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Abstract: Due to the perishable nature of tourist products, which impacts supply and demand, the
possibility of analysing the relationship between customers’ satisfaction and service quality can
contribute to increased revenues. Machine learning techniques allow the analysis of how these services
can be improved or developed and how to reach new markets, and look for the emergence of ideas to
innovate and improve interaction with the customer. This paper presents a decision-support system
for analysing consumer satisfaction, based on consumer feedback from the customer’s experience
when transported by a transfer company, in the present case working in the Algarve region, Portugal.
The results show how tourists perceive the service and which factors influence their level of satisfaction
and sentiment. One of the results revealed that the first impression associated with good news is what
creates the most value in the experience, i.e., “first impressions matter”.

Keywords: customer satisfaction; sentiment analysis; tourism transport; machine learning techniques;
OLAP; data mining; business analytics

1. Introduction

To overcome the challenges posed by today’s society, business intelligence (BI) tools,
coupled with the use of data mining (DM) techniques, can increase our understanding of
business operations. These tools and techniques can make companies more competitive.
They can also ensure the survival and profitability of organisations by discovering new
customer insights and innovating to meet actual or desired customer needs [1].

Multimodal technologies refer to all technologies, combining features extracted from
different modalities (text, audio, image, etc.). They can be applied and explored in sev-
eral fields, including transportation or trip planning, involving the analysis of customer
behaviour and satisfaction [2]. They can be (are) directly related to the concept of big data,
which includes collecting data automatically, together with the application of DM tech-
niques that are associated with the evaluation of services provided by a tourism company,
which will help to increase a company’s knowledge. They will also help companies to look
for the emergence of ideas to innovate in their interaction with the customer, allowing them
to improve or develop the services provided to the customer and reach new markets [3].

One of the sectors that is directly associated with tourism is the transport (of tourists)
and, in particular, transfer companies that transport tourists and managers. The relationship
between these customers’ satisfaction and revenues in this sector has recently received
worldwide attention. Many tourism transport companies aim to identify ways to increase
the number of customers and consequently the associated revenue [4,5].

This paper seeks to understand one of the topics that has not been addressed in
the literature (see Section 2.3—discussion); it aims to analyse the tourist (consumers)
satisfaction associated with a tourism transport organisation, namely transfer transportation
(of tourist). With this purpose in mind, it used consumer feedback (to investigate the
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customer’s experience, and consequently, tourist satisfaction) from a tourism transport
(transfer) company, which operates mainly in the south of Portugal in the tourist region of
the Algarve, which has an area of ~5000 km2, a resident population of ~460.000 habitats,
and receives an average of 7 million foreigners each year. In total, including national
visitors, around 10 million people visit the Algarve annually. The main contribution of this
paper is a decision-support system (DSS) for the analysis of consumer satisfaction, which
identifies the factors that contribute to a (very) positive evaluation of the tourist experience
associated with the transport service, where variables are considered that allow identifying
what influenced the assigned score, including parameters that are defined by the company
and do not depend on the lived moment, such as the driver selected to carry out the activity.
The DSS will provide, for instance, knowledge for the transport company to deliver quality
services to their travellers. Other contributions include determining the factors that have
the most significant impact on the company and the region’s image because transport
companies are often the customer’s first and last point of contact with the region.

The decision-support system is divided into three main modules: (a) the knowledge
database that contains the information collected in real-time acquired from different sources,
such as the customers (tourists), vehicles, and motorists; (b) the software system that
includes a model management system, which creates simulations and predictions associated
with the business to understand how the transport service can be improved; and (c) a user
interface, also known as a dashboard (explanation is out of the focus of the present paper),
and report management to evaluate the effectiveness of services for the managers. The
three modules of the DSS are no different from the others; however, the whole functionality
and the application are both different; they provide knowledge for the transport company
to deliver quality services to their travellers as a way to increase tourism satisfaction.

This paper is structured into four sections. Following this introduction, Section 2
addresses the concepts and the state-of-the art associated with Business Intelligence and
data mining techniques and their applications and contribution to the travel industry.
The methodology to develop the decision-support system is established in Section 3. In
Section 4, the results are analysed and discussed. In Section 5, the conclusions and some
recommendations for future work are presented.

2. Literature Review

The Internet is an excellent means of communication among individuals. It can also be
an adequate tool for the tourism marketer who wishes to market travel products [6]: (i) the
Internet allows one-to-one marketing; (ii) permits two-way interaction between marketeer
and consumer; (iii) is accessible in any place, 24 h a day and 365 days in a year; (iv) it is
possible to change tourism products components at the last minute; (v) it provides several
real testimonies that help in tourist decision making; and (vi) it reduces costs in marketing
campaigns and in handling reservations [7].

Many tourists rely on innovative electronic tourism applications to find information
about the destination they intend to visit and support their decision-making process [8].
Furthermore, the tourism industry increasingly has access to user-generated content (UGC),
which allows them to analyse their consumers’ behaviour while enabling them to predict
the consumer’s travel decisions [9]. UGC on Internet platforms can be analysed using tools
with analytical capabilities, such as ML techniques [10–12].

This will allow the definition of growth strategies, increase competitiveness, calculate
the attractiveness of the destination, help their survival in times of crisis and improve the
sustainable management of tourist destinations, and increase customer satisfaction [1].
According to behaviour and tourist preferences, to increase satisfaction it is necessary to
apply a combination of multimodal technologies that allow offers to be disseminated to the
target client, whose characteristics have been identified through ML techniques [10,13].
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2.1. Customer Experience

Customer satisfaction in the travel industry has been investigated by several re-
searchers. For example, Gorter, Nijkampand, and Vork [14] concluded that longer travel
times result in lower levels of satisfaction. In accord with the work of Bassi and Guido [15]
(pp. 83), customer satisfaction “depends not on products performance, but also on many
other aspects involved in the consumption experience, important in all stages preceding
and the following purchase”. Guiver et al. [16] determined that high satisfaction levels are
related to service dimensions, such as comfort and cleanliness. Other factors influencing
satisfaction include word-of-mouth communication, purchase intention, and complain-
ing behaviour [17].

For a service business in a very competitive atmosphere, the management of customer
experience is very important [18,19]. Customer experience consolidates service quality,
which is parallel to the goal of clarifying the static estimation of service quality [20].

Good experience mixes feelings and sentiments [21] and has a positive influence on
the customer’s satisfaction, loyalty, and word-of-mouth advertising or recommendation.
For these authors, the customer’s experience is the main driver of consumer behaviour
and is a relevant dimension to include in the strategic objective for service companies [21].
In addition, Gitto and Mancuso [22] used sentiment analysis to evaluate the feedback
associated with an airport’s performance in terms of the quality of the service.

Mogaji and Erkan [23] found that customer experience is rapidly changing the train
transportation service context, motivated by the electronic word-of-mouth expressed in
social media, where the customer communicates their opinions, which has been analysed
by sentiment analysis applied to the travel component of the tourism product. Park [24] and
Park et al. [25] refer to customer satisfaction as a key determinant of success in the tourism
industry. The affective dimension associated with the customer experience can be analysed
by applying sentiment-analysis approaches to the opinions and customer feedback and can
be used to gain recommendations or to improve services [26]. A good decision-support
environment that is based on the most recent AI techniques and which can extract the
customer experience can contribute to the analysis of customer satisfaction [1,27]. This
allows an investigation of the strengths and gaps identified in the opinions of customers. It
can also help to define strategies to take advantage of the opportunities that arise and to be
able to overcome the threats that may arise to the tourism organisation [28].

2.2. Business Intelligence and Data Mining in the Travel Industry

BI in the tourism industry is a set of tools, technologies, and operations which enable
a company to collect and then present valuable data and insightful information about
a tourism organisation in dashboards or reports [13]. In the BI decision environment,
online analytical processing (OLAP) enables a complex analysis of historical data, such as
the number of tourists who booked transport services on their last holiday. Meanwhile,
DM and ML methods allow the generation of hypotheses about the future, such as finding
the factors that most influence customer satisfaction associated with a service [29]. For
simplicity, for the remainder of the paper, ML techniques are most of the time included
inside DM.

In terms of the tourism and BI applications, the OLAP analysis and DM techniques can
contribute to developing new strategic business models in several tourism activities. Exam-
ples exist (but are not limited to) in accommodation (hospitality reputation, competitive
set, etc.) [10,29]; OLAP applications include average price per district and stars, number
of hotels by district and stars average price, and DM methods including the prediction
of the expected sale of rooms in the next holidays, and human resource management
considering forecasts. In Marketing, OLAP applications include customer analysis and
product analysis, and DM methods include the classification of tourists in segments to
discover the characteristics that allow grouping them (segments) [30,31].

The application of methods associated with BI and DM will increase the decision-
making capacities of the organisational managers of tourists companies because the infor-
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mation considered (i) is relevant to the company’s business, (ii) allows the real reasons for
choosing the destination services and products to be identified, (iii) allows the booking
trends to be discovered, (iv) allows a perception of the expectations associated with services
and products, (v) provides added value by customer segment, and (vi) assesses the quality
of the experience associated with the service [10,32].

The application of AI techniques in the travel industry, and in tourism transportation,
has been considered over the last two decades in several studies, e.g., [33]. One of the
problems investigated was which factors contribute to the increase of productivity and prof-
itability in the activity, such as airline revenue and yield management [34], the prediction of
cancellation of flights [35], no-show behaviour [36], tourism feedback and satisfaction about
transportation [26,37], predicted tourism demand [38], on-time performance analysis [39],
visualization of tourism arrivals depending on dimension (travel type, origin, time, or
season) [40], tourist’s feedback and generated content [40], tourism performance indicators
(arrival, tourists, or overnight stays) [20], tourist sentiment mining [41,42], customer experi-
ence and sentiment analysis [22,23,43], tourist arrival prediction [44], and the passenger
demand as a result of the pandemic crisis [45].

In the tourism travel sector, it is relevant to define the future through AI techniques,
considering adequate tools to produce smart decisions and consequently contribute to the
building of smart destinations. As Amadeus [46] describes, BI and DM techniques have
“become the strategy of choice for organisations of any size looking to secure competitive
differentiation and seek out new revenue opportunities”, as they could create new business
opportunities and product and service innovations.

2.3. Discussion

In summary, for the tourism industry, the Internet allows product differentiation,
increases customer loyalty, and reduces production costs, especially considering imple-
menting marketing strategies with a one-to-one focus. Two main focuses can be addressed
to achieve product differentiation in this very competitive industry: (a) customer experience
and satisfaction and (b) the use of the most recent artificial intelligence (AI) techniques [33].
This is a big umbrella that includes the use of BI, DM, and ML techniques.

Measuring customer satisfaction helps us to understand how much of the customer’s
expectations have been fulfilled, and what aspects create positive or negative emotions
associated with the travel customer experience and helps to analyse the “health” of the
tourism industry for strategic planning purposes [47,48]. Furthermore, the role of emotions
is a crucial aspect and an important variable in the customer experience [49], in all areas
in general and specifically in the tourism product component related to the transport and
travel industry.

This study focuses on one of the topics that has not been addressed in the literature
and is fundamental for a segment of the travel industry. It aims to analyse the tourism
satisfaction associated with a tourism transport organisation, namely transfer transportation
(of tourists), in two strands: (a) identify the dimension that can contribute to tourist
satisfaction and (b) study the sentiment analysis associated with the tourism experience in
a way that will consider the results to improve the quality of service and achieve insights
about the transport business.

In this context, the following research question was posed: How can we provide better
quality services to (transfer) travel consumers in a way to improve consumer satisfaction?

3. Methodology

This study aims to analyse the tourism experience associated with the tourism trans-
port manager, identify the dimensions that can contribute to tourist satisfaction, and explore
the sentiment analysis associated with the tourism experience. With this purpose in mind,
a decision-support system to analyse consumer satisfaction (DSS2ACS) was developed,
combining BI and business analytics benefits.
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The research methodology has three main steps, as follows: (i) data gathering, trans-
formation, and database storage; this step includes tasks to collect, transform, and store
data in a data warehouse, which is structured to support the decision-making process and
enable the intended analyses [50–53]; (ii) building the decision-support system, subdivided
into two main tasks: (ii.1) the variables/dimensions to be considered in the study and the
data analysis with [52], (ii.2) OLAP, and (ii.3) DM techniques [51,52]; and (iii) analysis and
discussion of the results [50,51,53].

3.1. Data Gathering, Transformation, and Database Storage

This initial step is associated with the process of obtaining the data in a big data
environment, where the “5 Vs” define this environment [50], as follows: data volume, the
velocity of data collection, data variety, data veracity, and data value. The data gathering
was subdivided into three phases, as follows:

(i) Data collection: The data was collected from the company’s (YellowFish Transfers,
https://www.yellowfishtransfers.com/, accessed on 23 November 2022) information
system, which is characterised by 90,691 anonymized rows, corresponding to the op-
erational data from 2012 to 2017. Each row is made up of all the available information
(items/attributes) about a traveller or group associated with that traveller.

(ii) Data Transformation: To answer the research question, filters were applied to the
dataset to only consider: (a) arrivals to the Faro Airport (in Algarve, Portugal) and
(b) rows with customer feedback comments. This resulted in 29,339 rows available.

(iii) Upload to the Data Warehouse: From the available attributes, only the variables
relevant to the present study were considered, which are detailed with the respective
description and units in Tables 1 and 2, and in Section 3.2.1.

Table 1. Numeric variables considered in the study.

Variable Description Unit

FeedbackCourteousArrival Customer’s opinion about the courtesy felt upon arrival 5-point scale (1–5)

FeedbackDrivingArrival Customer’s opinion about the driver’s driving style on arrival 5-point scale (1–5)

FeedbackExperience Customer’s experience evaluation 5-point scale (1–5)

FeedbackPunctualArrival Customer’s opinion about the punctuality in arrival 5-point scale (1–5)

FeedbackWebsite Customer’s opinion about the functioning of the website
when purchasing the service 5-point scale (1–5)

FeedbackWelcome Customer’s opinion about the driver’s welcome 5-point scale (1–5)

Km Number of travelled kilometres Numerical

Npax Number of passengers Integer (1–8)

Table 2. Text variables considered in the study.

Variable Description Unit

Country The customer’s country of origin Text

FeedbackComments
Comments made by customers that

express an opinion about the
experience associated with the service

Text

It is important to stress at this point that the data collection mentioned in (i) was
extracted automatically from three different sources: inquiry (text) presented to the tourists
and processed by OCR (optical character recognition), the kilometres information directly
extracted from the car, and the number of passengers, inserted manually in a graphical
user interface (GUI) by the transfer company.

https://www.yellowfishtransfers.com/
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3.2. Decision-support System to Analyse Consumer Satisfaction

While OLAP analysis can be used to create cubes and characterise the sample by
showing the results through management reports or in a dashboard format, DM techniques
can help to find any relationships, patterns, or models that are implicit in the data [51].
In terms of DM techniques, two types of data can be considered, namely: numerical and
text data.

Having the above in mind, the DSS2ACS was divided into three main modules:
(a) the definition of the variables considered in the study, creating the data warehouse, to
support the decision-making process; (b) the OLAP techniques; and (c) the DM techniques.
The latter is subdivided into (c.1) DM techniques that explore the numeric values (namely,
Linear Multivariable Regression and Decision Trees) and (c.2) text mining techniques to
evaluate the consumer’s satisfaction (namely, a cloud of words and sentiment-analysis
methods [54]).

3.2.1. Variables Considered in the Study

The OLAP module analysis intends to predict the customer experience measured by
the FeedbackExperience variable. Therefore, it was set as the target variable (i.e., dependent
variable) to FeedbackExperience to measure the customer’s experience with the travel service,
in such a way as to have a perception of customer satisfaction. In addition to the dependent
variable, the independent variables that can contribute to measuring the customer expe-
rience are presented in Table 1. This table also presents the variables used for DM when
using numeric values.

The DM evaluates the sentiment associated with the service, which corresponds to the
customer experience measured by FeedbackComments. The variables that have text content
are presented in Table 2.

The combination of OLAP and DM techniques enhances the creation of a decision-
support environment that helps to obtain insights into the decision’s business. While OLAP
techniques allow a complex, dynamic analysis in terms of the data levels, DM allows the
generation of hypotheses about the data [55]. With this combination, a decision-support
system emerges that combines the benefits of BI and business analytics and enhances the
achievement of insights about the business.

3.2.2. OLAP Techniques

Based on the number of services considered (29,339; see Section 3.1), a filter was
applied to withhold the countries with less than five accumulated services, which resulted
in a total of 29,308 rows, grouped in Table 3. The same table also presents the average
number of people transported and the average number of kilometres per service. The
remaining countries, whose number of services is less than five, represent 186 services
which correspond to 0.63% of the total number of services considered in this study. All
OLAP techniques were implemented using the Power BI Microsoft Software [56].

This study has the following characterisation (see also Table 3):

(i) Number of countries of origin: 23, with the United Kingdom standing out with the
highest number of services (21,066), followed by Ireland (7168) and Portugal (308).
The countries with the lowest number of services, equivalent to the minimum consid-
ered (5), are the Czech Republic, Estonia, and Italy.

(ii) Average number of passengers transported per trip: Estonia is the country with the
highest value (4.2 passengers), followed by Ireland (3.37) and Poland (3.22). The
countries with the lowest average number are Portugal (2.20), followed by North
America (USA and Canada) (2.35), and Spain and Austria (2.44).

(iii) Average number of kilometres travelled per service: Switzerland is the country with
the highest value (70.48 km), followed by Sweden (63.81 km) and Australia (61.22 km),
and very close is Germany (61.21 km). The countries with the lowest average km
travelled per service is Italy (33.00 km), followed by Luxembourg (36.32 km), Romania
(43.00 km), and very close is Estonia (43.80 km).
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(iv) Regarding the average attributed to experience (evaluated by the FeedbackExperience
variable), the three countries that appear with the highest value (5.0 out of 5.0) are
Estonia, Italy, and Romania, whose number of services is five for the first two countries
and six for the third, meaning that all customers in these countries rated the experience
with five values (standard deviation of 0.0). For the countries with the lowest value,
Sweden has the lowest value (4.6), followed by France (4.72), and Luxembourg is tied
with the Netherlands (4.74).

(v) Concerning the difference in opinions within the same country (measured by the
standard deviation of the sample applied to the FeedbackExperience variable), Austria
has a higher variability value (0.63), followed by France (0.57) and Portugal (0.56).

Table 3. Service characterisation by country and by customer experience evaluation.

Country Number of
Services

Average Number
of Passengers

Average of km
Travelled

FeedbackExperience
Score Average

StdDev of
FeedbackExperience Score

Czech Republic 5 3.20 46.6 4.8 0.4

Estonia 5 4.20 43.8 5.00 0.00

Italy 5 3.20 33.00 5.00 0.00

Lithuania 6 2.83 52.00 4.83 0.37

Romania 6 2.67 43.00 5.00 0.00

Austria 9 2.44 58.67 4.78 0.63

Poland 9 3.22 44.44 4.89 0.31

Spain 9 2.44 46.22 4.89 0.31

Denmark 13 2.77 46.15 4.77 0.42

Finland 17 3.12 53.41 4.88 0.32

Luxembourg 19 2.68 36.32 4.74 0.55

Australia 23 2.70 61.22 4.96 0.2

Switzerland 29 2.83 70.48 4.9 0.3

Sweden 36 2.81 63.81 4.69 0.52

Norway 37 2.84 55.05 4.92 0.27

Belgium 51 3.08 48.55 4.84 0.36

France 65 2.57 59.54 4.72 0.57

Germany 90 3.10 61.21 4.84 0.51

North America
(USA and Canada) 153 2.35 56.92 4.88 0.45

The Netherlands 179 2.99 50.31 4.74 0.53

Portugal 308 2.2 60.04 4.79 0.56

Ireland 7,168 3.37 47.77 4.87 0.48

United Kingdom 21.066 3.21 48.08 4.89 0.44

Total 29.308 3.23 48.31 4.88 0.45

In global terms, this study focuses on 29,308 services associated with tourist transport,
where the average number of passengers was 3.23 tourists, an average value of 48.31 km
travelled, and the average of the feedback associated with the experience was 4.88 (with a
standard deviation of opinions of 0.45 points). This represents a very good evaluation of
the customer experience, which reveals the quality of the service provided by the company.

Shortening the number of countries for the next steps, in the top 10 in the number
of services (29,153 of 29,339) were the United Kingdom (71.80%), Ireland (24.43%), Portu-
gal (1.05%), the Netherlands (0.61%), North America (0.52%), Germany (0.31%), France
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(0.22%), Belgium (0.17%), Norway (0.13%), and Sweden (0.12%). These 10 countries will be
considered in the exploratory data phase to determine if there is any visible relationship
between customer experience evaluation and the average distance travelled or the average
number of passengers for each country (Table 4).

Table 4. Characterisation of the top ten countries in the number of services.

Country FeedbackExperience
Score Average

Number of
Services

The Average
Number of
Passengers

Average of
km Travelled

StdDev of Feedback-
Experience Score

%Total
Customers

Belgium 4.84 51 3.08 48.55 0.36 0.05%

France 4.72 65 2.57 59.54 0.57 0.06%

Germany 4.84 90 3.10 61.21 0.51 0.12%

Ireland 4.87 7.168 3.37 47.77 0.48 70.63%

The Netherlands 4.74 179 2.99 50.31 0.53 0.15%

North America
(USA and Canada) 4.88 153 2.35 56.92 0.45 0.00%

Norway 4.92 37 2.84 55.05 0.27 0.05%

Portugal 4.79 308 2.2 60.04 0.56 3.02%

Sweden 4.69 36 2.81 63.81 0.52 0.05%

United Kingdom 4.89 21.066 3.21 48.08 0.44 25.87%

Total 4.89 29.153 3.23 48.29 0.45 100.00%

Figure 1 illustrates a comparison between the average of FeedbackExperience with
the average kilometres travelled, number of services, and average number of passengers
transported. According to the exploratory analysis carried out in this figure, no relationship
is detected in the behaviour between the average of the FeedbackExperience associated with
the experience and the average of kilometres travelled, neither with the average number of
passengers transported nor with the number of services per country.

Figure 2 compares the average of FeedbackExperience with the average of Feedback-
PunctualArrival, FeedbackWelcome, FeedbackCurteousArrival, and FeedbackDrivingArrival. To
complement the exploratory analysis, in this figure, there is no variable with identi-
cal behaviour to the FeedbackExperience (i.e., a variable that helps to explain the Feed-
backExperience values). However, it appears that certain countries may have similar be-
haviours, which will be analysed by the correlation between the variables using Pearson’s
correlation coefficient.

Pearson’s correlation coefficient measures the degree of linear correlation between
two quantitative variables. Table 5 presents the correlations between the dependent and
the independent variables considered in this study. According to the results, the Feed-
backExperience seems not to be correlated with the distance (Km variable) and the number
of travellers (Npax variable). However, FeedbackExperience seems to be correlated with
the way the welcome is given (FeedbackWelcome), possibly a “good welcome” can influ-
ence a “good experience”. It is important to stress at this point that the data does not
present multicollinearity.
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Table 5. Pearson’s correlation values between the FeedbackWelcome, FeedbackDrivingArrival,
FeedbackCourteousArrival, FeedbackPunctualArrival, FeedbackWebsite, Npax, Km variables, and
FeedbackExperience.

Variables Correlation Value
(to the FeedbackExperience)

FeedbackWelcome +0.534

FeedbackDrivingArrival +0.475

FeedbackCourteousArrival +0.424

FeedbackPunctualArrival +0.381

FeedbackWebsite +0.294

Npax +0.002

Km −0.024

3.2.3. Data-Mining Techniques

Consumer satisfaction will be evaluated over two aspects using: (a) linear multivari-
able regression and decision tree methods with the FeedbackExperience dependent variable,
and (b) cloud of words and sentiment-analysis methods to evaluate the FeedbackComments
variable. It is important to stress that the data mining (and machine learning) studies were
elaborated using the Orange DM software [57] (Orange, 2021).

Linear multivariate regression models use multiple (independent) variables to pre-
dict the outcome of a response variable. In our case, it is intended to find the optimum
approximation, in the mean squared error (MSE) sense, in the form of Equation (1):

FeedbackExperience = β0+ β1 FeedbackWelcome + β2 FeedbackDrivingArrival + β3 FeedbackCurteousArrival + β4
FeedbackWebsite + β5 FeedbackPunctualArrival + β6 Km + β7 Npax +ε

(1)

Equation (1) allows us to identify the relationship between the independent variables
and the dependent variable. After the estimation, the estimated model was obtained, which
is expressed in Equation (2):

FeedbackExperience = 0.928 + 0.332 FeedbackWelcome + 0.195 FeedbackDrivingArrival + 0.108 FeedbackCurte
ousArrival + 0.092 FeedbackWebsite + 0.089 FeedbackPunctualArrival +ε

(2)

Similarly, decision tree analysis allows a model to be created in the form of a tree that
predicts the value of a dependent variable. The model is created by breaking down the
dataset into smaller and smaller subsets, while the associated decision tree is developed at
the same time. Figure 3 shows the decision tree results, where the tree presented shows a
depth of level three, which presents a binary tree, which places at least two instances in
each leaf.
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To numerically measure the quality of the approximation, the coefficient of determin
ation—R Square (R2)—allows us to assess the goodness of fit by measuring the proportion
of variance explained by the model. Other measures to estimate the quality of the model are
the MSE, the root mean square error (RMSE), and the mean absolute error (MAE) (Pardoe,
2020). The results for these metrics are presented in Table 6.

Table 6. Model test and results.

Model MSE RMSE MAE R2

Linear
Regression 0.120 0.347 0.122 0.403

Decision Tree 0.084 0.290 0.095 0.582

It can be concluded that the model obtained through the decision trees is the most
adjusted because it explains 58.20% (Table 6) of the variance and presents lower error
values, considering the three types of errors. Based also on the results presented in Table 6
and assessing the impact of the decision tree methods, it can be concluded that how
tourists are welcomed affects the value they place on the experience and, consequently,
their satisfaction.

Text mining techniques are the next step to evaluate the consumer’s satisfaction with
the DSS2ACS. The reason for this is that the linear regressions are sometimes too simple
to capture complex relationships between the variables, and decision trees are sometimes
not powerful enough to predict complex data. Consequently, it is necessary to conjugate
those methods with other methods, such as text mining, which is applied to the travellers’
reviews associated with the same services.

As already mentioned, two methods were used:

(a) Cloud of words, shown in Figure 4, considers the FeedbackComments to study customer
satisfaction with tourism transport services. The text mining analysis was performed
on 29,339 comments. Given that the size of the words represents the frequency of the
words in the services’ commentaries, it is possible to see that some of the words with
higher frequency were: “service”, “excellent”, “recommend”, “friendly”, and “great”,
among others.

(b) Sentiment Analysis evaluates the sentiment associated with service comments. The
VADER algorithm was used for this analysis [58], which produces a result
between −1 (most negative sentiment) and +1 (most positive sentiment). Conse-
quently, the results present a “sentiment value” for each comment, which is within the
range of values described, where the most positive comment had a sentiment value
(compound) of 0.9981, which has an associated value of 5.0 in the FeedbackExperience
variable and which corresponds to the text shown in Figure 5. The most negative
sentiment was the value of −0.9867, which is associated with a FeedbackExperience
of 3.0, whose comment is also represented in Figure 5.
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Figure 5. The most positive and negative sentiments associated with a service.

4. Analysis, Discussion, and Implications of the Results

OLAP techniques can help to find new and interesting facts from data stored in data
warehouses, especially when the data analyst already knows or suspects the behaviour
of the phenomenon that they want to analyse, allowing them to make assumptions. In
the case of DM, the data analyst needs to learn what can influence the phenomenon that
is to be observed. So, while using DM algorithms, the data analyst tries to find which
factors influence behaviours the most because no assumptions are made. They also intend
to discover relationships and patterns hidden in the data that are not obvious [55].

For instance, the results of sentiment analysis algorithms are usually expressed
from −1 to +1. This makes it possible to compare the values of consumers’ opinions
expressed in the various variables related to feedback (scored between 1 and 5). To make
the comparison, sentiment normalisation was performed on a scale between 1 and 5. Con-
sidering only the countries with at least ten services, Figure 6 relates the sentiment obtained
from the tourists’ comments with the feedback attributed to the experience and the number
of services requested by consumers in each country.

By analysing Figure 6, we can conclude that the sentiment is not related to the feedback
attributed to the experience. In addition, the number of services available to the United
Kingdom and Ireland justifies a study focused only on these two outbound markets. This
raises the suggestion of analysing the other outbound markets while excluding these
two countries.

This analysis was carried out by considering only feedback from services related to
countries of origin whose number of services is at least 10. Australia is the country that
most values the experience and has the highest positive sentiment. At the same time, France
expresses sentiment with the lowest score, followed by the Netherlands.

Considering destinations with at least fifty services, the analysis presented in
Figure 7 compares the average assessment of the sentiment analysis and the feedback
of the experience grouped by country. In the same figure, it is possible to see that the
number of passengers is not correlated with experience or sentiment. There is no difference
from destination to destination because values are close.
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The distance covered can also be an analysis factor for a tourist transport company.
Therefore, Figure 8 compares the average sentiment with the average associated with
the feedback of the experience with the kilometres travelled, without ignoring the num-
ber of services performed for each distance. Only the services performed in the Algarve
(up to 100 km away) were considered. It can be concluded that distance does not affect
the appreciation of experience or feeling, nor is it related to the number of services per-
formed. In this analysis, it is also possible to conclude that there are distances covered
where the associated sentiment has lower values, such as happens at kilometres 32, 43,
and 58. Therefore, the tourist transport company should investigate the reasons that lead
to these feelings.
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A deeper analysis of the comments is necessary to find the factors that can influence
customer satisfaction through the scores assigned to different aspects (e.g., considering the
different aspects of the business). In the context of transport, the comments can attest to
other factors that lead to satisfaction, such as the type or brand of vehicles used, the service
provided by the drivers, and the cultural characteristics of each country, which may be
reflected in the personalities of its citizens, mainly in terms of requirements.

Another factor that may be of interest is the various outbound markets, where the
United Kingdom and Ireland, as representatives of international tourism, can be compared
with domestic tourism (Portuguese customers), which is the country that occupies the
third place in terms of services. Whether for tourism, which can help to discover unknown
aspects associated with the business or in scientific terms, these analyses have implications
that can lead to the emergence of new algorithms and methods applied to tourism manage-
ment, which was one of the sectors that were most harmed by the pandemic caused by the
SARSCOV-19 virus.

For transfer companies, related to the transport of tourists and concerning demand,
they should consider that although the distance does not affect the evaluation attributed to
the experiences and the feeling associated with it, there are places where the feeling presents
very low values; therefore, what happens in the services to certain locations, the nationality
of the passengers, flight times, or other variables that affect the emotions associated with
these destinations should be considered and analysed, which should be considered specific
strategies and promotions for travellers (consumers) from the UK and Ireland. It is also
important to analyse the supply side, and from this perspective it is important to sensitize
entrepreneurs to qualify their human resources, because the first impression is one of the
factors that are most correlated with the evaluation attributed to the experience associated
with the trip. In this context, it matters how travellers are received, from verbal language,
through body language and even the driver’s clothing, in other words, all the factors that
allow for creating the first impression.

Finally, considering the research question (i.e., How to provide better quality services
to (transfer) travel consumers in a way to improve consumers’ satisfaction.), BI tools should
be combined with analytical methods, such as DM algorithms, to analyse the feedback
produced by customers (either on the numerical form of scores or in the form of textual
testimonies). These methods allow us to ascertain the different dimensions associated with
the development of tourist activity, whatever its nature. To do so, data analysts should
choose a variable that helps to measure or perceive the evaluation of the quality of service
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by the customer, to be considered a proxy to ascertain the level of customer satisfaction.
The component of the analysis of feelings applied to the data is increasingly relevant
because it allows us to deepen the analysis of the data, enabling the segmentation of
different assessments.

5. Conclusions

Technological innovations, including big data and advances in machine learning, are
revolutionising business opportunities [59], mainly for those who wish to establish effective
communication with their target customers [36,60]. Data analytics, enabled by big data and
information systems, can contribute to extracting relevant data and discovering business
insights. Conjugated with an accurate assessment of marketing performance, this should
be a priority in tourism activity and can help businesses to assist the right customer, at the
right place, and at the right time!

BI and business analytics tools can contribute to leveraging the discovery of knowl-
edge about how tourism companies can improve their business, at a time when profit
margins are small and the sector is experiencing an economic crisis following the recent
pandemic. In concrete terms, this investigation was applied to a tourist transport (transfer)
company and concluded that this decision-support system allows us to assess the customer
experience, detecting what contributes most to its enhancement. It was discovered that the
first impression associated with good news is what creates the most value in the experience;
that is, the first impression made by the company is very important. In addition, each
service aspect produces a feeling in the customer that is not always identical to the value
attributed to the experience. Therefore, there is a need for more focused investigations on
segments, countries, or destinations to find what conditions the tourists feel.

This study also concluded (for the Algarve region) that the distance, the number of
kilometres travelled, or the number of passengers transported does not affect the value
attributed to the experience or the feeling associated with customer satisfaction. In ad-
dition, the proposed decision system will allow the development of knowledge transfer
paths relevant to academia and industry, including the development of digital twins [61].
These paths allow us to conclude that tourist satisfaction depends on several factors, as
already mentioned. Here, the first image attributed to a service should be investigated,
from the dimension associated with the human resource that provides the service to the
characteristics and appearance of the equipment considered in the service, in this case,
the vehicle, as well as the verbal, behavioural, and environmental communication skills,
which influence the tourist’s cognitive, affective, and total component, contributing to the
enhancement of the experience.

In resume, organizations associated with tourist transport should value and capacitate
human resources, through the frequency of training actions associated with public relations
and body verbal communication skills, including notions of protocol, to improve the first
impression associated with their services, as well as consider an information system of this
nature to monitor the aspects that can be improved in terms of the services they provide.

It is important to stress that, in this study, the DSS2ACS used data from a transport-
transfer company in the south of Portugal in the touristic region of the Algarve. However,
the DSS2ACS can be used to extract relevant information for any company when using
data with similar variables from any region of the world. Finally, it is important to reinforce
the importance of multimodal technologies and using different types of sensors and GUIs.
At the time of gathering the data for this study, optical character recognition was used to
convert the inquiry presented to the tourist to the database, in addition to information
gathered directly from the vehicle and GUI by the transfer company to insert complemen-
tary information. At present, the information from the tourist is being/can be acquired
using a tablet and a chatbot, and the information extracted directly from the vehicle and
the information inserted by the transfer company by a GUI is still “valid”, but all the
above sources can/are being complemented by other sources (sensors), such as cameras,
which can increase the inputs for a final decision (nevertheless, the use of cameras can
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present some limitations due to the General Data Protection Regulation). The same happens
to the outputs of the DSS; initially (in this study), a dashboard and a report, at present
is/can be complemented, for instance, with direct information to the driver by his/her
smartwatch, allowing him/her to change behaviours, conversations, etc. The contributions
of this work, which will lead to future research, are as follows: develop the concept of the
image associated with the tourist service and to identify the dimensions that the tourist
assesses it with; identify the elements that characterize each of these dimensions, such as in
terms of human resources, and evaluate body image, language, clothing, friendliness, and
knowledge of the region; develop a scale to assess the service image and then integrate it
with sentiment analysis to develop an indicator of the service image provided, which will
allow each organization to combine it with performance evaluations of its employees.

Our future work will also focus on the analysis of the two markets with the highest
number of services performed: the United Kingdom and Ireland. They will then be com-
pared with Portugal to carry out an analysis of international tourism and domestic tourism.
We also aim to find if other dimensions of the service affect the experience, especially the
characteristics of the human resources that provide the service (e.g., their qualifications).

In a DSS2ACS2.0 version, new methods will be integrated into the decision frame-
work; for example, a deeper analysis of traveller comments, which can return even more
information for the company or companies that use this decision-support system.

Author Contributions: Conceptualization, C.M.Q.R., P.J.S.C., H.C.L.F. and J.M.F.R.; methodology,
C.M.Q.R. and P.J.S.C.; validation, C.M.Q.R., P.J.S.C. and J.M.F.R.; resources, H.C.L.F.; writing—original
draft preparation, C.M.Q.R. and H.C.L.F.; writing—review and editing, P.J.S.C. and J.M.F.R. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was funded by Foundation for Science and Technology (FCT) through
CinTurs—FCT Project UIDB/04020/2020 and LARSyS—FCT Project UIDB/50009/2020.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to Yellowfish Transfers privacy policies
restrictions.

Acknowledgments: The authors would like to thank Yellowfish Transfers (https://www.yellowfisht
ransfers.com/, accessed on 23 November 2022) and the investigation centres CinTurs and LARSyS.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Xu, X.; Wang, X.; Li, Y.; Haghighi, M. Business intelligence in online customer textual reviews: Understanding consumer

perceptions and influential factors. Int. J. Inf. Manag. 2017, 37, 673–683. [CrossRef]
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