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Resumo 
 

Esta dissertação tem como objetivo compreender os questionários de satisfação de 

clientes, através de técnicas de Machine Learning. Os questionários foram analisados segundo 

duas perspetivas: um modelo para os antecedentes da satisfação, e outro para os 

consequentes da satisfação. Os dados usados neste projeto foram fornecidos pelo Metro do 

Porto, e são provenientes de inquéritos de satisfação aos clientes, aplicados entre 2007 e 2017. 

O GeNIe foi o software escolhido para aplicar seis algoritmos de Redes Bayesianas (Bayesian 

Search, Naïve Bayes, Greedy Thick Thinning, PC, Augmented Naïve Bayes e Tree Augmented Naïve 

Bayes). Os algoritmos de Machine Learning foram usados para prever as respostas dos 

questionários de 2016 e 2017, ao utilizar dados do passado para prever o futuro. Todos os 

modelos foram comparados através de medidas de avaliação de performance (Accuracy, 

Precision, Recall, Sensitivity, Specifictiy, F-Score, and Area under the ROC curve), juntamente com 

testes estatísticos (Friedman and Nemenyi), e do cálculo da Critical Difference (CD), assim como 

o respetivo Critical Difference Diagram (CDD). Através deste diagrama, o melhor algoritmo 

para cada perspetiva foi selecionado e explorado. No modelo dos antecedentes da satisfação, 

o PC (Prototypical Constraint-based) foi o melhor algoritmo preditivo. A imagem, o preço, o 

tempo, a segurança, o apoio ao cliente e a educação foram as variáveis que se mostravam 

como maiores preditores da satisfação. No caso do modelo dos consequentes da satisfação, 

o algoritmo escolhido foi o Tree Augmented Naïve Bayes. A satisfação foi a variável que 

demonstrou um maior efeito preditivo na variável alvo, a lealdade. 

 

Palavras-chave: Questionário de Satisfação dos Clientes, Machine Learning, Bayesian Networks 
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Abstract 
 

This dissertation aims to understand customer satisfaction surveys, using Machine 

Learning. The surveys were analysed from two perspectives: satisfaction antecedents and 

satisfaction consequences. The data employed in this project was provided by Metro do 

Porto, and it comes from customer satisfaction surveys, applied between 2007 and 2017. 

GeNIe was the software chosen to implement six Bayesian Networks algorithms (Bayesian 

Search, Naïve Bayes, Greedy Thick Thinning, PC, Augmented Naïve Bayes e Tree 

Augmented Naïve Bayes). The machine learning algorithms were used to predict 2016 and 

2017 responses, using past data to predict the future. All the models were compared through 

performance measures (Accuracy, Precision, Recall, Sensitivity, Specificity, F-Score, and Area 

under the ROC curve), along with statistical tests (Friedman and Nemenyi), and the 

calculation of  the Critical Difference (CD), as well as the respective Critical Difference 

Diagram (CDD). The best algorithm for each perspective was selected and explored using 

this diagram. In the model of  satisfaction antecedents, PC (Prototypical Constraint-based) 

was the algorithm elected as the best predictor. Image, Price, Time, Security, Customer 

Support, and Education were the variables that most influenced the outcome of  Satisfaction. 

The best predictor in the satisfaction consequents model was the model employing Tree 

Augmented Naïve Bayes. Satisfaction was the variable that showed the most effect on the 

target variable, Loyalty. 

 

 

Keywords: Customer Satisfaction Surveys, Machine Learning, Bayesian Networks 
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1. Introduction  
 

Sustainable public transport development is one of  the most outstanding 

achievements for which public transport providers are ambitious. The quality of  life in cities 

has been decreasing due to automobile dependency related to pollution and congestion 

(Gössling 2020). Simultaneously, transportation demand has been increasing, due to the 

importance of  transportation for economic growth (Nyongesa Murambi & M. Bwisa, 2014). 

Therefore, providing a satisfying transport network is a complex task. 

Researchers have concluded that reducing private transport is the best way to solve 

these problems (Lai & Chen, 2011). However, people keep opting for their cars, due to their 

instrumental function and because the car represents cultural and psychological values 

(STEG, 2003). To overcome this problem, new practices are now focusing their attention on 

improving the service quality, which will increase the current level of  customer satisfaction 

and attract new clients (Díez-Mesa, de Oña, & de Oña, 2018). If  public transport providers 

want to evaluate users’ perceptions about the service, i.e., have a subjective opinion about 

the service, they should frequently conduct a customer satisfaction survey (CSS) (Zhang, Liu, 

Lu, & Xiao, 2019). 

Customer satisfaction surveys (CSS) are a great source of  information for 

transportation providers since the questionnaires: measure how important is each attribute 

to customers, identify users’ satisfaction with specific attributes, and evaluate customers’ level 

of  overall satisfaction with the service (de Oña, de Oña, & Garrido, 2017). Several national 

and international customer satisfaction surveys, based on customer perceptions and 

expectations, have been introduced in the past years. Overall, these surveys compute the 

satisfaction index, between the satisfaction components (Eboli & Mazzulla, 2009). 

The American Customer Satisfaction Model (ACSI) measures the cause-effect 

relationship from antecedents of  customer satisfaction to its consequences. The antecedents 

of  customer satisfaction are customer expectations, perceived quality, and perceived value, 

while the consequences of  satisfaction are customer complaints and loyalty (Hsu, 2008). 

Perceived quality is the quality recognized by users, when testing the service (Ibrahim & 

Borhan, 2020), and perceived value is the rate they are willing to pay to be satisfied (Faed, 

Hussain, & Chang, 2014). Customer expectations correspond to how users anticipate the 

service (Ibrahim & Borhan, 2020). Regarding the consequences of  satisfaction, customer 

complaints correspond to their reactions when they are not satisfied with the service, and 
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loyalty to the intention to use the same service again in the future (Ibrahim & Borhan, 2020). 

This dissertation aims to predict customer satisfaction, loyalty, and complaints, based on the 

customer satisfaction surveys from Metro do Porto. Therefore, it is fundamental to explore 

how service attributes relate to customer satisfaction, loyalty, and complaints. 

Most of  the studies focus on identify the service factors that influence satisfaction:  

transportation environment and accessibility, age and transportation stop, ticket prices, 

cleanliness and comfort, staffs’ behaviour and attitudes, safety, punctuality, service frequency, 

waiting time, crowding levels and travel time (Hensher et al.,2003, Tyrinopoulos & Antoniou, 

2008, Lai & Chen, 2011, Mouwen, 2015, van Lierop, Badami, & El-Geneidy, 2018, Díez-

Mesa, de Oña, & de Oña, 2018). 

Regarding the complaints, transportation providers must be aware of  asking users 

for feedback, and efficiently address their complaints (Zhang et al., 2019). Even though 

different studies have tried to define the best approach to deal with loyalty, there is a 

disagreement about the definition and the right way to measure it. The debate consists of  

the inclusion of  satisfaction in the loyalty definition. However, the authors state that 

satisfaction should be out of  the loyalty definition, since they recognize the strong influence 

that satisfaction has on loyalty (Carreira, Patrício, Natal Jorge, & Magee, 2014). Factors such 

as value-for-money, on-board safety, cleanliness, and interaction with staff  were identified as 

the factors that are directly related to loyalty (van Lierop, Badami, & El-Geneidy, 2018).  

Customer satisfaction surveys have gained importance recently, with academics 

proposing new approaches and methods to design, implement, and analyse the surveys 

(Kenett & Salini, 2011). These authors identified the methods used to analyse customer 

satisfaction surveys: Structural Equation Models, Bayesian Networks, Decision Trees, 

Nonlinear Principal Component Analysis, Log Linear Models, CUB Models, and Rash 

Models. This dissertation will use Bayesian Networks to discover what influences users’ 

satisfaction, complaints, and loyalty regarding Metro do Porto. 
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1.1. Problem Definition 
 

Understanding how to properly approach customer satisfaction surveys is a sensitive 

topic for public transport providers since these surveys are a source of  performance 

improvement. Therefore, public transport agencies should be aware of  the service attributes 

that impact satisfaction, loyalty, and complaints.  

Most of  the research on this topic is based on statistical methods, finding relations 

and influences between the variables of  the customer satisfaction model. It is important to 

fill this gap, by developing a project using statistical methods, available literature, and machine 

learning techniques to analyse customer satisfaction surveys properly. To conduct this 

analysis, four research questions will be investigated: 

• Who are the users? 

• Which factors influence satisfaction? 

• How have the satisfaction variables evolved from 2008 to 2017? 

• According to satisfaction, and loyalty, what is the profile of  metro users? 

 

 

 

 

1.2. Dissertation Framework 
 

 

This dissertation comprises five chapters. The first chapter presents an introduction, 

the motivation that led to the development of  this dissertation, and how this thesis is 

structured. In Chapter 2, a literature background about customer satisfaction surveys is 

presented, in which the basic components of  the Customer Satisfaction Models are exposed. 

Chapter 3 focuses on the methodological approach followed by this work, as well as the data 

analysis, and the presentation of  the software selected to complete the project. Followed by 

Chapter 4, presents the predictive models for both satisfaction antecedents and satisfaction 

consequents. Finally, conclusions and reflections are summarised in Chapter 5. 
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2. Literature review 

This chapter begins with an overview of  the public transportation sector, explaining 

how it is perceived in society and the main challenges. Afterwards, a review of  service quality 

is given, focusing on the relevant literature studies concerning how to measure service quality. 

Next, the importance of  customer satisfaction surveys for business performance is 

explained, and how customer satisfaction models can be a source of  business information. 

It culminates with the key drivers of  customer satisfaction, loyalty, and complaints. 

 

 

2.1. Public transportation sector 
 

The number of  inhabitants in urban areas has increased yearly (United Nations, 

2019), meaning citizens need mobility. Cities are trying to facilitate citizens’ mobility, without 

compromising the environment. The best way to obtain such a result is to develop the public 

transport network and how it is seen in society (de Oña, 2021).  

It is in the best interest of  cities to have an excellent public transport network, since 

it allows the movement of  goods and labour and, consequently, the creation of  new jobs, 

which in turn will generate economic growth (Nyongesa Murambi & M. Bwisa, 2014). 

Moreover, if  a city wants to be sustainable, it should develop policies supporting transport 

ridership, making people aware of  car dependency (European Comission, 2017). 

However, people still depend on private transportation for their daily lives, leading to 

problems like air and noise pollution, or even traffic congestion (Ibrahim & Borhan, 2020), 

so congestion is a serious challenge faced in big cities. The key to overcoming this problem 

is reducing private transport use and increasing the number of  people opting for public 

transport tasks instead (Lai & Chen, 2011). At this point, it is important to identify why users 

of  private transport find them more appealing. Motives such as flexibility, comfort and 

quickness were given when justifying their choice (Redman, Friman, Gärling, & Hartig, 

2013).  

 Researchers and public transportation providers have investigated ways of  

persuading these users to opt for public transport (Borhan et al., 2014).  Operators should 

be aware of  how consumers value the service quality (Borhan et al., 2014), to identify the 

areas with poor performance, highlight the good ones and, consequently, improve the service 

(Zhang, Liu, Lu, & Xiao, 2019).  
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2.2. Service quality 
 

Service quality is an organisation’s ability to measure how well the service is delivered 

to customers’ expectations (Hsu, 2008), which believe they have before experimented the 

service, and will serve as a standard reference in evaluating the service (Vicente, Sampaio, & 

Reis, 2020). So, service quality perceptions result from comparing their expectations with the 

actual service performance. Additionally, perceived quality or perceived service quality is 

perceived by the users (Ibrahim & Borhan, 2020). In the past few years, some studies have 

been conducted to understand how to measure public transport service quality. 

Irtema et al. (2018) categorise service quality measures into two main components: 

core service and physical environment. The author includes general information facility, 

service facility hours, fare, service regularity, complaints, tickets selling network and staff  

behaviour in the first category. Facility sanitation, vehicle hygiene and security, security at 

terminal and stops, vehicle stability, and on-board information facility are the main indicators 

of  the second component. Similarly, Lai & Chen (2011), considered the same two 

components as Irtema et al. (2018). Lastly, (Zhang et al., 2019) considered two different 

components when evaluating service quality: quantitative and subjective. The quantitative 

component corresponds to an indicator, provided by public transport service providers, that 

compare the actual service quality to the standard or past performance. On the other hand, 

the subjective component depends on the measures of  the users, which are derived from 

customer satisfaction surveys (CSS). These are a great source of  information, since they 

provide qualitative public transport service quality measures, to comprehend the differences 

between the desired and actual levels of  service (Nathanail, 2008). 
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Table 1: relevant studies on how to measure service quality. 

Study Components Indicators 

  

 

 

Core service 

 

 

 

Physical environment 

General information facility, service facility hours, fare, 

service regularity, complaints, tickets selling network, and 

staff  behaviour. 

 

Facility sanitation, vehicle hygiene, vehicle security, 

security at terminal and stops, vehicle stability, and on-

board information facility. 

(Irtema et al., 2018) 

 

 

 

(Lai & Chen, 2011) 

 

Core service 

 

 

 

 

Service frequency, general information provision, network 

coverage, service provision hours, tickets prices, service 

frequency, complaint dealing, ticket selling network, train 

information provision, and personnel behaviour. 

 

 Physical Facility and vehicle cleanliness, vehicle safety, safety at 

terminals and stops, vehicle stability, conditions at 

terminals and stops, and on-board information provision. 

(Zhang, Liu, Lu, & 

Xiao, 2019) 

Quantitative Comparison with a standard or past performance. 

 Subjective Customer’s satisfaction surveys (CSS). 

 

2.3. Customer Satisfaction Surveys 

 

Public transport operators conduct customer satisfaction surveys (CSS) to assess two 

aspects. The first is to understand the customer’s overall satisfaction with the service and 

user’s satisfaction with certain attributes, such as speed or comfort. The second objective is 

to measure how important is each attribute to customers (de Oña, de Oña, & Garrido, 2017). 

Eboli & Mazzulla (2009) consider CSS an optimal measure of  overall satisfaction and a good 

way to summarize user opinions about service attributes. 

Customer satisfaction is a fundamental dimension driving business and performance 

outcomes for service organizations, and measuring satisfaction is based on questionnaires. 

Therefore, researchers have proposed new methodologies to design, implement, and analyse 

customer satisfaction surveys (Kenett & Salini, 2011). Transportation providers use these 

statistical measures to understand user’s perception of  services better and consequently, 

obtain better insights about changes and improvements in service attributes (van Lierop & 

El-Geneidy, 2016).  
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The American Customer Satisfaction Model (ACSI), developed to measure customer 

satisfaction, is a cause-effect model, with three main components. The left side comprises 

drivers of  satisfaction, namely, customer expectations, perceived quality, and perceived value, 

while satisfaction is in the middle. The right side is composed of  satisfaction outcomes, i.e., 

customer complaints and loyalty (Angelova et al., 2011).  

 

 

 
Figure 1: customer satisfaction model. 

 

 

2.3.1. Antecedents of  customer satisfaction 

 
Regarding customer satisfaction antecedents, perceived quality refers to the quality 

customers acknowledge when experimenting with the service (Ibrahim & Borhan, 2020). 

The second antecedent of  satisfaction, perceived value, can be seen as the rate customers 

wish to pay, based on their expectations, to be satisfied (Faed, Hussain, & Chang, 2014).  The 

last component, customer expectations, measure how users anticipate service quality 

(Angelova et al., 2011). According to (Ibrahim & Borhan, 2020), satisfaction is strongly 

influenced by the perceived quality and perceived value. 

 

2.3.2. Consequents of  customer satisfaction 

 
Customer loyalty is the critical component of  customer satisfaction model since 

“stands as a proxy for profitability”. Despite customer complaints and loyalty being 

consequences of  satisfaction, it is important to note they are different behavioural intentions. 

While complaints are customers' reactions to the perceived dissatisfaction with the service, 

loyalty is the customer intention to repurchase the service provided, from the same supplier, 

in the future (Ibrahim & Borhan, 2020). Additionally, Faed et al. (2014) refer that efficient 

handling of  complaints, can lead to loyal customers, consequently creating customer 
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satisfaction and ensuring customer retention.  

 

 

2.4. Key drivers of  satisfaction, loyalty, and complaints 
 

 

Satisfaction 

The concept of  satisfaction can be related to one specific component, but it can also 

be a combination of  several elements of  the transport service (van Lierop, Badami, & El-

Geneidy, 2018). When analysing the service factors affecting satisfaction, researchers divided 

the factors into seven categories: on-board experience, service delivery, waiting conditions, 

transfers, customer service, costs, and image. Afterwards, service attributes influencing 

satisfaction were identified: on-board cleanliness and comfort, behaviour and attitudes of  

the personnel, safety, punctuality, and service frequency.  When Tyrinopoulos & Antoniou 

(2008) evaluated the users’ level of  satisfaction, with different transport companies in 

Greece, they contended that transportation environment and accessibility are critical 

attributes that should be given importance to.  

Using data from a customer satisfaction survey, in which users rated the service 

quality attributes on a Likert scale from 1 to 5, Hensher et al. (2003) calculated the customer 

satisfaction index, and concluded that several factors might impact satisfaction: waiting time, 

crowding levels on public transports, walking distance to the station, availability of  the 

transport route, travel time, and affordable fare. Díez-Mesa, de Oña, & de Oña (2018) also 

collected data from a customer satisfaction survey, to develop a model that explains service 

quality in the Metro of  Seville. After applying Bayesian Networks and Structural Equation 

Modelling, they discovered that tangible service quality elements, like cleanliness and lighting, 

and availability of  the service, such as speed and punctuality, are the components that impact 

satisfaction. 

Although the literature focusses its attention on specific service factors that might 

impact users’ satisfaction, users' characteristics can also impact customer satisfaction. 

Mouwen (2015) concluded that satisfaction rises with age, since people of  different ages have 

different perceptions regarding the service. Since elderly users usually travel during off-peak 

hours, when finding a seat available is not a matter of  concern, they put more emphasis on 

frequency, price, and on-time performance, while young users value more ticket-selling 

network. Furthermore, the satisfaction with price for elderly users, compared to young users, 

is noteworthy, due to the low fares for older adults (Mouwen, 2015). However, reducing fares 
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is not a good approach, as customers perceive high ticket prices as a good indicator of  the 

service provided (Hensher et al., 2003).   

 

 

Complaints 

According to Faed, Hussain, & Chang (2014), complains stimulate the 

communication between the company and its customers. If  they are highly satisfied, they are 

less prone to submit further complaints, so these must be addressed properly. Similarly, Ro 

& Wong (2012) conclude that between 82-95% of  customers may remain loyal, if  complaints 

are regarded as an opportunity to improve service quality. Ghazzawi & Alharbi (2019), using 

customer complaint data from public transportation, identified the fundamental steps to deal 

with complaints: identify the causes, suggest suitable solutions, and develop the overall public 

transport quality.  

Zhang et al. (2019) collected data from surveys, which measured passenger 

satisfaction, from 13 different Chinese cities, and developed the Passenger Satisfaction Index 

(PSI), to assess passenger satisfaction. The author concluded a strong negative correlation 

between passenger complaints and passenger satisfaction. Moreover, the author highlighted 

the importance of  asking for passengers’ feedback and properly addressing their complaints 

as having an important impact on loyalty.   

 

 

Loyalty 

Loyalty in the transport literature is a recent topic, so researchers have been trying to 

agree on how to define and measure it (van Lierop et al., 2018). Some researchers insist on 

include overall satisfaction in the concept of  loyalty (Lai & Chen, 2011), while others do not 

agree (van Lierop & El-Geneidy, 2016). The first one suggests that loyalty customers are 

users who: are generally satisfied, have the intention to use the public transport again, and 

might be willing to suggest the service to others. However, academics claim that loyalty 

should be defined based on the intention of  choosing the same transport, and the willingness 

to recommend it to more people. The debate about loyalty emerged due to the existence of  

two types of  users: “captive users” and “choice users”. The first ones are not satisfied with 

the service but dependent, because they do not have a choice, while “captive users” are free 

to change their transportation mod if  they find a better alternative (McGill University, van 
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Lierop, El-Geneidy, & McGill University, 2017). Additionally, there is a third type of  users: 

people who never used, and might use public transport, but are strong supporters of  using 

public transport in the area they live (van Lierop et al., 2018). Despite the opposite opinions, 

authors who believe satisfaction should be out of  loyalty acknowledge the strong influence 

that overall satisfaction has on loyalty (Carreira et al., 2014).  

Van Lierop, Badami, & El-Geneidy (2018) support the importance of  long-term 

planning for success, so public transport agencies must focus on service attributes directly 

associated with loyalty. When conducting a literature review about loyalty, these authors 

found that service attributes affecting loyalty are distinct from those affecting satisfaction: 

perception of  value-for-money, on-board safety, cleanliness, interaction with personnel, and 

the image and commitment to the public transport felt by the user.  

 

Table 2: key drivers of satisfaction, complaints, and loyalty. 

Variable Study Methods Key Drivers 

 (van Lierop, Badami, & El-

Geneidy, 2018) 

Literature Review Cleanliness and comfort, 

staffs’ behaviour and 

attitudes, safety, punctuality, 

and service frequency. 

 (Mouwen, 2015) Linear Modelling Age and transportation’ 

stop. 

 (Tyrinopoulos & Antoniou, 2008) Principal Component 

Analysis (PCA) 

Transportation environment 

and accessibility. 

Satisfaction (Lai & Chen, 2011) Structural Equation 

Modelling (SEM) 

Ticket prices. 

 (Hensher et al.,2003) Customer Satisfaction 

Index 

Waiting time, crowding 

levels, walk distance, 

availability of  transport 

route, travel time, and 

affordable fare. 

 (Díez-Mesa, de Oña, & de Oña, 

2018) 

Structural Equation 

Modelling (SEM) and 

Bayesian Networks 

(BN) 

Cleanliness, lighting, speed, 

and punctuality. 

Complaints (Zhang et al., 2019) Structural Equation 

Modelling (SEM) 

Passenger feedback and 

efficiency of  handling of  

complaints. 
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User’ satisfaction. 

Loyalty (van Lierop, Badami, & El-

Geneidy, 2018) 

Literature review Value-for-money, on-board 

safety, cleanliness, 

interaction with staff, image, 

and commitment. 

 (Chen, 2008) Structural Equation 

Modelling (SEM) 

Service quality, customer 

satisfaction and value. 
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3. Data, methodology, and software 

The project is divided into five main parts: data gathering, data treatment, data 

analysis, predictive building model, and, lastly, the analysis of  the metro users’ profiles. 

Firstly, given the data come from different datasets, there is a need to gather and 

aggregate all data into one large dataset. Secondly, treat the data: reduce variables and 

observations, replace missing data, and aggregate some dimensions, i.e., the questions that 

refer to the same variable into one dimension. After completing these two major tasks, the 

data is prepared for the last three steps.  

Regarding data analysis, the main goal is to identify interesting patterns in the data, 

as the evolution of  dimensions across the years and identify factors that affect satisfaction, 

loyalty, and complaints. The next step is to build a predicting model using Bayesian Networks 

which revealed good results when analysing customer satisfaction surveys. Díez-Mesa, de 

Oña, & de Oña (2018) used this method to develop a model that explains service quality in 

the Metro of  Seville using customer satisfaction surveys. Bayesian Networks were applied to 

find hypotheses about the relationships between service quality dimensions. 

The last step is to explore the chosen Bayesian Network algorithm through the 

evaluation of  model performance measures and define the profile of  metro users.  

 

 

3.1. Data 

3.1.1. Surveys description 
 

DOMP gathered the data for this study, and the Porto metro service provider 

authorized its use. Face-to-face interviewers conducted the survey implementation and data 

collection, at the metro stations. Respondents were randomly sampled and asked about the 

survey purpose, as well as their willingness to take part in the survey. If  they answered yes, 

they were asked to complete the paper questionnaire under the guidance of  the data 

collectors.  

The questionnaires intend to measure the satisfaction of  metro users, and the surveys 

were carried out from 2007 to 2017. However, the questions were not exactly the same during 

the 10 years. The questions were the same between 2012 and 2017, and the questions can be 

included in five groups. 

1. The first refers to the user's profile, i.e., whether or not users are regular metro users. 
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2. The second is related to satisfaction in various aspects, such as service punctuality or 

ticket prices. The user must respond on a scale of  1 to 5, where 1 is very unsatisfied 

and 5 is very satisfied. The user may not respond the questions, filling out the option 

"no opinion". 

3. The third question is related to complaints about the service, i.e., if  the users have 

made a complaint and how satisfied they are with the approach followed by the 

company to solve the complaint.  

4. The fourth question is about satisfaction with services complementary to the Metro. 

Again, the user must respond on a scale of  1 to 5 or opt for “no opinion”. 

5. Finally, the last question is about demographic information about the user: sex, age 

group, economic status, etc. 

Similarly, the questionnaires applied between 2011 and 2008 are similar to the 

previous ones. The main difference is how the questions were organized, i.e., despite the 

questions similarity, they were distributed across different groups. There is also another 

different aspect: in the years 2008 to 2011, users were asked if  they had ever made a 

complaint, while from 2012 to 2017, they were asked if  they had made a complaint in the 

last six months. Despite this difference, the questions were treated as the same, i.e., whether 

the user had ever made a complaint. The 2007 survey was excluded from the analysis as the 

questions were differed significantly from the other surveys. Therefore, the surveys from 

2008 to 2017 were analysed for this project. 

Regarding the number of  participants in these studies, it is between 1600 and 1700 

participants per year, except for 2015 and 2011, when the number of  participants was inferior 

to 1600. The highest number of  participants was reached in 2017, with 1732 participants. 

 

3.1.2. Merging the datasets 

 
When merging the datasets, special care was taken with the questions, since questions 

in older questionnaires are not in the same position as those in recent surveys. Therefore, a 

renaming of  the variables was made so that the merging of  the datasets was possible. After 

the merge, the dataset contains 57 variables, and around 16 230 participants. 
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3.1.3. Data treatment 

 
After merging all surveys, data should be treated. The final dataset will be interpreted, 

so that data will be reduced to the information needed. This procedure will be divided in 

three steps: variable reduction, observation reduction and missing values replacement. 

 

3.1.3.1. Variable reduction 

 

There are missing values in the dataset, which are represented by answers like “does 

not know” or “does not remember” and do not represent useful data. Therefore, it can 

interfere with the results, so the first step is computing the number of  missing values per 

question. It was decided to delete the missing values with more than 10%. This criterion 

allowed for removing 10 questions, as seen in table 3. 

 

Table 3: missing values count per variable. 

 Missing values 

Questions n % 

Discount on monthly passes. 5366 33 

Departures and arrivals information in congestion. 2299 14 

Speed and cordiality of  the service the customer support agents provide at 

the stations. 

1859 12 

Frequency of  vehicle breakdowns. 1831 11 

Information on the time until the next Metro arrives in a disturbing 

situation. 

2261 14 

Accessibility for the disabled. 1886 12 

Information in vehicles in the event of  a disturbance. 2646 16 

Speed and cordiality of  the service provided at Andante stores. 3857 24 

Polite and correct behaviour of  the employees of  Andante stores. 3823 24 

What degree of  satisfaction do you attribute to how your complaint 

was/would be handled? 

3478 21 

 

Regarding the variable Occupation, fourteen different possible answers specified the 

working situation of  the individual. Since there is no need to go into much detail in this 

variable, it was decided to recode it into five categories, as seen in table 4. 
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Table 4: recode of occupation variable. 

 

 

3.1.3.2. Observation reduction 
 

The next step was the observation reduction, which consisted of  removing the 

observations with missing values, according to criteria. For the demographic variables, it was 

decided to remove the missing values, since these variables are sensible as they represent the 

population. The variables considered as demographic are Sex, Age Group, Education, 

Occupation, and Economic Status. This last criterion deleted 244 observations, which 

reflects around 3% of  the dataset. Regarding the non-demographic variables, 8684 

respondents do not have missing values, which is good. It was decided to remove individuals 

with more than four missing values, which is about 6.5% of  the dataset. 

 

3.1.3.3. Missing values replacement 
 

There are 15 986 missing values in the dataset, which need to be analysed and 

replaced.  All variables are ordinal, so it was decided to replace the missing values with the 

median. After completing this data treatment, the dataset remained with 47 variables and 

Variable Original Value Final Value 

 1-Company owner  

 2-“Quadro superior”  

 3- “Profissão liberal”  

 4- “Quadro médio”  

 5- Office employee 1-Active 

 6- Trade employee  

Occupation 7- Farmer/fisherman/animal breeder/gardener  

 8- Specialized worker  

 9- Unskilled worker  

 10- Student 2- Student 

 11- Domestic 3- Domestic 

 12- Retired 4- Retired 

 13- Unemployed, but already worked 5- Unemployed 

 14- Unemployed, looking for first job  
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14 971 observations.  

 

3.1.3.4. Exploratory factor analysis 

 

The next step is to aggregate the variables into dimensions. Firstly, principal 

component analysis with varimax rotation was applied to identify the correct number of  

components to retain.  Table 5 shows that Bartlett's Sphericity Test is significant (chi-square 

with degree of  freedom (df) 741= 144614.257 with a significance value = 0.000). The 

measurement of  KMO sampling is 0.831, which is higher than Kaiser and Rice's (1974) 

proposed a minimally acceptable value of  0.5. Such findings present a reasonable basis for 

progressing to the next stage, in which seven components were extracted to explain the data 

since they had eigenvalues higher than one (Appendix III).  

 

Table 5: KMO and Bartlett's Test. 

  

Kaiser-Meyer-Olkin Measure of  Sampling Adequacy Bartlett’s test of  sphericity 

0.953 Approx. Chi-square            df                    Sig.  

 144614.257                        741                  0.000 

 

Having identified the correct number of  components to retain, exploratory factor 

analysis was applied. This statistical technique will reduce questions to a smaller set of  

summary variables, which will be called dimensions. According to the rotating component 

matrix, the questions are grouped into seven components (F1 to F7), visible in table 6. Two 

questions, from the surveys, were left out: professionalism of  driving agents, and travel time. 

 

Table 6: exploratory factor analysis. 

Questions Cronbach's Alpha Dimension 

Service punctuality.   

Waiting time.   

Information on departures and arrivals without 

congestion. 

Punctuality of  arrivals. 

Information on the time remaining until the arrival of  

 

 

0.843 

 

 

D1 

Time 
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Then, a reliability analysis was carried out to verify how closely related are the 

questions within the considered dimensions. The value of  Cronbach's Alpha should be 

greater than 0.7 to be considered more than satisfactory. If  it is less than 0.7, then the value 

of  Croanbach's Alpha, if  the item is excluded, is analysed. In the last dimension (F7), the 

question “proximity of  the station to your residence” was removed, since it contained a high 

the next Metro in a normal situation. 

Punctuality of  departures. 

Waiting time at line changes. 

 

 

 

 

 

 

The Metro is beneficial to society. 

I intend to continue to use the Metro for my travels. 

The Metro is good for the environment. 

In the future, more people will travel by Metro. 

Would you recommend Metro do Porto to your friends 

and family? 

Do you intend to use the Metro on your next trip to a 

city covered by the network? 

 

 

 

0.843 

 

 

D2 

Image and Loyalty 

Easy to buy tickets. 

Information on zones in stations. 

  

D3 

Easy to change lines. 

Information displayed at stations. 

Information displayed in vehicles. 

General information inside vehicles. 

             0.835 

 

 

 

Acessibility and 

Information 

 

 

Presence of  security guards in the metro network. 

Lighting in stations. 

Feeling of  safety in vehicles. 

Cleanliness of  the stations. 

Cleanliness of  the vehicles. 

 

 

0.795 

 

D4 

Security and 

Cleanliness 

Availability of  customer service agents at stations to help 

when users have questions. 

  

Polite and correct behaviour of  customer service agents 

at stations. 

0.771 F5 

Customer Support 

Price of  the Metro, compared to the other alternatives.  F6 

Ticket prices. 0.781 Price 

Fare defined by zones.   

Comfort when travelling on the Metro.  F7 

Comfort in the vehicles. 

Proximity of  the station to your home. 

0.541 → 0.84 Comfort 



18 

 

value of  Croanbach's Alpha, if  the item is excluded. After the question was removed, the 

value of  Cronbach's Alpha became ideal. 

Although the exploratory factor analysis groups the questions into 7 components, 

some of  them are made up of  2 dimensions, such as F2, F3 and F4. It is known from the 

literature review that attributes such as Accessibility, Availability of  Information, Safety and 

Cleanliness are separate and relevant dimensions (Table 2). Thus, to perform a more accurate 

analysis of  the factors that affect customer satisfaction, loyalty, and complaints, it is essential 

to analyse these dimensions separately. Therefore, there is a total of  ten variables, organized 

in table 7, that capture different dimensions of  satisfaction with the service provided by 

Metro do Porto. 

 

Table 7: final dimensions, after exploratory factor analysis. 

Questions Dimensions 

Service punctuality. 

Waiting time. 

Information on departures and arrivals without congestion. 

Punctuality of  arrivals. 

Information on the time remaining until the arrival of  the next Metro in a 

normal situation. 

Punctuality of  departures. 

Waiting time at line changes. 

 

 

 

 

Time 

 

 

 

The Metro is beneficial to society. 

The Metro is good for the environment. 

In the future, more people will travel by Metro. 

 

Image 

 

I intend to continue to use the Metro for my travels. 

Would you recommend Metro do Porto to your friends and family? 

Do you intend to use the Metro in your next trip to a city covered by the network? 

 

Loyalty 

 

Easy to buy tickets. 

Easy to change lines. 

Accessibility 

 

Information on zones in stations. 

Information displayed at stations. 

Information displayed in vehicles. 

General information inside vehicles. 

 

Information 

 

 

Presence of  security guards in the metro network. 

Lighting in stations. 

Feeling of  safety in vehicles. 

 

Security 
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Cleanliness of  the stations. 

Cleanliness of  the vehicles. 

Cleanliness 

 

Availability of  customer service agents at stations to help when users have 

questions. 

Polite and correct behaviour of  customer service agents at stations. 

Customer Support 

 

 

Price of  the Metro, compared to the other alternatives. 

Ticket prices. 

Fare defined by zones. 

 

Price 

 

Comfort when travelling on the Metro. 

Comfort in the vehicles. 

Comfort 

 

In general, how do you evaluate Metro do Porto's service? 

In a global way, how satisfied are you with the service provided by Metro do 

Porto? 

In general, the Metro service is well provided. 

 

Satisfaction 

 

3.1.4. Data analysis 

 
The data were analysed using statistical analysis. This analysis was used to answer 

three out of  four research questions: 

1. Who are the users? 

2. Which factors influence satisfaction? 

3. How have the satisfaction variables evolved from 2008 to 2017? 

Pie charts, box plots, line charts, as well as tables with frequency distributions were 

used to help the visualization of  the data results. 

 

3.1.4.1. Users’ characterization 
 

In the dataset, the observation corresponds to the individuals that might use the 

Porto metro. The demographic variables Sex, Age Group, Education, Occupation, and 

Economic Status were collected to characterize the users (see Table 8). 

 

Table 8: users' charaterization. 

Demographic variables  n % % Cumulative 

Sex Male 

Female 

6262 

8709 

41.8 

58.2 

---- 

---- 

Age Group [15- 24] 

[25- 34] 

6042 

2932 

40.4 

19.6 

41.9 

61.4 
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[35- 44] 

[45- 54] 

[55- 64] 

[65 +] 

2161 

1872 

1248 

716 

14.4 

12.5 

8.3 

4.8 

75.5 

87.6 

95.7 

100 

Education Higher Education 

High School – 11th/12th 

3rd cycle - 9th grade 

2nd cycle - 6th grade 

1st cycle – primary school 

Only read and write 

Not read and write 

3986 

6551 

2538 

820 

1031 

30 

15 

26.6 

43.8 

17.0 

5.5 

6.9 

0.2 

0.1 

26.6 

70.4 

87.3 

92.8 

99.7 

99.9 

100 

Occupation Active 

Student 

Domestic 

Retired 

Unemployed  

8077 

5124 

159 

867 

744 

54.0 

34.2 

1.1 

5.8 

5.0 

---- 

---- 

---- 

---- 

---- 

Economic Status 

 

 

 

A/B – High/ Medium 

High 

C1 – Medium 

C2 – Medium – low 

D- Low 

5255 

4882 

3569 

1265 

35.1 

32.6 

23.8 

8.4 

35.1 

67.7 

91.6 

100 

 

Most of  the participants were female (58.1%), 8709 out of  14 971, and the youngest 

users [15-24] were the age group that registered most responses (40%). Regarding the level 

of  education of  metro users, most have higher Education or high school diplomas, counting 

around 71% of  responses. This information corroborates the data related to occupation, 

since approximately 89% of  users are active or students. The economic status results reveal 

that more than half  of  the participants have a high and medium/high economic status, while 

the low status only counts for 8.2% of  the responses. 
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The participants were asked about the frequency in which they use the metro, and 

most stated that they use it regularly (90%). Finally, users were also inquired whether or not 

they had filed a complaint in the last six months. About 94% of  participants asserted they 

had never filed a complaint in previous last six months. 

 

 

3.1.4.2. Satisfaction variables 

 

Descriptive statistics 

Figure 2: plots about frequency of use (left) and complaints (right). 

Figure 3: variables boxplots. 
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The following boxplot for the 11 satisfaction variables presented in Figure 3 shows 

values below the lower whisker, meaning they could be both considered moderate and 

extreme outliers. All service variables present atypical values, and the loyalty variable is the 

one with the most atypical values, namely, 10, representing less than 1% of  the dataset. From 

the graph, it is also possible to conclude the distribution of  the variables: Image and Loyalty 

are negatively skewed and have a median of  5, which means that more than 50% of  

respondents rate these variables with the maximum score, i.e., completely satisfied. The 

results of  these two variables are expected since in Porto there is no direct competitor of  

Metro do Porto, i.e., another metro company. Thus, it is expected that users will remain loyal 

to the service since some users may not have a method of  transportation that satisfies them 

as well as the metro. 

 

 

Correlation analysis 

This analysis aims to explore which service variables are most significant for the 

dependent variable, satisfaction, and also to study how correlated are the variables. It was 

decided to apply simple statistical procedures, like the Person Correlation, since simple 

statistical procedures provide good results. Figure 4 evaluates the correlation between the 

satisfaction variables through the Pearson Correlation Coefficient. The correlation scores 

were all positive and ranged between 0.2 and 0.7 (Image and Loyalty). The higher correlation 

is verified between Image and Loyalty, followed by: Information and Time (0.6), Accessibility 

and Information (0.6). 
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Figure 4: Pearson correlation cofficients. 

 

 

Evolution of  satisfaction variables  

The graph represents the average satisfaction for the 11 satisfaction variables over 10 

years. The variables showed a constant evolution over time. Price is the variable with which 

users are least satisfied, always registering neutral or only slight satisfaction. 
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Figure 5: line graph for satisfaction variables evolution. 

 

 

3.2. Methodology  

 

After the data treatment and data analysis, the next step is to elaborate a predictive 

model, to understand customer satisfaction surveys through Machine Learning. The 

predictive model was developed to analyse the surveys in two perspectives: satisfaction 

precedents and satisfaction consequences. 

Bayesian Networks are a proper method to find potential relationships between the 

variables under study (Díez-Mesa, de Oña, & de Oña, 2018), so they will be used to construct 

the predictive models. Since GeNIe will be the software used to build the predictive models, 

the algorithms used to test the model will be those the software allows: Bayesian Search (BS), 

Prototypical Constraint-based (PC), Greedy Thick Thinning (GTT), Tree Augmented Naïve 

Bayes (TAN), Augmented Naïve Bayes (ANB), and Naïve Bayes (NB) – GeNIe Modeler 

User Manual (2020). 

• Bayesian Search (BS) is one of  the most frequently used algorithms, and 

“follows essentially a hill climbing procedure with random restarts”. 

• Prototypical Constraint-based (PC) uses independences observed in data, to 

deduce the structure that has generate them. 
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• Greedy Thick Thinning (GTT) creates the model under two phases: the 

thickening and the thinning phase. Throughout the first phase, the algorithm 

starts with an empty graph and add connections between variables that 

increases the probability of  a marginal increase, until it no longer results in 

increases in utility. On the other hand, the second phase works in the opposite 

way, since the algorithm removes connections that improve the marginal 

probability. The process ends when the removal does not generate a positive 

increase in utility. 

• Tree Augmented Naïve Bayes (TANB) starts with a Naïve Bayes structure 

and adds connections between the feature variables, to consider possible 

dependence between them. The algorithm has a restriction: there is only one 

additional parent of  every feature variable. 

• Augmented Naïve Bayes (ANB) is similar to TANB since it begins with a 

Naïve Bayes structure and adds connections between feature variables to 

account for their possible dependency. ANB has no restriction on the 

number of  connections unless imposed by one of  the algorithm’s parameters 

(Friedman, Geiger, and Goldszmidt 1997).  

• Naïve Bayes (NB) does not create a network structure, since it is fixed: the 

class variable is the only parent of  all remaining feature variables. There are 

no other connections between the nodes of  the network.  

A validation method should be carefully chosen to check if  the trained models are 

trustworthy considering the validation models available on GeNIe: Test Only, Leave One 

Out (LOO), and K-fold Crossvalidation – GeNIe Modeler User Manual (2020). Since this 

dissertation uses past information to predict the future, the right option is Test Only. 

The dataset was split into train and test phases, to test the chosen Bayesian Network 

algorithms. The criterion to split the dataset was the years because past information is used 

to predict the future. Additionally, the procedure will be duplicated for the splitting and 

testing phase, improving the model’s accuracy, and ultimately obtaining better results. Phase 

1 will consist of  training the model for eight years (2008 to 2015) and testing to predict the 

target variables for 2016. Then, the model will be trained again with the information for nine 

years (2008 to 2016) and tested to predict the results for 2017. 
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Table 9: prediction model phases. 

Phase Train Test 

1 2008, 2009, 2010, 2011, 2012, 2013, 2014, 2015 2016 

2 2008, 2009, 2010, 2011, 2012, 2013, 2014, 2015, 2016 2017 

 

Having all the models trained and tested, they will be compared based on 

performance measures: accuracy, precision, recall, and specificity, which are resulting metrics 

of  the confusion matrix. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑃
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

F-score uses precision and recall being calculated and results in a value between 0 

and 1, in which 1 means perfect precision and recall. 

𝐹 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

The Area under the curve (AUC), is derived from the Receiver Operating 

Characteristic curves (ROC curve), and allows to compare several methods, represented by 

curves, and then compared. Friedman’s test is a nonparametric test used to check if  there are 

statistically differences between groups. 

𝑥𝐹
2 =  

12

𝑛𝑘(𝑘 + 1)
∑ 𝑅𝑗

2 − 3𝑛(𝑘 + 1)

𝑘

𝑗=1

 

  

To rank the models, a post-hoc test is used – Nemenyi’s test. 

𝑞 =  
�̅�𝑗𝑖 − �̅�𝑗2

√𝑘(𝑘 + 1)
6𝑛

 

Lastly, the Critical Difference (CD) between models was calculated, and the Critical 

Difference Diagram (CDD) was drawn to visually compare the differences between models. 

(1) 

(2) 

(3) (3) 

(4) 

(5) 

(6) 

(7) 
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𝐶𝐷 =  𝑞𝑎√
𝐴(𝐴 + 1)

6𝑁
 

After comparing the models, the best one was selected to explore and analyse the 

relationship and influence between variables and the target variables – Satisfaction and 

Complaints. Two models were developed: 

• Satisfaction antecedents and users’ profile. 

• Satisfaction consequences and users’ profile. 

 In order to explore the influence between variables, a GeNIe tool called strength of  

influence was used. This methodology is based on assessing the thickness of  the arcs 

connecting the variables, i.e., the greater the degree of  influence between the variables, the 

thicker will be the arcs. The arcs thickness is calculated from the distance method selected: 

Euclidean distance, J-Divergence, and CDF. 

• Euclidean distance is the result of  the actual spatial distance between two 

points. 

• J-Divergence corresponds to the average of  two possible values of  the 

Kullback-Leibler distance, which is the overall difference between two 

distributions. 

• CDF (Cumulative Distribution Functions) compares the distribution 

functions of  two distributions. 

A second tool called Sensitivity Analysis, from GeNIe, was used to explore small 

changes in numerical parameters on the output. It is expected that the variable with the 

biggest effect is coloured in red, while the variable with no effect is grey. 

 

3.3. Software 
In this dissertation different methods and techniques from data analysis and Machine 

Learning were used. To implement this project, three software were used: IBM SPSS 

Statistics, RStudio, and GeNIe. 

The merge of  the databases, as well as data processing, were carried out in IBM SPSS 

Statistics version 26 (2022). Additionally, part of  the data analysis was also processed in this 

software, namely the descriptive statistics. 

RStudio version 1.4.1106 (2022) was applied for the calculation of  Pearson's 

correlation coefficient, and to analyse the service variables evolution. Additionally, the 

(8) 
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software was also used to calculate Friedman’s and Nemenyi’s statistics, the Critical 

Difference, and draw the Critical Difference Diagram. Scmap and ggplot2 were the packages 

used in the present study. 

The predictive model was developed using Bayesian Networks. Several predictive 

algorithms were selected and applied, using GeNIe version 3.6.3. (2022).  
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4. Modelling customer satisfaction surveys using 

Bayesian Networks 

 

Throughout Machine Learning, this section aims to answer the following research 

question: what is the profile of  metro users according to satisfaction and loyalty? 

Two predictive models were developed to conduct this analysis: satisfaction 

antecedents’ model, and satisfaction consequents’ model. The first model consists of  

satisfaction antecedents, such as service attributes, the sociodemographic characteristics of  

users, and the target variable, satisfaction. The second model is composed of  satisfaction and 

its consequences (complaints and loyalty), the sociodemographic characteristics of  metro 

users, and the target variable, loyalty. By analysing both models, it will be possible to outline 

users’ profile, according to satisfaction and loyalty. 

Both predictive models are presented in this chapter and were developed using the 

algorithms and methods described in chapter 4.2. Subsequently, they were compared using 

Evaluation Measures and Statistical Nonparametric tests to reach the best predictive model. 

When the best model was selected, it was analysed to identify the variables that most 

influence the outcome. 

 

4.1. Dataset recode 
 

Before developing the two predictive models, it was necessary to decide what exactly 

was considered as satisfied users. The surveys allowed users to evaluate all the service 

attributes on a scale from 1 to 5: 1 meant “very dissatisfied” and 5 “very satisfied”. When 

turning service attributes into dimensions, the questions were aggregated through the 

average, so the dimensions (table 7) included decimal values. Firstly, it was decided to 

attribute the state “Satisfied” to individuals who assigned a rating of  4 and 5 to the various 

attributes, while the rest were included in the “Others” category.  

Table 10 reflects what was done to the variable satisfaction. According to the first 

approach, 86% of  users are satisfied, while the rest are neutral or dissatisfied. However, the 

data proved imbalanced, so a new approach was followed.  Only individuals with an average 

response above 4.5 were considered satisfied in the second approach. About 33.6% of  the 

individuals were considered as “Satisfied”, while 66.4% were considered "Others". Tus, the 

data became more balanced. The same procedure was applied to all the service variables, 



30 

 

with the exception of  image and loyalty. 

Table 10: recode of satisfaction. 

 

 

Image and loyalty were recoded in a different way, i.e., they assumed two different 

outcomes: “Agree” and “Others”. In the surveys, users were asked to evaluate the questions 

that result in these dimensions in a scale from 1 (“totally disagree”) to 5 (“totally agree”). 

Individuals with an average response equal to or above 4.5 were considered to belong to the 

"Agree" category, while the rest were included in the "Others" category. 

 

4.2. Satisfaction antecedents and users’ profile 
 

This model consists of  satisfaction antecedents, namely, service attributes, and the 

target variable, satisfaction. The goal is to study the relationship between service attributes, 

as time or comfort, and satisfaction. Additionally, sociodemographic characteristics are also 

a part of  the model to check if  they impact satisfaction. Lastly, a diagnosis of  satisfaction 

state will be done to perceive the profile of  users who are satisfied with the service of  Metro 

do Porto. 

 

4.2.1. Validation of  satisfaction antecedents and users’ profile model 

 

Table 11 shows performance metrics for satisfaction antecedents’ models for two 

predictions: data from 2008 to 2015 was used to predict 2016, and data from 2008 to 2016 

was used to predict 2017. The performance metrics were taken and compared. 

Since the evaluation metrics of  both models look similar, it is fundamental to apply 

parametric tests to see statistically significant differences. According to Friedman’s tests for 

2016’s prediction, and considering the performance measures of  the six models, is possible 

 Scale Nº % 

Approach 

1 

1-4: others 

4-5: satisfied 

2101 

12870 

14971̅̅ ̅̅ ̅̅ ̅̅ ̅ 

14 

86 

100̅̅ ̅̅ ̅ 

Approach 

2 

1-4.5: others 

4.5-5: satisfied 

9945 

5026 

14971̅̅ ̅̅ ̅̅ ̅̅ ̅ 

66.4 

33.6 

100̅̅ ̅̅ ̅ 
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to safely confirm the hypothesis that all the algorithms perform the same, for a 5% 

significance level. However, for 2017’s prediction, there are significant differences between 

the models, for a significant level of  5%.  

• 2016 prediction: Friedman's  2 (5, n=6) = 8.429, p = 0.134 

• 2017 prediction: Friedman's  2 (5, n=6) = 12.529, p = 0.028 

Therefore, is it possible to proceed with the post-hoc test- Nemenyi test, in order to 

confirm this conclusion, since the critical difference will be calculated for a 5% significance 

level. 

 

Table 11: evaluation measures from satisfaction antededents models. 

 

Figure 6 represent the Critical difference diagram (CDD) for the 2016 and 2017 

predictive models. The diagram shows the proximity between models, and all models are 

within the CD range (3.658), which supports the conclusions taken from the Friedman test. 

According to the first plot, there are no statistical differences between the models, since 

all the algorithms are grouped using the same horizontal line. In the graph, PC (Prototypical 

constraint-based) is ranked as the best model. On the other hand, the right plot, from figure 

6, shows differences between the algorithms, as they are grouped into two different groups. 

Despite the statistically differences between the algorithms, PC (Prototypical Constraint-

based) outperform all the algorithms since achieved a higher ranking.  

Therefore, PC (Prototypical Constraint-based) seems to be the model with the best 

                                          2016 prediction                                                2017 prediction 
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BS 0.851 0.259 0.038 0.982 0.066 0.740 0.865 0.373 0.473 0.704 0.383 0.803 

PC 0.878 0.629 0.765 0.309 0.690 0.853 0.915 0.657 0.897 0.821 0.737 0.932 

GTT 0.872 0.507 0.241 0.974 0.327 0.812 0.868 0.411 0.701 0.725 0.438 0.833 

TANB 0.856 0.482 0.437 0.924 0.458 0.824 0.860 0.533 0.587 0.785 0.553 0.868 

NB 0.820 0.598 0.593 0.857 0.595 0.819 0.824 0.580 0.513 0.804 0.853 0.531 

ANB 0.861 0.503 0.405 0.907 0.449 0.822 0.863 0.543 0.597 0.787 0.567 0.873 
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performance on both predictions, so it will be selected as the best algorithm.  

 

 

 

Figure 6: CDD for 2016 (left) and 2017 (right) satisfaction antecedents predictions. 

 

4.2.2. Validation of  satisfaction antecedents and users’ profile model 
analysis 

 

This model was developed with the data from 2008 to 2016, so 2017 was predicted. 

The system. Automatically developed probabilities Most users belong to the state “Others” 

(67%), while 33% are “Satisfied”.  Not all the variables influence the target variable. Service 

variables such as image, security, customer support, price, and time have an impact on 

satisfaction. Of  the sociodemographic characteristics of  users, education is the only 

characteristic that has an impact on satisfaction. 
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The strength of  influence was applied to identify which variables have higher impact on 

the target variable: satisfaction, as seen in figure 7. In GeNIe, three distance measures were 

select: Euclidean Distance, J-Divergence, and CDF, and the results are resumed in table 12. 

Additionally, it was decided to opt for normalized widths, to see the highest influence 

between variables.  

When opting for Euclidean Distance and average, as seen in figure 8, it is noticeable 

there is a strong influence between the variables of  the model. The strongest influence is 

between sociodemographic variables: age group and occupation (0.451), education and 

economic status (0.417), and occupation and education (0.323).  

Education is the only sociodemographic characteristic that has an impact on 

satisfaction. Regarding the service attributes that impact satisfaction, the following variables 

have a greater influence: image, price, time, security, and customer support. All these 

conclusions are resumed in tale 12. 

Furthermore, figure 8 also reflects the high effect among the service attribute 

variables: security and cleanliness (0.299), and time and customer support (0.231).  

 

Figure 7: satisfaction antecedents predictive model. 
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If  J-Divergence is chosen, it is possible to observe that the influence of  all variables 

on satisfaction decreases. However, when selecting CDF as a distance measure, the four 

variables maintain the same influence on the target variable, compared with the Euclidean 

Distance. 

Table 12: weight of influence of variables in satisfaction antecedents model. 

Variable Euclidean Distance J- Divergence CDF 

Image 0.214 0.072 0.214 

Price 0.190 0.068 0.190 

Time 0.189 0.073 0.189 

Security 0.169 0.058 0.156 

Customer Support 0.160 0.055 0.152 

Education 0.156 0.048 0.149 

 

When running Sensitivity Analysis, two variables have similar weight in contributing to 

the probability calculation of  satisfaction: time and security, which corroborates the 

Figure 8: satisfaction antecedents predictive model with the strength of influence using 
Euclidean distance and normalized arcs. 
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conclusions of  the Strength of  Influence. Since it was referred in the literature review that these 

variables impact satisfaction, it was decided to remove both variables from the model. The 

goal is to create a new model to analyse the possibility of  emerging new relationships with 

the target variable. 

 

Figure 9: sensitivity analysis for satisfaction antecedents model. 

 

Figure 10 was created using the same algorithm as before, PC (Prototypical 

Constraint-based), and represents the model without time and security variables. By 

removing both variables, that strongly influence the target variable (satisfaction), a new 

relationship with the target variable did not emerge. In the new model, satisfaction is only 

influenced by a few attributes service attributes: image, time, and customer support. When 

removing the two variables most influencing satisfaction, the model’s accuracy drops from 

0.807 to 0.788.  
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Figure 10: sensitivity analysis for satisfaction antecedents model without time and security. 

 

 

4.2.3. Analysis of  Satisfaction states  

This subchapter will make a diagnosis to model results: “Satisfied” and “Others”. 

The goal is to outline the profile globally satisfied or neutral/unsatisfied with the service 

provided by Metro do Porto. 

 

Satisfied 
When choosing the option “Satisfied” in the Satisfaction node and considering the 

variables that have the stronger impact on satisfaction, it is possible to understand the users’ 

profile. Satisfied customers have more probability of  having a high positive image of  the 

metro. Although users belong to the “Others” group, for the price and security variables, i.e., 

they are not satisfied with these variables, they are satisfied with the metro service. Regarding 

variables time and customer support, there is no evident association with satisfaction. 
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Others 

The procedure was repeated, but this time selecting the option “Others” in the 

Satisfaction node, as seen in figure 12. Considering only the variables that have a greater 

impact on satisfaction, individuals who are neutral/unsatisfied with the service, tend to have 

a positive image of  metro. Users who are not considered satisfied with the service also tend 

to be not satisfied (belong to “Others” category) time, security, customer support, and price. 

Figure 11: satisfaction diagnosis for "satisfied" state. 
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Figure 12: satisfaction diagnosis for "others" state. 

 

 

4.2.4. Satisfaction antecedents’ conclusions 
 

This chapter has focused on understanding how antecedents of  satisfaction impact 

on user Satisfaction with the service. It was also possible to understand the profile of  metro 

users.  

Applying Strength of  Influence and Sensitivity Analysis, five service attributes were 

identified as the ones with a strong impact on satisfaction: image, price, time, security, and 

customer support. In addition, education was the sociodemographic attribute found to 

impact satisfaction. These conclusions were used to understand users’ profile (“Satisfied” or 

“Others”) and are resumed in table 13. Six predictive models were developed and compared 

to carry out this analysis, and the PC (Prototypical Constraint-based) was the one with better 

results. 
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Table 13: users' profiles regarding satisfaction. 

   

  Satisfaction state 
  

 V
ar

ia
b

le
s 

  
  

  
  

Variable Others Satisfied 

Image 31% Others 

69% Agree 

10% Others 

90% Agree 

Price 94% Others 

6% Satisfied 

77% Others 

23% Satisfied 

Time 78% Others 

22% Satisfied 

44% Others 

56% Satisfied 

Security 83% Others 

17% Satisfied 

65% Others 

35% Satisfied 

Customer Support 77% Others 

22% Satisfied 

46% Others 

54% Satisfied 

 
 

Education 42% High School 46% High School 

 

 

According to table 13, image is transversal to satisfaction, i.e., regardless of  whether 

they are satisfied or not with the service, users have a positive image of  Metro do Porto. 

Regarding education, there are no significant differences between “Satisfied” or “Others” 

users: most attended only high school.  

When users belong to the category “Others”, they will tend to be not satisfied 

(neutral or unsatisfied) with price, time, security, and customer support. On the other hand, 

when users are “Satisfied” with the service, most end up not being satisfied (neutral or 

unsatisfied) with price, and security. However, they are more satisfied when compared to the 

satisfaction state “Others”. Lastly, it is also possible to notice that, for satisfied users with the 

company, there is no obvious association between satisfaction and time, and satisfaction and 

customer support, as the probability in these variables have a similar distribution in all states. 

 

 

4.3. Satisfaction consequents and users’ profile 
 

This model consists of  satisfaction consequents, namely, loyalty and complaints. The 

goal is to study the relationship between satisfaction consequents and satisfaction. The target 

variable is loyalty since, according to literature, it is a strong indicator of  business success. 

Additionally, sociodemographic characteristics are also a part of  the model, to check if  they 
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have impact on loyalty. Finally, a diagnosis of  loyalty state will be done to perceive the profile 

of  users who feel loyal to the metro company. 

 

4.3.1. Validation of  satisfaction consequents and users’ profile model 
 

Table 14 reflects the evaluation measures for satisfaction consequents model for two 

predictions: data from 2008 to 2015 was used to predict 2016, and data from 2008 to 2016 

was used to predict 2017.   

 

Table 14: evaluation measures from satisfaction consequents models. 

 

According to table 14, both models have similar evaluation measures. Then it is 

important to conduct nonparametric tests to check this observation. All the evaluation 

measures, for both models, were used except F-Score, because it is calculated based on 

precision and recall. Thus, it becomes repetitive and redundant.  

Friedman’s test was applied to check if  there are statistically differences between the 

six models. For a 5% significance level, no significant differences were found for both 

predictions. 

• 2016 prediction: Friedman's  2 (5, n=6) = 5.645, p = 0.343 

• 2017 prediction: Friedman's  2 (5, n=6) = 10.877, p = 0.402 

                                           2016 prediction                                                2017 prediction 
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BS 0.761 0.761 1 0 0.864 0.664 0.753 0.998 1 0.008 0.859 0.665 

PC 0.760 0.762 0.995 0.013 0.863 0.673 0.751 0.982 0.995 0.046 0.856 0.683 

GTT 0.761 0.761 1 0 0.863 0.674 0.751 0.984 1 0.042 0.856 0.677 

TANB 0.763 0.768 0.987 0.050 0.864 0.697 0.757 0.984 0.987 0.075 0.859 0.698 

NB 0.762 0.771 0.978 0.073 0.862 0.684 0.754 0.977 0.978 0.076 0.857 0.686 

 ANB 0.764 0.769 0.986 0.059 0.864 0.698 0.756 0.983 0.986 0.066 0.858 0.697 
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To verify this conclusion, Nemenyi test was employed, and the critical difference 

(CD) was calculated to both predictions, considering a significance level of  5%. Figure 13 

represents the Critical Difference Diagram (CDD) for the 2016 e 2017 predictive models. It 

is noticeable the similarity between the models. Furthermore, they are all within the CD 

range, which corroborates the conclusion taken from the Friedman test.  

For the 2016 prediction, the models with better performance are Augmented Naïve 

Bayes, Tree Augmented Naïve Bayes, and Naïve Bayes, these two with exactly the same 

performance, because they achieved higher ratings. On the other hand, for the 2017 

prediction, Tree Augmented Naïve Bayes is the algorithm with a higher rating, followed by 

Augmented Naïve Bayes and Naïve Bayes. Tree Augmented Naïve Bayes was chosen since it 

has the best performance in both predictive models. 

 

4.3.2. Satisfaction consequents and users’ profile model analysis 
 

The model was built with data from 2008 to 2016, to predict 2017. Loyalty is the 

result of  users' evaluation of  three questions: “I intend to continue to use the metro for my 

travels.”, “Would you recommend Metro do Porto to your friends and family?”, “Do you 

intend to use the Metro in your next trip to a city covered by the network?”. This evaluation 

was performed in a scale from 1 (totally disagree) to 5 (totally agree). Thus, the final value 

of  loyalty corresponds to the average of  the three questions, so it assumes two possible 

states: “Agree” or “Others”, as it was explained in chapter 6.1. The state “Agree” will 

Figure 13: CDD for 2016 (left) and 2017 (right) satisfaction consequents predictions 
models. 
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resemble the possibility for the user to be loyal to the company.  

The system automatically calculated probabilities. Only 25% of  users will be loyal, 

while 75% will be neutral or not loyal to the company. From figure 14, it is clear that all 

variables influence loyalty. 

 

 

 

To investigate which variables, have a bigger impact on Loyalty, Strength of  Influence 

was applied. Three distance measures were used (Euclidean Distance, J-Divergence, and 

CDF), and normalized widths were chosen, to study the highest influence between variables. 

The weight of  the influence of  variables on satisfaction is represented in table 15. 

When selecting Euclidean Distance as the distance measure, the strongest influence 

exists between Education and Economic Status (0.557) and Age Group and Occupation 

(0.498). Loyalty has the strongest influence from Satisfaction, which is a straightforward 

relation since people who are not satisfied usually remain loyal to the service. 

 

 

 

 

 

Figure 14: satisfaction consequents predictive model. 
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When selecting J-Divergence as the distance measure, it is possible to observe that 

the influence of  satisfaction in the variable loyalty decrease. This phenomenon changes when 

choosing as distance measure CDF, since the influence between Satisfaction and Loyalty is 

exactly the same as for Euclidean Distance. 

 

Table 15: weight of influence of variables in satisfaction consequents model. 

 

 

 

Sensitivity Analysis was also applied in this model to study the effect of  small changes 

in numerical parameters on the output. Using this information, it will be possible to identify 

the variables used to calculate the posterior probability distributions over loyalty. Applying 

Sensitivity Analysis, represented in figure 16, it is clear that all variables are coloured in grey, 

which means these variables are not used to calculate the posterior probability distribution 

over loyalty. 

Variable Euclidean Distance J- Divergence CDF 

Satisfaction 0.401 0.198 0.401 

Figure 15: satisfaction consequents predictive model with strength of influence using 
Euclidean distance and normalized arcs. 
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4.3.3. Analysis of  Loyalty states 
A diagnosis will be carried out to model results: “Agree” or “Others”. The aim is to 

outline the profile of  users who feel loyal to the service provided by Metro do Porto.  

 

Others state 

When choosing the option “Others” in the loyalty node and considering satisfaction 

as the variable with stronger impact on loyalty, it is possible to affirm that an individual who 

is neutral or not loyal to the company, has more probability to be satisfied with the service. 

 

Figure 16: sensitivity analysis for satisfaction consequents model. 
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Figure 17: loyalty diagnosis for "others" state. 

 

Agree state 

A similar analysis to the previous one was done, but this time selecting the option 

“Agree”, in the loyalty node. Observing figure 18, loyal users, tend to be highly satisfied with 

Metro do Porto service. 

 

 

Figure 18: loyalty diagnosis for "agree" state. 
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4.3.4. Satisfaction consequences and users’ profile model conclusions 
 

The models were built and compared, and Tree Augmented Naïve Bayes (TANB) 

was proven to be the best predictor for the data. One variable has the most influence on 

loyalty: customer satisfaction. Thus, the user’s profile for both outcomes, “Agree” and 

“Others” was drawn, resulting in the characteristics shown in table 15. 

 

Table 16: users' profiles regarding loyalty. 

  Loyalty state 

  
 V

ar
ia

b
le

s 
  

  
  

  

Variable Others Agree 

Satisfaction 41% Others 

59% Satisfied 

10% Others 

90% Satisfied 

 

When comparing the two states, it is worth highlighting the transversality of  

satisfaction, i.e., whether users feel loyal to Metro do Porto or not, most users continue to 

be satisfied with the service provided. 
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5. Conclusions 
 

This dissertation aimed to investigate customer satisfaction surveys. The first 

approach consisted of  data analysis to understand the metro users, identify the factor related 

to satisfaction, and analyse how the service variables have evolved. The second method 

focused on Bayesian Networks, aiming to delineate users’ profile, according to satisfaction 

and loyalty. 

To conduct both studies, data from ten customer satisfaction surveys, provided by 

Metro do Porto, were aggregated, and transformed, to obtain a consistent dataset. All 

questions were analysed, to check if, on the one hand, it would make sense to include them 

in the analysis, and on the other hand to keep only those that are common to all the surveys. 

It was decided to remove the 2007 survey, as the questions were very different from the other 

questionnaires. Then, there was the need to recode and treat the data. Exploratory factor 

analysis was applied to aggregate the question into service attributes. After data treatment, 

from the initial 16 230 participants and 57 variables, the dataset ended up with 14 971 and 

ten variables. 

When applying data analysis, it was possible to know some characteristics of  the 

users: the majority are female (58%), belong to younger age groups (15-24), have higher 

education or high school completed (71%), and more than half  belong to the medium/high 

economic status. Most (90%) are frequent metro users and have never filed a complaint 

against the service. Additionally, the Pearson correlation revealed a strong correlation 

between image and loyalty, information and time, and accessibility and information. Finally, 

when analysing the evolution of  the service variables over the years, it was possible to 

perceive that all of  them have remained constant. Price is the variable with which users 

register greater dissatisfaction. 

Bayesian Network algorithms (BS, PC, GTT, NB, ANB, TANB) were applied to build 

two perspectives: satisfaction antecedents and satisfaction consequents. These models were 

developed, using data from the past to predict the future: 2016, from 2008 to 2015, and 2017, 

applying data from 2008 to 2016. The models were compared through performance 

measures, nonparametric testes, critical difference, and plot, to reach the best predictor for 

each perspective. 

When studying which variables have an impact on the target variable (satisfaction), 

five variables have emerged as the major influencers: image, price, time, security, customer 
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support, and education. From the satisfaction antecedent’s perspective, the best predictor 

was PC. When examining the user profile, for the two satisfaction outcomes, the main 

differences between “others” and “satisfied” users are that while the first one registers 

dissatisfaction values, in relation to price, customer support, time, and safety, higher than 

“satisfied” individuals. It should also be noted that image is transversal to satisfaction, i.e., 

whether or not individuals are satisfied with the service, they will always have a good image 

of  Metro do Porto. 

Regarding the satisfaction consequent’s perspective, the model chosen was TANB. 

The target variable of  this perspective was loyalty, as satisfied customers tend to want to use 

the service again. Therefore, loyal customers can be a good indicator of  the company's 

profitability. Satisfaction was found as the most prominent variable influencer. When 

analysing users’ profiles, for both Loyalty outcomes, it was found that whether or not users 

feel Loyal to the metro company, users continue to feel satisfied. Although the literature 

mentions an association between complaints and loyalty, i.e., users who do not complain will 

feel loyal to the company, this model does not reflect a strong association between the two 

variables. 

This project had some limitations related to data. Although it had an interesting range 

of  data, following the Likert scale from surveys, the dataset was imbalanced, with the vast 

majority of  users satisfied. Thus, it was decided to do a recode to balance the dataset. 

Furthermore, the loyalty variable also faced a limitation since certain users may be captive 

instead of  option users. So, captive users only use the metro, because they do not find equally 

satisfactory options, and thus, they may bias the concept of  loyalty.  

In future research, customer satisfaction surveys could include a question that would 

distinguishing the type of  users - captive vs option users. Additionally, when working with 

surveys with Likert scales, another recode strategy could be adopted: aggregate the variables 

in more than two categories. This would imply working with models compatible with multi-

class classification. 

It is important to highlight the novelty of  this research, which lies in the combination 

of  data analysis and machine learning techniques to understand and properly approach 

satisfaction surveys, in the area of  public transport, in Portugal.  

All in all, this study provides valuable insights into understanding what aspects of  the 

service have an impact on passengers’ loyalty and satisfaction. This information may help 

public transport providers to create new strategies to continuously improve the service 
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attributes and, consequently, the use of  the public transport system. 
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Appendixes 
 

Appendix I: selected questions from the survey applied by Metro do Porto 
 

Question Initial answer coding 

Do you consider yourself  a regular Metro user? 1- Yes, 2- No, 9- Not answered  

In general, how do you rate the service provided by 

Metro do Porto? 

1 – Very weak, 2 – Weak, 3- Neutral, 4- Good, 5- 

Very good, 9- Not answered 

Discount on monthly passes. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Availability of  customer support agents at stations to 

help when users have questions. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Service punctuality. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Waiting time. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Metro price, compared to the 

remaining alternatives. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information regarding departures and arrivals in 

normal circumstances. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information regarding departures and arrivals in a 

disturbed situation. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Speed and cordiality of  the service provided by the 

customer support agents at the stations. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Presence of  security guards in the metro network. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Frequency of  vehicle breakdowns. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Ticket prices. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Competence/professionalism of  driving Agents 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Ease of  purchasing tickets. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information at stations about zones. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Lighting at stations. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 
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Tariff  defined by zones. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Feeling of  security in vehicles. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Cleaning stations. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Polite and correct behavior of 

customer support agents at stations. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Vehicle cleaning. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Comfort when traveling on the Metro. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Punctuality of  arrivals. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information on the time left until the next metro 

arrives in normal situation. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information on the time until the next metro arrives 

in a disturbed situation. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Vehicle comfort. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Proximity of  the station to your residence. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Accessibility for the disabled. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Ease of  switching lines. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information posted at stations. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Information posted on vehicles. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Punctuality of  metro departures. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Waiting time for line changes. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Feeling of  security in the stations. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

How customer support agents at stations treat 

customers. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

General information inside the vehicles. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 
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Satisfied, 5- Very satisfied, 9- Not answered 

Information in vehicles in case of  disturbance. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Travel time. 1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Satisfied with: service speed and friendliness 

provided at Andante stores. 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Satisfied with: polite and correct behavior of  the 

employees of  Lojas Andante 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

Overall, what is your level of  satisfaction with the 

service provided by Metro do Porto? 

1 – Very dissatisfied, 2- Dissatisfied, 3- Neutral, 4- 

Satisfied, 5- Very satisfied, 9- Not answered 

The metro is beneficial for society. 1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

You intend to continue using the metro on next 

travels. 

1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

The metro is good for the environment. 1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

In the future, more people will travel by metro. 1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

You recommend the Metro do Porto service to your 

friends and family. 

1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

You intend to use the Metro on his next trip to 

locations covered by the network. 

1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

In general, the Metro service it is well provided 1-Totally disagree, 2- Disagree, 3- Neutral, 4- Agree, 

5- Totally agree, 9- Not answered 

In the last six months, have you officially complained 

about the service provided by Metro do Porto? 

1-Yes, 2- No, 9- Not answered 

Sex 1-Male, 2- Female, 9- Not answered 

Age group 1- [15 - 24], 2-[25 - 34], 3- [35 - 44], 4- [45 - 54], 5- 

[55 - 64], 6- [65+], 9-  Not answered 

Level of  education 1-Higher education, 2- High school- 11th/12th, 3- 

3rd Cycle, 4- 2nd Cycle, 5- 1st Cycle, 6- Only read and 

write, 7- Not read and write, 9- Not answered 

Social class 1-A/B - High/medium high, 2- C1 – Medium, 3- 

C2- Medium/low, 4- D – Low, 9- Not answered 

Occupation 1-Company owner, 2- “Quadro superior”, 3- 

“Profissão liberal”, 4- “Quadro médio”, 5- Office 

employee, 6- Trade employee, 7- 

Farmer/fisherman/animal breeder/gardener, 8- 
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Specialized worker, 9- Unskilled worker, 10- Student, 

11- Domestic, 12- Retired, 13- Unemployed (but 

already worked), 14- Unemployed (looking for first 

job), 99- Not answered 
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Appendix II: final dataset, after recoding. 
 

Questions Dimensions Final answer coding 

Service punctuality. 

Waiting time. 

Information on departures and arrivals without 

congestion. 

Punctuality of  arrivals. 

Information on the time remaining until the arrival of  the 

next metro in a normal situation. 

Punctuality of  departures. 

Waiting time at line changes. 

 

 

 

 

Time 

 

 

 

1-Others 

2-Satisfied 

 

 

 

 

The metro is beneficial to society. 

The metro is good for the environment. 

In the future, more people will travel by metro. 

 

Image 

 

1-Others 

2-Satisfied 

 

I intend to continue to use the metro for my travels. 

Would you recommend Metro do Porto to your friends and 

family? 

Do you intend to use the Metro in your next trip to a city 

covered by the network? 

 

Loyalty 

 

1-Agree 

2-Others 

Easy to buy tickets. 

Easy to change lines. 

Accessibility 

 

1-Others 

2-Satisfied 

Information on zones in stations. 

Information displayed at stations. 

Information displayed in vehicles. 

General information inside vehicles. 

 

Information 

 

 

1-Others 

2-Satisfied 

 

Presence of  security guards in the metro network. 

Lighting in stations. 

Feeling of  safety in vehicles. 

 

Security 

 

1-Others 

2-Satisfied 

 

Cleanliness of  the stations. 

Cleanliness of  the vehicles. 

Cleanliness 

 

1-Others 

2-Satisfied 

Availability of  customer service agents at stations to help 

when users have questions. 

Polite and correct behaviour of  customer service agents at 

stations. 

Customer Support 

 

 

1-Others 

2-Satisfied 

 

Price of  the metro, compared to the other alternatives. 

Ticket prices. 

Fare defined by zones. 

 

Price 

 

1-Others 

2-Satisfied 

 

Comfort when travelling on the Metro. Comfort 1-Others 
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Comfort in the vehicles.  2-Satisfied 

In general, how do you evaluate Metro do Porto's service? 

In a global way, how satisfied are you with the service 

provided by Metro do Porto? 

In general, the Metro service is well provided. 

 

Satisfaction 

1-Others 

2-Satisfied 

 

Sex  1-Male, 2- Female 

Age group  1- [15 - 24], 2-[25 - 34], 3- 

[35 - 44], 4- [45 - 54], 5- 

[55 - 64], 6- [65+] 

Level of  education  1-Higher education, 2- 

High school- 11th/12th, 

3- 3rd Cycle, 4- 2nd Cycle, 

5- 1st Cycle, 6- Only read 

and write, 7- Not read and 

write 

Social class  1-A/B - High/medium 

high, 2- C1 – Medium, 3- 

C2- Medium/low, 4- D – 

Low 

Occupation  1-Active, 2- Student, 3- 

Domestic. 4- Retired, 5- 

Unemployed 

 

 

Appendix III: Principal Component Analysis – components to retain 
 

 
 


