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ABSTRACT 
 
The aim of this work is analysing the different perceptions among groups of users on transit 
service quality. We propose a methodology based on a classification and regression tree 
approach (CART) allowing the characteristics mostly influencing overall service quality to be 
identified. The methodology is applied by using data regarding a rail service of the Northern 
Italy, particularly suburban lines connecting different towns of the hinterland of the city of 
Milan. Passengers expressed their opinions about service characteristics such as safety, 
cleanliness, comfort, information, personnel. We found that perceptions about service quality are 
differentiated among the various groups of users. 
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1. INTRODUCTION 
 
Rail transport experienced a rapid decline at the second half of the 20th century, mainly due to 
the developments in road and air transport. At the same time, as privatization of rail operation 
gains pace, commercial considerations also act to promote the use of rail (Brons et al., 2009). 
The EU Transport White Paper explicitly stated that “rail transport is literally the strategic 
sector, on which the success of the efforts to shift the balance (from private to public modes) will 
depend” (CEC, 2001). To achieve this aim, the rail services should offer adequate standards of 
quality to the users. 
An attempt to improve service quality and, consequently, increase the use of the services could 
be represented by the examination of the customers’ experiences on trains and at stations and the 
definition of their perceptions and expectations by conducting passenger satisfaction surveys. 
Developing an understanding of customer service needs is essential for gaining more ridership 
and a modal shift in favour of the rail (Bruhn and Grund, 2000). 
The quality of a rail service is influenced by the quality of several characteristics. These 
characteristics concern different aspects: accessibility, safety, comfort, service, information, 
personnel, etc. So, in order to understand users’ perceptions of the service, it is fundamental to 
collect users’ perceptions about different characteristics. 
Customers’ and journey’s characteristics influence perceptions of the different aspects 
describing rail service quality. Identification of different passenger requirements and service 
expectations for different types of travellers (see for example, MVA, 2007), in addition to 
research into personal characteristics of users (Evans and Wener, 2007) and passenger 
interaction (Harris and Baron, 2004), demonstrates the heterogeneity of passengers. Passenger 
expectations of service aspects also vary across different regions (MVA, 2007). Therefore, the 
heterogeneity presented in passengers’ opinions when they are evaluating service quality is an 
inherent characteristic of this measure. In fact, Stathopoulos and Marcucci (2014) provided an 
in-depth discussion about this issue in their research. 
To analyse this heterogeneity, one possibility is to stratify the sample of users and then build 
specific models, or another possibility is to use methodologies that can consider this 
heterogeneity of perceptions. For example, Bordagaray et al. (2013) used random ordered probit 
models for analysing service quality on a bus transit service, and for identifying variations in 
tastes according to users’ socioeconomic and journey characteristics. In these models, 
parameters are not constants estimated, and systematic variations around the mean have been 
calibrated to account for the effect of these characteristics on the perception. 
Regarding to those that have analyzed heterogeneity through segmentation of the sample, not 
many studies have investigated the differences in users’ perceptions based on the travel habits 
profiles. There is a study which investigates these kinds of heterogeneity (Rail Corporation - 
NSW Government and City Rail, 2009) showing that people travelling to or from work are more 
likely to prioritise improvements in the frequency of services and reductions in travel time than 
those who are travelling for other purposes. There are also interactions between the length of the 
journey, the purpose of the trip, the frequency of train use and the season of the year; all of 
which impact on satisfaction ratings (Passenger Focus, 2007). Starting from these considerations 
about the differences among users, the aim of this paper is to investigate which are the main 
differences in the attributes that most influence passengers when they are making an overall 
evaluation about a public rail service using a novel and powerful methodology for the public 
transport industry. The use of a classification and regression tree approach (CART) (Breiman et 
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al., 1984) is the methodology suggested to investigate about the perceptions of different groups 
of users on the services offered by a rail operator of the North of Italy, with the final aim to 
identify the characteristics mostly influencing the overall service quality perceived by different 
types of users. The users’ profiles are distinguished according to four criteria: the type of user in 
terms of the purpose of the trip by considering commuters travelling for working, commuters 
travelling for studying, and people travelling for other purposes; the type of the day of the 
journey, by distinguishing people travelling during the week, in the days before a holiday, and 
during holidays; the frequency of the use of the service, which allows us to observe the 
difference between users travelling daily, users travelling weekly, and people travelling 
occasionally; the time of the day, according to which travellers were classified as users travelling 
in the off-peak hours, in the morning peak hours, afternoon peak hours, and evening peak hours. 
In the following, there is a literature review of works concerning the analysis of the quality of 
rail service; the review has the aim to explore how researchers analysed rail service quality and 
also which factors were investigated. After the literature review, a section about CART 
methodology is proposed. Before a brief theoretical background of CART, a brief review of the 
methodologies for analyzing customer satisfaction in public transport is proposed in order to 
introduce the CART methodology as an alternative way of dealing with transit service quality. 
Then, the experimental context is presented: the survey conducted for collecting the data is 
described, the characteristics of the sample of interviewed users and the importance and 
satisfaction rates collected during the survey are analysed. After the section about the case study, 
the application of the CART methodology to the experimental data and the results obtained from 
this application are discussed. The paper ends with a general concluding section. 
 
 

2. LITERATURE REVIEW 
 
Service quality of rail services was investigated by many researchers. However, most studies 
about public transport service quality evaluation are based on the analysis of bus services (see 
for example Cirillo et al., 2011; dell’Olio et al. 2010; de Oña, de Oña, Calvo, 2012; de Oña et 
al., 2013; Eboli and Mazzulla, 2008, 2010, 2011, 2012a; Joewono and Kubota, 2007; Nurul-
Habib et al., 2011). In this work, we focus the review only to studies based on railway services 
in order to direct the investigation to a specific type of public transport service. In the following, 
we reported a literature review of some studies conducted for evaluating the quality level of rail 
service and especially for identifying the characteristics mostly influencing the overall service 
quality. 
Cavana et al. (2007) proposed an extension of the well known SERVQUAL instrument 
(Parasuraman et al., 1988) to evaluate passenger rail service quality by adding three new 
transport dimensions (comfort, connection, and convenience). They found, by a regression 
analysis, that assurance, responsiveness and empathy had significant effects on overall service 
quality, but also reliability and convenience. 
The objective of Nathanail (2008) was to present a framework developed for assisting railway 
operators in monitoring the quality of services provided to their passengers. This framework is 
based on the estimation of some indicators concerning itinerary accuracy, system safety, 
passenger comfort, and so on. Itinerary accuracy and system safety have been attributed the 
highest grades. 
Brons et al. (2009) evaluated how important the ‘access-to-the-station’ part of a rail journey is to 
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passengers in their “Overall Satisfaction” with the rail journey, by applying principal component 
analysis and derived importance techniques; they explained the propensity to use rail through a 
regression analysis. They found that satisfaction with the quality of the access to the station is an 
important dimension of the rail journey influencing the “Overall Satisfaction”. 
Cantwell et al. (2009) proposed a multinomial logit model which revealed that passengers of a 
rail service would derive a benefit from an improvement in service reliability and a reduction in 
crowding. 
The study of Rahaman and Rahaman (2009) aimed to focus on the railway transportation sector 
and to develop a model defining the relationship between “Overall Satisfaction” and service 
quality attributes. They found that overall service satisfaction depends on eight distinct service 
quality attributes; the quality of security inside the train mostly dominates service satisfaction. 
Geetika (2010) identified the factors that determine user satisfaction with the quality of services 
provided on railway platforms. Determinants identified through a factor analysis are availability 
and quality of refreshments, effectiveness of information systems, behaviour of railway staff, 
basic amenities provided on platforms, and safety and security. Refreshments and behavioural 
factors are considered the most important by passengers. 
Prasad and Shekhar (2010) evaluated the quality of a rail service by developing a Service 
Quality Management model on the basis of SERVQUAL. Three new dimensions (service 
product, social responsibility and service delivery) are added to the original five SERVQUAL 
dimensions (i.e. assurance, empathy, reliability, responsiveness and tangibles). Service delivery 
and social responsibility are identified as the most important and the least important factor, 
respectively. 
The objective of the research of Saputra (2010) was to find the factors having significant 
influences on customer satisfaction towards a rail service, by identifying the differences among 
groups of users. The author identified six factors having significant influences on customer 
satisfaction for commuter class: information, appearance, service coverage, tangible aspects, 
safety and security, and cost; seven factors for business class: travel time, information, 
scheduling, comfort, tangible, safety and security, and service coverage; and also seven factors 
for executive class: appearance, safety and security, information, comfort, tangible aspects, 
travel time, and cost. In addition, while the commuter class passengers complain on the safety 
and security attribute, for business class it is the information provision that influences the desire 
to complain. 
Agunloye and Oduwaye (2011) evaluated the relationships among factors such as arrival time of 
train, smoothness of ride and cleanliness of the coaches. The study, proposing a statistical 
analysis of the judgments of satisfaction expressed by the passengers, revealed that the service 
was ineffective and inadequate, and that only the arrival time of trains at stations has a 
significant relationship with the passengers’ trip frequency. 
Chou et al. (2011) evaluated how the incorporation of the Quality-Satisfaction-Loyalty  
relationship (Chou and Kim, 2009) into a passenger satisfaction index (PSI) calculation can be 
used to assess the quality of a high-speed rail service. The empirical study concluded that level 
of access to a station and personal space on train are the top-priority quality indicators that need 
to be addressed to improve customer satisfaction and profits. To gain further insight into the 
perceptions by different parties of service indicators, PSI by social-demographic group (e.g., 
age, gender, education level, occupation, marital status, etc.) was analyzed. As an example, 
female passengers over 30 years old, passengers with an education level less than that of high 
school, married passengers, passengers with a monthly income between 40,001 and 70,000 
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Euros, those with a household size less than three, and passengers not in possession of driving 
licenses were the groups who were more satisfied with the services. 
Irfan et al. (2012) investigated passengers’ perceptions about the service quality of a rail 
transport system using a modified SERVQUAL instrument including eight service quality 
constructs (empathy, assurance, tangibles, timeliness, responsiveness, information system, food, 
and safety and security). Results indicated that there is a positive and significant relationship 
among the service quality constructs. Highest and significant correlation is among tangibles and 
empathy. 
Eboli and Mazzulla (2012b) used a structural equation model (SEM) to explore the impact of the 
relationship between global customer satisfaction and service quality attributes, such as safety, 
cleanliness, main and additional services, information, and personnel. The main findings are that 
service characteristics like punctuality, regularity and frequency of runs, and cleanliness have the 
highest positive effect on service quality; while also comfort and information have a notable 
positive effect, personnel and safety have a not very considerable effect. 
 
 

3. METHODS FOR DETERMINING FACTORS INFLUENCING SERVICE 
QUALITY 

 
 

3.1 PRELIMINARY REMARKS 
 
Starting from the studies mentioned in the previous section and by considering also the studies 
oriented to the evaluation of other types of public transport (e.g. bus services) we can conclude 
that transit service quality has been measured by different approaches based on transit users’ 
opinions. There are methods based on traditional customer satisfaction surveys, in which users 
express their opinions by rating the various service characteristics (e.g. Cavana et al., 2007; 
Eboli and Mazzulla, 2007, 2009; dell’Olio et al., 2010; Hensher et al., 2010; Jen et al., 2011; 
Nurul-Habib et al., 2011; Pakdil and Aydin, 2007), and methods based on stated preference 
surveys, in which the importance given by the users to the service attributes is indirectly derived 
by means of exercises of choice based on the stated preferences (Cirillo et al., 2011; Eboli and 
Mazzulla, 2008, 2010; Hensher, 2014; Hensher and Prioni, 2002; Hensher et al., 2003; dell’Olio 
et al., 2011). Most of these models have their own assumptions and pre-defined underlying 
relationships between dependent and independent variables. If these assumptions are violated, 
the model could lead to erroneous estimations of the likelihood of quality of service (de Oña, de 
Oña, Calvo, 2012). In this context, the approach based on a classification and regression tree 
(CART) can solve these inconveniences, being a non-parametric model with no pre-defined 
underlying relationship between the target (dependent) variable and the predictors (independent 
variables). Moreover, looking from the point of view of transport practitioners, CART 
methodology can provide more useful and informative results than other approaches because of 
the “If-then” rules generated from the trees. Every terminal node produces a rule which provides 
a better understanding about the phenomenon being analyzed. Decision rules provide the 
thresholds that a set of attributes should pass for reaching a good “Overall Satisfaction” with the 
service, or on the contrary, the thresholds that a set of attributes should pass for not obtaining a 
poor “Overall Satisfaction” with the service. Practitioners can decide the tool they want to use, 
according to the available resources. Likewise, this methodology provides results that are simple 
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and easy for understanding and interpreting by non-statisticians and non-academical users, due 
to its graphical representation. Also, it should be highlighted that multi-collinearity among 
attributes and the existence of outliers (characteristics defining passengers opinions’ data) are 
not a problem for this methodology. 
A detailed description of CART analysis and its applications can be found in Breiman et al. 
(1984). In the field of transportation, decision trees have been widely applied in road safety 
analysis. For example, Abdel-Aty et al. (2005) analyzed the main factors that affect different 
types of crashes at signalized intersections. Chang and Wang (2006) studied the relationships 
between crash severity and several characteristics related to drivers, vehicles, roads and the 
environment. Likewise, the specific influence of driver’ characteristics into crash severity of an 
accident was investigated by Pakgohar et al. (2011). This methodology has also been used for 
analyzing other aspects of traffic engineering, such as traffic forecasting (Washington and Wolf, 
1997), vehicle emissions (Washington et al., 1997; Hallmark et al., 2002) or transportation 
choice behaviour (Xie et al., 2003).  
Some authors have tested decision trees results with other methodologies. For example, Xie et 
al. (2003) used decision trees, artificial neural networks (ANN) and multinomial logit models for 
predicting work travel mode choice. The results showed that the three methodologies identified 
the same attributes as the most significant for the travel choice, and that the two data mining 
models (decision trees and ANN) offered better performances than the multinomial logit model. 
Pakgohar et al. (2011) used decision trees and multinomial logistic regression for analyzing 
crash severity, and they discovered that decision trees obtained more precise predictions and 
were also simpler and easier to interpret. 
Decision trees have been also adopted for analyzing quality of service in industries different 
from transportation. Huang and Hsueh (2010) analysed the overall service quality satisfaction on 
a refurbishment industry considering 22 items describing the service. In the field of public 
transportation, decision trees are relatively new. Wong and Chung (2007) applied this 
methodology to the sector of air transportation. They investigated the relationships that existed 
between valuable and non-valuable passengers of an airline service with various service quality 
attributes. Concerning the analysis of service quality for transit service, this methodology was 
applied just twice: the first time by de Oña, de Oña, Calvo (2012), who adopted CART for 
identifying the key factors affecting the quality level of a bus service operating in Granada; and 
the second time by de Oña, Eboli, Mazzulla (2012), that applied CART to a rail service in the 
North of Italy. 
 

3.2 CART METHODOLOGY 
 
Decision trees are a data mining technique used to classify and predict a class variable. The 
CART method can be used for both discrete and continuous target variables. When the value of 
the target variable is discrete, a classification tree is developed, whereas a regression tree is 
developed for a continuous target variable. In this study, we used a classification tree because 
the target variable is discrete (the target is passengers’ “Overall Satisfaction” with three levels: 
Poor, Fair and Good), as we can see in the following. 
The development of a CART model begins with all the data concentrated in the root node, which 
is the node located at the top of the tree (e.g. see Figure 1 in which the 7,333 observations are in 
the root node). This root node is divided into two child nodes (the internal nodes created under 
an upper node) on the basis of an independent variable (splitter) that maximizes the “purity” of 
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the child nodes. In this case, the independent variables used in the model as possible splitters are 
the 27 different service characteristics (see Table 2). Then, each child node is recursively split 
until all of them are pure (all the cases are of the same class: Poor, Fair and Good), their “purity” 
cannot be increased or a stopping criteria has been satisfied. For example, Montella et al. (2012) 
fixed as stopping criterion the maximum size of the tree (four levels) in order to find shorter and 
therefore more useful decision rules, with few variables participating in the rule.  
. The most famous splitting index is the Gini Index, which measures the impurity of the node. 
The impurity measure at a node t, I (t), may be defined as follows:  
 
 𝐼(𝑡) = 1 − ∑ )!!

!
*
"#

$%&  (1) 

in which J is the number of classes in the target variable, ni is the number of cases belonging to 
the class i, and n is the total number of cases. If a node is “pure”, all the observations in the node 
belong to one class, and the Gini Index or I(t) will be equal to zero. We find maximal impurity at 
a node, and therefore maximal Gini index, when all the classes are equally likely. 
Then, we can define the split criterion based on the Gini Index as the Gini reduction criterion, 
which measures the “worth” of each split in terms of its contribution toward maximizing the 
homogeneity through the resulting split. A set of candidate split rules is evaluated and ranked 
during the tree growth. If a split results in splitting one parent node into B branches, the “worth” 
of that split may be measured as follows: 
 

 𝑊𝑜𝑟𝑡ℎ = 𝐼	(𝑃) −	∑ 𝑃(𝑏) ∗ 𝐼(𝑏)'
(%&  (2) 

 
where I(P) denotes the Impurity of the parent node, P(b) denotes the proportion of observations 
in the node assigned to a branch b and I(b) denotes the impurity of the node b. 
Following this procedure, the maximal tree overfitting the data is created. To decrease its 
complexity and create simpler trees, pruning is realized according to a cost-complexity 
algorithm, which is based on removing the branches adding little to the predictive value of the 
tree. After pruning a branch, if the increase in the misclassification cost is sufficiently lower than 
the decrease in the complexity cost, the branch will be pruned, and a new tree will be created. 
The last step is to select an optimal tree from the pruned trees. Using the misclassification cost 
on the testing dataset (or an independent dataset), the optimal tree is the one having the least 
misclassification cost. 
One of the methods used for validating the predictive accuracy of the tree model is the k-fold 
cross validation. Normally, the validation method consists on taking the complete dataset used 
for the analysis and dividing it into two subsets of data: the training data and the testing data. 
The training data is used for learning the sample, splitting the nodes and growing the tree, while 
the testing data is used to extract the precision rate of the model. However, the k-fold cross 
validation is the most practical validation method in limited data situations (Witten and Frank, 
2005). At this, you decide a fixed number of folds (k), or partitions of data. It uses the whole 
dataset, and randomly divides the sample into k subsets. Sequentially, each subset is used as a 
testing set, for the tree model generated by the remainder k-1 subsets that have been used for 
training. That is to use k-1 folds for training and one fold for testing, and repeat the procedure k 
times so that, at the end, every instance has been used exactly once for testing. Thus, different k 
models are obtained, in which the accuracy of the classification is calculated. Finally the k 
accuracy indicators are averaged to yield an overall accuracy value. 
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Compared to the other modeling methods, CART has the advantage that it is presented as easily 
understandable visual branching images providing effective “If-Then” rules. Every leaf of the 
decision tree corresponds to a decision rule that extracts very useful information about the data. 
It is a logic conditional structure starting in the root node with “If”, continues with every 
variable that takes part in the tree growing making an “If” of the rule, and ends in the child nodes 
with “Then”, in which is associated the class of the target variable that shows the highest number 
of cases in the child node analyzed. The method has some advantages compared to models based 
on choice probability because choice probability cannot be calculated analytically since the 
integral does not have a general closed form and the exact maximum likelihood estimation is not 
possible. In fact, the probability is usually approximated through simulation (Bhat, 2001, 2003; 
Bastin et al., 2006). Most of these kind of models have their own model assumptions and pre-
defined underlying relationships between dependent and independent variables; so, if these 
assumptions are violated, erroneous estimations could be obtained. Non-parametric models, like 
CART methodology, with no pre-defined underlying relationship can solve these limitations. 
Another valuable outcome provided by CART analysis is the value of the standardized 
importance of independent variables, which reflects the impact of such predictor variables on the 
model. 
 
 

4. EXPERIMENTAL CONTEXT 
 
The service quality of a railway service operating in the North of Italy, and specifically in the 
city of Milan, was investigated in this research work. We analysed the services offered by 9 
suburban lines connecting towns of the hinterland of Milan. The lines are used by about 200,000 
passengers per day. As many as 7,333 users (sample rate of about 4%) were interviewed in the 
month of May 2012. The interviews were conducted on board during one week in a time slot 
between 6.00 a.m. and 10.00 p.m. 
The questionnaire was structured into two main sections. In the first section, data concerning 
general information (e.g. time period of the interview, train, line, station, and operator), socio-
economic characteristics (e.g. gender, age, qualification, professional condition, and income), 
and travel habits (e.g. trip scope and frequency, and type of ticket) were collected. The second 
section is specific to passengers’ perceptions of the used services; users expressed importance 
and satisfaction rates, on a cardinal scale from 1 to 10, about 27 service quality factors 
concerning safety, cleanliness, comfort, service, information, personnel and other. Other authors 
have used the same scale in their studies, such us Huse and Evangelho (2007), Oyewole (2001), 
Chou and Kim (2009), Chou et al. (2011) and Paquette et al. (2012). 
The sample is made up of more of females (54.2%) (see Table 1). Most of the passengers are 
aged between 16 and 25 (40.5%), and another considerable part is represented by people aged 
between 26 and 40 (33.1%). The major part of the sampled people are students (38.1%) and 
employees (37.7%). More than half of the sample had obtained a diploma of upper secondary 
school, and almost 30% has a university degree. More than one fifth of the sample did not give 
any kind of information about the income, while about 40.0% has not a fixed income; people 
stating their monthly income mainly belong to a class between 1,001 and 1,500 Euros. 
Passengers travel by train mainly for reaching the place of work or study (73.2%). Most of the 
sample travels by train every day (61.9%), but about 24% of passengers travel occasionally. 
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People mainly purchase a travel card (74.7%), and about 25% travel using a one-way ticket. 
Commuters workers (32.3%) and commuters students (27.3%) represents more than a half of the 
sample. Most part of the sample travel in a weekday (84.6%) and in the off-peak hours (30.7%). 
 

 
Table 1 Sample characteristics 

 
Table 2 shows the importance and satisfaction rates expressed by the passengers, as well as a 
coded named for the 27 items used in the survey. They judged most of the attributes (14 out of 
27) as very important (showing an average rate of importance around 8 and 9 out of 10); the 
attributes considered as the most important are the three attributes concerning travel safety. The 
attributes considered relatively less important are: bicycle transport on board (6.00), parking 
(7.04), info connection with public transport (7.33), and complaints (7.48). On the other hand, 
the average satisfaction rates suggest that people are not very satisfied with the service (average 
rate of satisfaction on the overall service of 5.81), in fact only nine attributes out of 27 have an 
average rate higher than 6. The service characteristics considered as the most satisfactory safety 
and personnel; all the other characteristics are judged as not satisfactory.  
 

Table 2 Importance and satisfaction rates 
 
 

5. APPLICATION OF THE CART 
 
We applied the CART methodology to the rail service described above by using WEKA 
software (available at: http://www.cs.waikato.ac.nz/ml/weka/). We have considered different 
groups of users according to four criteria: the type of the user depending on the type of user, the 
type of the day of the journey, the frequency of the use of the service and the time of the day of 
the journey. These criteria were selected for investigating on the main differences on passengers’ 
perceptions according to their travel habits profiles, due to not many studies have researched on 
this issue, and strong reflections could be extracted.  
 
So, in the following the results of different applications will be described. We firstly applied the 
CART to all the 7,333 passengers of the analysed suburban lines. Afterwards, we applied the 
CART to the users classified according to the four different criteria. 
For all the models, 27 attributes describing the service were used as independent variables. To 
find out more applicable decision rules, the target variable (overall SQ) and the independent 
variables were re-coded in a reduced semantic scale. It was a three semantic scale comprising the 
rates from 1 to 4 as POOR, from 5 to 7 as FAIR, and from 8 to 10 as GOOD1. 
For all the groups, CART used a 10-fold cross-validation of the sample for obtaining the 
precision ratio (Witten and Frank, 2005) of the categorization of the variable class. All the 
generated trees obtained high rates, from about 76% to 79%. 
The precision rate for the global sample of the suburban service is 78.15% (Table 3). For the 
global sample, the tree produced 5 levels, 19 nodes and 10 terminal nodes. The variable that 

 
1 We would like to point out here, that if we had used another recodification of the variables, it would be possible 
that the trees have changed. However, we believe that the recodification used here is reasonable from the 
practitioners and transport planners point of view. 
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splits the root node and obtains the maximum purity of the two child nodes (this split achieves 
the best “worth”) is FARE (see Figure 1). 
 

Figure 1 CART for suburban lines 
 
On the left branch of the tree there are the passengers having a POOR satisfaction with FARE; it 
is predicted five terminal nodes (7, 8, 10, 13, and 14), where the “Overall Satisfaction” will be 
POOR or FAIR. This implies that when a passenger has a POOR satisfaction with FARE, his/her 
“Overall Satisfaction” with the service probably will never be GOOD. Under Node 1, the tree 
grows according to different splitters as INFO STATION, REGULARITY, CLEAN SEATS, 
and SECUR BOARD. 
On the right branch, there are the passengers having a satisfaction higher than POOR with 
FARE. In this case, there are 5 terminal nodes (5, 11, 16, 17 and 18) and their prediction of the 
“Overall Satisfaction” is FAIR or GOOD. If REGULARITY and FARE are considered with a 
satisfaction higher than FAIR, the probability to have a GOOD “Overall Satisfaction” increases 
with regard to the previous parent nodes (Node 12, 55.3% of probability), and two terminal 
nodes classified as GOOD can be achieved (Node 16 and Node 18, with probabilities of 67.5% 
and 55.9% respectively). 

 
Table 3 Importance for users of suburban lines and for users classified according to the four 

criteria (type of user; day of the trip; frequency of the trip; time of the trip) 
 
The main key factors for the global sample are REGULARITY, PUNCTUALITY and CLEAN 
VEHICLES (see Table 3). These results agree with the study of Eboli and Mazzulla (2012b), in 
which a Structural Equation Model (SEM) was applied to the same service (survey carried out in 
2011) for analysing rail service quality. SEM is a well-known parametric methodology 
combining regression, factor analysis and analysis of variance (Bollen, 1989) and it has been one 
of the most popular techniques applied for analyzing service quality in public transportation, due 
to the possibility of considering both unobserved latent construct and observed indicators, and 
the relationship among them is revealed. The factors identified in this paper (Eboli and 
Mazzulla, 2012b) as the most influencing passengers’ “Overall Satisfaction” were those related 
with Service and Cleanliness, and particularly, regularity and punctuality of the runs, and 
cleanliness of vehicles and seats. It should be highlighted that both methodologies (decision trees 
and SEM) have identified the same attributes as the most important for the rail overall service 
quality, testing the reliability and validity of the approach presented in this paper.  
Three different trees were built according to the type of user: “Commuter Workers”, “Commuter 
Students” and “Others”. The precision achieved in each of these trees is high and similar to the 
one obtained with the global sample (see Table 3). 
 

Figure 2 CART for users classified according to the type of user (“Commuter Workers”) 
 
The variable splitting the root node is different in each one of the three cases. For “Commuter 
Workers” the splitter is FARE, as well as in the tree built using the total sample (see Figure 2); 
for “Commuter Students” the root node is divided into two child nodes based on the 
PUNCTUALITY, while the tree built for “Others” starts growing with WIND AND DOORS. As 
an example, in Figure 2, the tree derived for the “Commuter Workers” group is shown. This tree 
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generated 13 nodes and 7 terminal nodes. When FARE, INFO STATIONS, REGULARITY and 
CLEAN SEATS are perceived with a POOR satisfaction, the probability of having a POOR 
“Overall Satisfaction” is quite high (80.5% at Node 11). On the other hand, when FARE and 
COURTESY BOARD have a satisfaction higher than FAIR, also the “Overall Satisfaction” 
probably will be GOOD (Node 10). This could be explained because they frequently travel, so 
trip Fare takes a considerable amount of money of their monthly income, producing good 
satisfaction when it is good. Also, due to their frequency of use, they are who most suffer 
impolite or incompetence staff.  
The most important attributes are also different among the three categories of users (Table 3). 
For “Commuter Workers” and “Others” the most important attribute is REGULARITY. For 
“Commuter Students”, however, the most important attribute is FARE. For the category 
“Others” the attribute FREQUENCY is very important; however, this is not a relevant attribute 
for the other two groups, maybe because they know well the timetable of the service and worry 
about other aspects of the service. 
The trees obtained by classifying the users according to the different type of day of the journey 
have high and similar precisions around 77% (Table 3). Figure 3 shows that FARE is the splitter 
for the root node of “Weekdays”. 
 

Figure 3 CART for users classified according to the day of the trip (“Weekdays”) 
 
It should be remarked that the group “Weekdays” includes most of the sample (84.6%), and the 
variable splitting the root node is also FARE in the tree built with the global sample (see Figure 
1). This splitter divides the tree into two branches. On the left, there are the passengers with a 
POOR satisfaction with FARE, and 7 terminal nodes (7, 10, 14, 15, 16, 19 and 20) were 
produced predicting a POOR or FAIR “Overall Satisfaction”. On the right branch, when FARE, 
REGULARITY and INFO BOARD have a satisfaction higher than FAIR, also the “Overall 
Satisfaction” will probably be GOOD. In this case, people travelling on weekdays comprise 
most part of the sample that travel for working or studies purposes, with a high frequency of use 
of the system. For this reason, good FARE, REGULARITY and INFO BOARD become 
essential for a good “Overall Satisfaction”. INFO BOARD could be considered as not important 
for frequent passengers, but those passengers more than sporadic ones, are who really suffer 
from unexpected changes, delays, etc. 
The tree built for the “Days before holiday” begins growing with COURTESY STATIONS. In 
this tree a small part of the sample has a GOOD “Overall Satisfaction” (only 8%) and no node 
predicts a GOOD satisfaction. For the group “Holidays”, the tree starts splitting with FARE. 
This attribute has been also identified as the most important attribute (see Table 3). 
Table 3 shows that the most important variables are different for each group. For “Weekdays”, 
many variables have a great impact on the prediction of the “Overall Satisfaction”, but the most 
important is REGULARITY, followed by PUNCTUALITY and COURTESY BOARD; people 
travelling in the weekdays give more importance, as expected, to the peculiar aspects of a transit 
service. For the group “Days before holiday” and also for “Holidays”, few variables have 
importance. As an example, COURTESY STATIONS, COURTESY BOARD, and SAFETY 
have a strong impact for “Days before Holiday” group, which includes people not travelling 
every day for which more qualitative aspect could be important. Finally, for the group 
“Holidays” the most important variable is the FARE. 
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All the trees obtained by classifying the users according to the different frequency of the journey 
have high precision rates, higher than 77% (see Table 3). The variable splitting the root node is 
different in each case. For users travelling daily, the splitter is FARE, for users travelling weekly 
is REGULARITY, and for users who travel occasionally, the variable achieving the best 
classifications is COURTESY BOARD. 
 

Figure 4 CART for users classified according to the frequency of the trip (“Daily”) 
 
For the “Daily” group, which is the largest group (61.9% of the users), the tree generated 5 
levels, 25 nodes and 13 terminal nodes (Figure 4). When FARE, and also INFO BOARD have a 
POOR satisfaction, the probability of having a POOR “Overall Satisfaction” increases with 
regard to the previous parent nodes (Node 3, 60.7% of probability). If COURTESY BOARD 
also has a POOR satisfaction, terminal Node 7 is created with a prediction of the “Overall 
Satisfaction” as POOR (80.6% of probability). Also if COURTESY BOARD is higher than 
POOR, but REGULARITY and WIND AND DOORS are POOR, the prediction of the “Overall 
Satisfaction” will be POOR (Node 19, 72.2% of probability). On the other hand, when FARE 
and COURTESY BOARD are higher than FAIR, the probability of having a GOOD “Overall 
Satisfaction” is higher with regard to the previous parent nodes (Node 12, 57.6% of probability). 
For the “Weekly” group, a small tree was created with only 3 terminal nodes: one node predicts 
a POOR “Overall Satisfaction”, while the other two a FAIR “Overall Satisfaction”. This tree 
only splits according to the REGULARITY and COMPLAINTS. When these two variables are 
POOR, the “Overall Satisfaction” also will be POOR. The tree built for passengers occasionally 
travelling is different from the other two groups. In this case there are 5 terminal nodes. When 
passengers judge COURTESY BOARD as POOR, the probability of having a POOR “Overall 
Satisfaction” is high (55.8 % of probability); on the other hand, to increase the probability that 
users have a GOOD satisfaction with the service, not only COURTESY BOARD must be higher 
than POOR, but also FARE and CLEAN VEHICLES should be higher than FAIR. 
For users travelling daily, the most important variables are linked to both more qualitative and 
less qualitative service aspects (COURTESY BOARD, REGULARITY and INFO BOARD) 
(see Table 3). For users travelling weekly the most important variable is INFO STATIONS, 
followed by WIND AND DOORS and REGULARITY; for this kind of users the aspects linked 
to the information provided to users are more relevant because they have less knowledge of the 
service than the habitual users and need information for travelling. However, passengers 
travelling occasionally only focus on the COURTESY BOARD, COURTESY STATIONS and 
FARE; this group of users prefers to make sure that they have a good treatment from the 
personnel while travelling and they are less interested in other aspects of the service. 
Finally, four different trees were built according to the time of the trip: “Off-peak hour”, 
“Morning peak hour”, “Afternoon peak hour”, and “Evening peak hour”. The precision rates of 
the trees have high and similar values, over 75.9% (Table 3). 
For “Off-peak hour” and “Afternoon peak hour” groups, the first splitter is FARE. For “Morning 
peak hour” group the first splitter is AIR CONDIT, and for the “Evening peak hour” group is 
COURTESY BOARD. 
 

Figure 5 CART for users classified according to the time of the trip (“Afternoon peak hour”) 
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The tree built for “Off-peak hour” divides on the one side the passengers that have a POOR 
satisfaction with FARE and “Overall Satisfaction” will not be GOOD, and on the other side 
those with a FAIR or GOOD satisfaction with FARE, and “Overall Satisfaction” will be FAIR or 
higher. From the tree for “Morning Peak hour”, if AIR CONDIT is higher than POOR, and 
FARE and BICYCLE BOARD have a satisfaction higher than FAIR, the probability of having a 
GOOD “Overall Satisfaction” is high (78.1%). The tree built for the “Evening peak hour” group 
only created two terminal nodes; when COURTESY BOARD is considered as POOR, also the 
“Overall Satisfaction” will be POOR, with a probability of 64.8%. 
The “Afternoon peak hour” group produces a tree with 17 nodes and 9 terminal nodes (see 
Figure 5). The root node is split based on FARE. When FARE is POOR and also INFO BOARD 
is POOR, the probability of having a POOR “Overall Satisfaction” increases with regard to the 
previous parent nodes (Node 3, 59.6% of probability), and depending on other variables as 
splitters (as COURTESY STATIONS, FREQUENCY, and CLEAN VEHICLES) the terminal 
nodes are created. On the other side, the probability of having GOOD “Overall Satisfaction” 
increases with regard to the previous parent nodes (Node 10, 59.4% of probability) when FARE 
is considered higher than POOR, and PUNCTUALITY and PRICE INTEGR have a satisfaction 
higher than FAIR. 
COURTESY BOARD is the most important variable for “Morning peak hour” and “Evening 
peak hour” groups. FARE has a high importance in the “Morning peak hour”. In the “Off-peak 
hour” REGULARITY is the most important because in that period of the day the number of runs 
is not very high and people need a more regular service; finally, in the “Afternoon peak hour” 
the FREQUENCY is in the first position. 
 

6. CONCLUSIONS 
 
In this paper, we demonstrated that CART methodology can be very useful for analysing transit 
service quality and for verifying the main differences in users’ perceptions about the services. 
The main advantage of this methodology is the high usefulness of its results for transport 
practitioners: it provides more informative outcomes than other most popular techniques widely 
applied for analysing service quality in public transportation; the model results are simple and 
easily understable (due to the graphical representation); they provide powerful “If-then” rules, 
that could help transport planners to formulate adequate strategies to manage their budget and 
resources limitations; the most important variables for predicting the “Overall Satisfaction” are 
easily found, etc. 
For this reason, we applied CART to different groups of users of a suburban rail service of the 
North of Italy, classified according to the type of users, the day of travel, the frequency of use, 
and the time of travelling during the day. The service aspects mostly influencing the overall 
service quality at each of these groups and for the overall sample, were identified and the overall 
quality of the service was predicted with a high precision rate (from about 76% to 79%). 
The factors retained as most important by the overall sample were the factors linked to regularity 
and punctuality of the runs. However, also some more qualitative aspects have a high influence 
for the users (e.g. cleanliness of vehicle and the seats, windows and doors working, information 
on board, complaints, courtesy and competence on board). Similar results were found by Eboli 
and Mazzulla (2012b), in which, by applying a structural equation model for analyzing service 
quality in the same railway service, similar variables were identified as having the highest 
influence over the “Overall Satisfaction”. Likewise, the trustworthiness of decision trees has 



de Oña J., de Oña R., Eboli and Mazzulla 15 

been proved by different authors (e.g. Xie et al., 2003), who highlighted that decision trees had 
the ability to identify the most important independent variables of the model (as did other most 
popular methodologies), and that they achieved good performances of the model (high precision 
rates). 
By analysing different groups of users, we found that passengers have different preferences 
based on their belonging to a specific group; each group considers as important different service 
aspects. The variable that splits the root node in most of the cases is FARE. This is the splitter 
variable for the case in which we considered the whole sample, but it is also the splitter variable 
of at least one group regarding each criterion of classification, usually for the largest groups 
inside of each criterion because it is the closest to the whole sample. The trees help to identify 
the variables mostly influencing service quality and to predict the level of “Overall Satisfaction” 
starting from the satisfaction of the users with each one of the service characteristics.On the 
other hand, there is a set of variables (CLEAN TOILET, CROWDING, LOCALIZAT and 
PARKING) that have not been used as splitters for building the trees across the different 
segments of users, and also they have not been identified as key factors for their “Overall 
Satisfaction”. So, it can be considered that these variables have a low influence when a 
passenger is evaluating the railway service. 
Another interesting finding is that the factors identified by the models as the most important for 
the travellers (REGULARITY, PUNCTUALITY and CLEAN VEH), in the case of the global 
sample (see Table 3), are not the same as those stated by the travellers during the survey 
(SECUR BOARD and SECUR STATION) (see Table 2). Such as factors related with safety 
were stated by users as the most important, while in the model they were not identified as key 
factors, neither for the whole sample nor across segments of passengers. Likewise, while users 
stated CLEAN TOILET as highly important, it was one of the variables less influent across the 
models, despite of receiving the lowest satisfaction rate. On the other hand, COURTESY 
BOARD was not stated by users with one of the highest importance rates, but it was derived as 
one of the three most relevant variables in quite a few segments of passengers. This proves that 
the importance of the variables stated by the users can fail to identify the real key factors of the 
passengers’ “Overall Satisfaction”, as other previous studies have also pointed out (Weinstein, 
2000; de Oña, de Oña, Calvo, 2012). 
Therefore, the findings arising from the application of the CART methodology could be very 
useful for service operators and policy makers to identify the strategy to be adopted for the 
improvement of the service by considering the different market segments. Once they know the 
preferences and needs of specific groups of passengers whose loyalty are seeking, they will be 
able to perform more successful interventions. 
However, not all are advantages. CART methodology presents some limitations (Chang and 
Wang, 2006): CART always produces binary trees; unlike other parametric models, CART does 
not provide a confidence interval or probability level to the splitters and predictions in the 
model; in addition, tree models could be unstable, and the structure and accuracy of the models 
generated could change depending on the strategy followed for stratifying the sample in the 
training and testing subsets. In addition, while other methodologies have the ability to identify 
variations in the effect of some variables over users’ perceptions (i.e. the random ordered probit 
model used by Bordagaray et al., 2013), for CART methodology this heterogeneity has to be 
studied by segmentation of the sample.  
In future research, the results of this paper could be validated and compared with the outcomes 
obtained by using other algorithms for building decision trees (such as C5.0 algotrithm), in order 
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to identify the most important attributes and more powerful decision rules when the variables 
inducing them are coincidential in both algorithms. Moreover, service quality could be predicted 
by regression trees, forecasting a value of the overall quality and not a classification of this 
quality. 
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Table 1 Sample characteristics 
Characteristics Statistics 
1.Gender Male (45.8%), female (54.2%) 
2.Age 16-25 (40.5%), 26-40 (33.1%), 41-65 (22.4%), > 65 year-olds (4.0%) 
3.Professional condition employee (37.7%), manager (1.6%), entrepreneur (1.3%), freelancer (5.2%), self-

employed worker (4.9%), unemployed (4.1%), student (38.1%), housewife (2.1%), 
pensioner (4.3%), other (0.7%) 

4. Monthly income level <= 1,000 (9.6%), 1,001-1,500 (14.5%), 1,501-2,000 (7.4%), 2,001-3,000 (3.8%), 3,001-
4,000 (1.3%), > 4,000 Euros (1.5%), no fixed income (39.5%), no answer (22.5%) 

5.Qualification University (28.9%), upper secondary school (55.6%), lower secondary school (14.0%), 
primary school (1.6%) 

6.Scope of journey Work (40.4%), studying (32.8%), bureaucratic activities (3.6%), personal activities 
(20.6%), tourism (2.6%) 

7.Frequency of journey Daily (61.9%), weekly (14.5%), occasionally (23.6%) 
8.Type of ticket One-way ticket (25.3%), travel card (74.7%) 
9. Type of User Commuter Workers (32.3%),Commuter Students (27.3%), Others (40.4%) 
10. Day of the trip Weekdays (84.6%), days before holidays (8.2%), holidays (7.2%) 
11. Time of the trip Off-peak hour (30.7%), morning peak hour (18.8%), afternoon peak hour (29.4%), 

evening peak hour (21.1%) 
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Table 2 Importance and satisfaction rates 
Service 
aspect 

Service quality attribute CODE Importance rate Satisfaction rate 

Safety 1. Travel Safety SAFETY 8.98 7.43 
 2. Personal Security on Board SECUR. BOARD 9.01 6.76 
 3. Personal Security at Station SECUR. STATION 9.00 6.48 
Cleanliness 4. Cleanliness of Vehicles CLEAN VEH 8.43 5.32 
 5. Cleanliness of Seats CLEAN SEATS 8.48 5.22 
 6. Cleanliness of Toilet Facilities CLEAN TOILET 8.26 4.44 
 7. Cleanliness of Stations CLEAN STATION 7.96 5.53 
 8. Maintenance of Stations MAINTEN STATION 7.82 5.49 
Comfort 9. Crowding on Board CROWDING 8.01 5.33 
 10. Air-conditioning on Board AIR CONDIT 8.09 5.41 
 11. Windows and Doors Working WIND AND DOORS 7.95 5.74 
Service 12. Fare/Service Ratio FARE 8.39 5.17 
 13. Frequency of Runs FREQUENCY 8.41 6.12 
 14. Punctuality of Runs PUNCTUALITY 8.69 5.52 
 15. Regularity of Runs REGULARITY 8.53 5.80 
 16. Price Integration with PT PRICE INTEGR 7.54 5.95 
 17. Localization of Stations LOCALIZAT 7.84 6.65 
Other 18. Parking PARKING 7.04 5.49 
 19. Bicycle Transport on Board BICYCLE BOARD 6.00 6.03 
 20. Facilities for Disabled FAC.DISABLED 7.91 5.25 
Information 21. Information at Stations INFO STATION 8.04 5.72 
 22. Information on Board INFO BOARD 8.00 5.45 
 23. Complaints COMPLAINTS 7.48 5.17 
 24. Info Connections with PT INFO CONNECT 7.33 5.26 
Personnel 25. Courtesy and Competence on Board COURTESY BOARD 7.92 6.67 
 26. Ticket Inspection TICKET INSP 7.68 6.20 
 27. Courtesy and Competence in Station COURTESY STATION 7.91 6.38 
 Overall service   5.81 
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Figure 1 CART for suburban lines 

 



de Oña J., de Oña R., Eboli and Mazzulla 24 

Table 3 Importance for users of suburban lines and for users classified according to the four 
criteria (type of user; day of the trip; frequency of the trip; time of the trip) 

 
Criteria of 
Classification Category of User Independent Variable Normalized 

Importance 

SUBURBAN LINES 
(n. obs. 7,333; prec. rate 78.15%) 

Regularity of Runs 100.0% 
Punctuality of Runs 93.7% 
Cleanliness of Vehicles 86.6% 

TYPE OF USER 
(n. obs. 7,333) 

COMMUTER WORKERS 
(n. obs. 2,371; prec. rate 78.87%) 

Regularity of Runs 100.0% 
Information at Stations 93.7% 
Information on Board 93.4% 

COMMUTER STUDENTS 
(n. obs. 2,000; prec. rate 77.60%) 

Fare/Service Ratio 100.0% 
Courtesy and Competence on Board 84.7% 
Windows and Doors Working 78.6% 

OTHERS 
(n. obs. 2,962; prec. rate 77.28%) 

Regularity of Runs 100.0% 
Complaints 81.6% 
Frequency of Runs 80.4% 

DAY OF THE 
TRIP 
(n. obs. 7,333) 

WEEKDAYS 
(n. obs. 6,207; prec. rate 76.83%) 

Regularity of Runs 100.0% 
Punctuality of Runs 96.3% 
Courtesy and Competence on Board 85.9% 

DAYS BEFORE HOLIDAY  
(n. obs. 600; prec. rate 77.50%) 

Courtesy and Competence in Station 100.0% 
Courtesy and Competence on Board 96.6% 
Travel Safety 80.2% 

HOLIDAYS 
(n. obs. 526; prec. rate 76.43%) 

Fare/Service Ratio 100.0% 
Personal Security at Station 66.5% 
Frequency of Runs 60.1% 

FREQUENCY 
OF THE TRIP 
(n. obs. 7,333) 

DAILY 
(n. obs. 4,542; prec. rate 77.41%) 

Courtesy and Competence on Board 100.0% 
Regularity of Runs 99.3% 
Information on Board 94.5% 

WEEKLY 
(n. obs. 1,064; prec. rate 77.63%) 

Information at Stations 100.0% 
Windows and Doors Working 92.4% 
Regularity of Runs 87.2% 

OCCASIONALY 
(n. obs. 1,727; prec. rate 77.53%) 

Courtesy and Competence on Board 100.0% 
Fare/Service Ratio 93.2% 
Courtesy and Competence in Station 77.9% 

TIME OF THE 
TRIP 
(n. obs. 7,333) 

OFF-PEAK HOUR 
(n. obs. 2,250; prec. rate 76.22%) 

Regularity of Runs 100.0% 
Cleanliness of Vehicles 99.8% 
Windows and Doors Working 99.6% 

MORNING PEAK HOUR 
(n. obs. 1,382; prec. rate 76.19%) 

Courtesy and Competence on Board 100.0% 
Fare/Service Ratio 99.1% 
Courtesy and Competence in Station 94.4% 

AFTERNOON PEAK HOUR 
(n. obs. 2,154; prec. rate 75.90%) 

Frequency of Runs 100.0% 
Punctuality of Runs 95.7% 
Regularity of Runs 95.3% 

EVENING PEAK HOUR 
(n. obs. 1,547; prec. rate 77.96%) 

Courtesy and Competence on Board 100.0% 
Courtesy and Competence in Station 81.7% 
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Figure 2 CART for users classified according to the type of user (“Commuter Workers”) 

 
 
  



de Oña J., de Oña R., Eboli and Mazzulla 26 

Figure 3 CART for users classified according to the day of the trip (“Weekdays”) 
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Figure 4 CART for users classified according to the frequency of the trip (“Daily”) 
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Figure 5 CART for users classified according to the time of the trip (“Afternoon peak hour”) 
 

 


