/269012.269021
https://www.techopedia.com/definition/5212/web-scraping
https://techterms.com/definition/cpu
https://gettalkative.com/info/customer-service-goals
https://medium.com/voice-tech-global/machine-learning-confidence-scores-all-you-need-to-know-as-a-conversation-designer-8babd39caae7
https://medium.com/voice-tech-global/machine-learning-confidence-scores-all-you-need-to-know-as-a-conversation-designer-8babd39caae7
https://medium.com/voice-tech-global/machine-learning-confidence-scores-all-you-need-to-know-as-a-conversation-designer-8babd39caae7
http://www.digiasset.org/html/pattern-nl.html


  Master Thesis - Laura Haarhuis 

70 
 

Valdarrama, S. (2022, January 6). Considerations when choosing a machine-learning model. Towards Data 

Science. Retrieved August 2, 2022, from https://towardsdatascience.com/considerations-when-choosing-

a-machine-learning-model-aa31f52c27f3 

 

Vallantin, L. (2021, December 7). How to label text for sentiment analysis — good practices. Towards Data 

Science. Retrieved July 27, 2022, from https://towardsdatascience.com/how-to-label-text-for-sentiment-

analysis-good-practises-2dce9e470708 

 

van Overmeire, S. (2018, October 10). Dutch Sentiment Analysis with Keras and AWS Machine-learning. 

LinkedIn. Retrieved August 10, 2022, from https://www.linkedin.com/pulse/dutch-sentiment-analysis-keras-

aws-machine-learning-sam-van-overmeire/ 

 

Ventiv Technology. (2022, April 11). What’s the Difference Between Internal and External Data? Retrieved 

August 3, 2022, from https://www.ventivtech.com/blog/whats-the-difference-between-internal-and-

external-data 

 

Yalçın, O. G. (2021, December 16). Sentiment Analysis in 10 Minutes with BERT and TensorFlow | by 

Orhan G. Yalçın | Medium | Towards Data Science. Towards Data Science. Retrieved July 27, 2022, from 

https://towardsdatascience.com/sentiment-analysis-in-10-minutes-with-bert-and-hugging-face-

294e8a04b671 

 

Zheng, Y., Long, Y., & Fan, H. (2022). Identifying Labor Market Competitors with Machine-learning Based 

on Maimai Platform. Applied Artificial Intelligence, 36(1). https://doi.org/10.1080/08839514.2022.2064047 

 

 

 

 

 

https://towardsdatascience.com/considerations-when-choosing-a-machine-learning-model-aa31f52c27f3
https://towardsdatascience.com/considerations-when-choosing-a-machine-learning-model-aa31f52c27f3
https://towardsdatascience.com/how-to-label-text-for-sentiment-analysis-good-practises-2dce9e470708
https://towardsdatascience.com/how-to-label-text-for-sentiment-analysis-good-practises-2dce9e470708
https://www.linkedin.com/pulse/dutch-sentiment-analysis-keras-aws-machine-learning-sam-van-overmeire/
https://www.linkedin.com/pulse/dutch-sentiment-analysis-keras-aws-machine-learning-sam-van-overmeire/
https://www.ventivtech.com/blog/whats-the-difference-between-internal-and-external-data
https://www.ventivtech.com/blog/whats-the-difference-between-internal-and-external-data
https://towardsdatascience.com/sentiment-analysis-in-10-minutes-with-bert-and-hugging-face-294e8a04b671
https://towardsdatascience.com/sentiment-analysis-in-10-minutes-with-bert-and-hugging-face-294e8a04b671
https://doi.org/10.1080/08839514.2022.2064047


8. Appendix 

Interview data scientist 

How do you select a suitable dataset for sentiment analysis models? 

How do you clean data before you utilize it for sentiment analysis models? 

What sentiment analysis models do you know for the Dutch language? 

How do you decide upon a sentiment analysis model? 

What KPIs can be developed from sentiment analysis? 

Wherefor could sentiment analysis be valuable? 
 

Interview customer service vision, strategy & innovation manager 

From whom would you like to measure the sentiment? 

What KPIs can be developed from sentiment analysis? 

What sentiment applications do you know?  

Wherefor could sentiment analysis be valuable? 
 

Interview marketing intelligence analyst 

From whom would you like to measure the sentiment? 

What KPIs can be developed from sentiment analysis? 

What sentiment applications do you know?  

Wherefor could sentiment analysis be valuable? 
 

Interview team leader business intelligence unit 

From whom would you like to measure the sentiment? 

What KPIs can be developed from sentiment analysis? 

What sentiment applications do you know?  

Wherefor could sentiment analysis be valuable? 

Table 1: Interview questions
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Figure 30: Survey at company X  


